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Abstract
Objective  Diffuse large B-cell lymphoma (DLBCL) is the most common subtype of non-Hodgkin lymphoma, with significant 
clinical heterogeneity. Recent studies suggest that the intratumoral microbiome may influence the tumor microenvironment, 
affecting patient prognosis and therapeutic responses. This study aims to identify microbiome-related subtypes in DLBCL 
and assess their impact on prognosis, immune infiltration, and therapeutic sensitivity.
Methods  Transcriptomic and microbiome data from 48 DLBCL patients were obtained from public databases. Consensus 
clustering was used to classify patients into distinct microbiome-related subtypes. Functional enrichment analysis, immune 
infiltration assessments, and single-cell RNA sequencing were performed to explore the biological characteristics of these 
subtypes. Drug sensitivity predictions were made using the OncoPredict tool. Hub genes’ expression and biological function 
were validated and inferred in cell lines and independent cohorts of DLBCL.
Results  Two distinct microbiome-related subtypes were identified. Patients in Cluster 1 exhibited significantly better overall 
survival (P < 0.05), with higher immune infiltration of regulatory T cells and M0 macrophages compared to Cluster 2, which 
was associated with poorer outcomes. Functional enrichment analysis revealed that genes in Cluster 1 were involved in immune 
regulatory pathways, including cytokine–cytokine receptor interactions and chemokine signaling, suggesting enhanced anti-
tumor immune responses. In contrast, genes in Cluster 2 were enriched in immunosuppressive pathways, contributing to a 
less favorable prognosis. Single-cell RNA sequencing analysis revealed significant heterogeneity in immune cell populations 
within the tumor microenvironment. B cells exhibited the most notable heterogeneity, as indicated by stemness and differ-
entiation potential scoring. Intercellular communication analysis demonstrated that B cells played a key role in immune cell 
interactions, with significant differences observed in MIF signaling between B-cell subgroups. Pseudo-time analysis further 
revealed distinct differentiation trajectories of B cells, highlighting their potential heterogeneity across different immune 
environments. Metabolic pathway analysis showed significant differences in the average expression levels of metabolic path-
ways among B-cell subgroups, suggesting functional specialization. Furthermore, interaction analysis between core genes 
involved in B-cell differentiation and microbiome-driven differentially expressed genes identified nine common genes (GSTM5, 
LURAP1, LINC02802, MAB21L3, C2CD4D, MMEL1, TSPAN2, and CITED4), which were found to play critical roles in 
B-cell differentiation and were influenced by the intratumoral microbiome. DLBCL cell lines and clinical cohorts validated 
that MMEL1 and CITED4 with important biologically function in DLBCL cell survival and subtype classification.
Conclusions  This study demonstrates the prognostic significance of the intratumoral microbiome in DLBCL, identifying 
distinct microbiome-related subtypes that impact immune infiltration, metabolic activity, and therapeutic responses. The 
findings provide insights into the immune heterogeneity within the tumor microenvironment, focusing on B cells and their 
differentiation dynamics. These results lay the foundation for microbiome-based prognostic biomarkers and personalized 
treatment approaches, ultimately aiming to enhance patient outcomes in DLBCL.
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Introduction

Diffuse large B-cell lymphoma (DLBCL) is the most 
prevalent subtype of non-Hodgkin lymphoma, accounting 
for approximately 30% of cases worldwide [1]. Despite 
advances in therapeutic regimens such as R-CHOP (rituxi-
mab combined with cyclophosphamide, doxorubicin, vin-
cristine, and prednisone), a significant proportion of patients 
experience relapse or develop resistance to therapy, resulting 
in poor prognosis [2]. The clinical heterogeneity of DLBCL 
underscores the necessity for a deeper understanding of the 
biological mechanisms driving disease progression and 
therapeutic outcomes [3].

Recent research has increasingly highlighted the critical 
role of the tumor microenvironment (TME) in cancer pro-
gression and response to therapy [4]. Components of the 
TME, including immune cells, stromal cells, and signal-
ing molecules, can significantly influence tumor behavior 
[5]. Among these components, the intratumoral microbi-
ome has emerged as a potential modulator of the immune 
landscape in various cancers [6]. Studies in gastrointestinal 
malignancies such as colorectal and pancreatic cancers have 
demonstrated that specific microbiomes within tumors can 
affect immune responses, potentially promoting or inhib-
iting tumor growth [7, 8]. These findings suggest that the 
intratumoral microbiome may influence tumor progression, 
immune evasion, and sensitivity to therapy.

In contrast to solid tumors of the gastrointestinal tract, 
the role of the intratumoral microbiome in hematological 
malignancies like DLBCL remains unexplored mainly [9]. 
While some studies have investigated the gut microbiome’s 
impact on lymphoma development and treatment response, 
few have focused on the microbiome within the tumor 
microenvironment [10]. Emerging evidence suggests that 
microbial diversity within tumors may affect prognosis and 
therapeutic responses in DLBCL by influencing immune 
cell infiltration and function [11]. Understanding the inter-
actions between the intratumoral microbiome and immune 
cells, such as regulatory T cells and macrophages, could 
reveal novel mechanisms underlying disease heterogeneity 
and treatment resistance [12].

This study aims to fill this knowledge gap by systemati-
cally investigating the relationship between the intratumoral 
microbiome and prognosis in DLBCL patients. Utilizing 
advanced bioinformatics approaches—including consensus 
clustering of microbiome profiles, single-cell RNA sequenc-
ing data analysis, and immune infiltration assessments—we 
seek to identify distinct microbiome-associated subtypes of 
DLBCL and evaluate their prognostic significance, explor-
ing how variations in the intratumoral microbiome may 

modulate the TME by affecting immune cell composition 
and function, potentially influencing therapeutic responses. 
Furthermore, based on cell line expression analysis, knock-
out inference, and clinical cohort validation—we validated 
the expression of the identified hub genes and explored their 
impact on DLBCL classification. The overall study design 
and key findings are summarized in the graphical abstract 
(Fig. 1). The findings of this research have substantial clini-
cal implications. Identifying microbiome-related subtypes 
could enable personalized treatment strategies for DLBCL 
patients, where microbial profiles inform therapeutic deci-
sions. Patients with specific microbiome signatures might 
benefit from tailored chemotherapy regimens or novel 
interventions targeting the microbiome, such as probiotics 
or antibiotics, to modulate the TME and enhance treatment 
efficacy. Additionally, microbiome-associated biomarkers 
could contribute to early diagnosis and risk stratification, 
ultimately improving patient outcomes. In summary, this 
study provides novel insights into the complex interactions 
between the intratumoral microbiome and DLBCL, advanc-
ing our understanding of lymphoma biology and offering 
potential avenues for personalized therapy. By elucidat-
ing the role of the intratumoral microbiome in influencing 
immune responses and therapeutic sensitivity, we aim to 
contribute to developing more effective strategies for man-
aging DLBCL.

Materials and methods

Data sources and microbiomes identification

Transcriptional and clinical data for 48 DLBCL cases were 
obtained through The Cancer Genome Atlas (TCGA) at 
https://​portal.​gdc.​cancer.​gov/  [13]. DLBCL microbiome 
data were sourced from the cBioPortal platform at https://​
www.​cbiop​ortal.​org/ [14]. Microbiomes associated with 
DLBCL prognosis were identified using univariate Cox 
regression analysis and the Kaplan–Meier (KM) method 
[15].

Analysis of clustering based on microbiome 
abundance in DLBCL

We performed consensus clustering on DLBCL samples 
based on the relative abundance of microbiomes associ-
ated with prognosis using the ‘ConsensusClusterPlus’ R 
package [16]. The optimal number of clusters was deter-
mined by examining the cumulative distribution func-
tion (CDF) curve and its area under the curve. We used 

https://portal.gdc.cancer.gov/
https://www.cbioportal.org/
https://www.cbioportal.org/
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Fig. 1   Graphical Abstract. 
This study investigates the role 
of the tumor microbiome in 
diffuse large B-cell lymphoma 
(DLBCL) through three distinct 
parts. The first part analyzes 
microbiome-related data, using 
consensus clustering to clas-
sify DLBCL patients into two 
microbiome subtypes and assess 
their prognostic significance. 
The second part involves 
single-cell RNA sequencing 
data, revealing immune cell 
heterogeneity in the tumor 
microenvironment, particularly 
B cells’ differentiation trajec-
tories and immune functions. 
The third part utilizes external 
validation with the CCLE cell 
line data and the GSE32018 
GEO dataset, including DLBCL 
patient samples, lymph nodes, 
and reactive tonsil controls. 
These datasets confirm the 
differential expression and func-
tional dependency of key genes 
identified in the previous parts, 
providing additional support for 
the relevance of these findings 
in DLBCL pathology
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principal component analysis (PCA) and t-SNE to validate 
the accuracy of the clustering results. Subsequently, the 
KM method was employed further to compare the prog-
nostic characteristics of different clustering groups.

Analysis of differentially expressed genes 
between microbiome clusters

The clustering results categorized TCGA patients into dif-
ferent subtypes. To further analyze differences between 
microbial subtypes within tumors, we analyzed differen-
tial gene expression using the ‘limma’ package to iden-
tify genes associated with intratumoral microbiomes 
between different subtypes [17]. The selection criteria 
were |log2FC|> 1 and false discovery rate (FDR) < 0.05.

Analysis of functional enrichment on DEGs

We performed functional enrichment analysis on selected 
DEGs to identify gene ontology (GO) annotations using 
the org.Hs.eg.db R package [18]. Subsequently, gene sets 
were mapped to this background dataset and enriched 
using clusterProfiler [19] (version 4.11.0) to identify 
significant functional enrichments. Our analysis param-
eters included a minimum of 5 genes and a maximum of 
5000 per set, with significance levels set at P < 0.05 and 
FDR < 0.25. Additionally, we downloaded gene set files 
related to KEGG and Reactome pathways from the Molec-
ular Signatures Database (MSigDB) [20] and analyzed 
them for enrichment using the clusterProfiler R package.

Analysis of immune infiltration on microbiome 
clusters

Immune infiltration analysis on each microbiome cluster 
was conducted using the IOBR (Immune-Oncology Bio-
logical Research) R package [21] to assess the components 
of immune cells within the tumor microenvironment. The 
IOBR is a dedicated tool for tumor immunology research, 
providing a wide range of analytical and visualization fea-
tures. The CIBERSORT algorithm from the IOBR package 
was used in this analysis.

Prediction of drug sensitivity

After identifying differences in the intratumoral microbiome 
and single-cell characteristics, we used the OncoPredict tool 
to assess variations in drug sensitivity between patients with 
different microbiome subtypes [22]. OncoPredict is an R 

package developed to predict drug responses and biomarkers 
based on cell line data and cancer patient profiles.

Single‑cell sequencing analysis

Two datasets (5 DLBCL samples, 4 from the GSE182434 
and 1 from the GSE195525 dataset) were integrated for 
single-cell sequencing analysis (https://​www.​ncbi.​nlm.​nih.​
gov/​geo/​query/​acc.​cgi?​acc=​GSE19​5525) [23]. Low-quality 
cells with fewer than 300 genes or high mitochondrial gene 
expression were filtered out. We corrected batch effects 
between datasets using the Harmony package [24]. Single-
cell sequencing data were then analyzed using the Seurat 
package [25]. Gene expression was normalized to identify 
variable genes, and the top 3000 genes with the highest vari-
ability were selected. The data were analyzed using princi-
pal component analysis (PCA) and UMAP for clustering, 
with optimal resolution determined using the clustertreeR 
package [26]. Cell types were annotated using the SingleR 
package [27].

Predicting the differentiation status of immune cells 
in the DLBCL microenvironment

To further explore the impact of the identified DLBCL 
intratumoral microbes on the immune microenvironment, 
the stemness and differentiation potential of different cell 
types were accessed using the CytoTRACE V2 tool [28]. 
CytoTRACE V2 uses AI algorithms to predict cell differen-
tiation from single-cell RNA data, providing a score from 
0 (fully differentiated) to 1 (totipotent). Cells are classified 
into categories based on their differentiation potential. The 
results were visualized using UMAP clustering and differ-
entiation potential plots.

Intercellular communication and signaling strength 
analysis

To explore cell interactions in the DLBCL immune micro-
environment, we used the CellChat package to analyze sin-
gle-cell sequencing data. This tool helped identify key cell 
subpopulations and their communication pathways in the 
tumor immune environment [29]. We visualized intercellular 
communication patterns based on network analysis, using a 
two-dimensional map to highlight functional and structural 
similarities in signaling pathways.

Pseudo‑time analysis of key immune cell clusters

To further investigate the developmental trajectories, dif-
ferentiation status, and transcriptional regulatory features 
of critical immune cells, pseudo-time analyses of annotated 
different cell types were performed using the Monocle2 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE195525
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE195525
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package to construct trajectories of cell-to-cell changes 
and thus remodel the process of cellular changes over time 
[30]. The list of crucial cell marker genes obtained from the 
analysis in Seurat was used as a feature for cell differentia-
tion trajectory inference, and cells were sorted according to 
the proposed temporal order to determine the differentia-
tion STATE and subpopulation of different vital cells. The 
significance of each gene was returned in the temporal order 
direction to determine the gene expression profile of the crit-
ical signaling pathways with different states and clusters. 
In addition, the differentiation trajectories and time-series 
characteristics of critical cell subpopulation development 
were further inferred by analyzing the correlation between 
gene expression trends of crucial signaling pathways and 
immune cell status.

Metabolic pathway analysis of key immune cell 
clusters

Analyzing quantitative metabolic activities at single-cell 
resolution makes it possible to predict different expression 
patterns between cells and cell clusters, thus revealing heter-
ogeneity between cells/cell clusters and demonstrating com-
plex metabolic processes. Therefore, we further calculated 
the cellular metabolic intensities of key cell clusters using 
the scMetabolism R package [31]. scMetabolism R pack-
age was pre-populated with a set of human metabolic genes 
containing 85 KEGG pathways and 82 Reactome entries. We 
obtained activity scores for key immune cell subclusters in 
each metabolic pathway using the vision algorithm. Finally, 
we selected the 20 metabolic pathways with the highest vari-
ability, and the R program was used for heatmap presenta-
tion and analysis.

Identification of the hub genes in microbe‑driven 
B‑cell differentiation

B cells undertake different stages of development and dif-
ferentiation, and with their key role in DLBCL progres-
sion, it is critical to understand the genetic alterations that 
influence their differentiation and function. To explore how 
different microbiome-driven genetic alterations in DLBCL 
affect B-cell development, we focused on the interaction of 
genes involved in B-cell differentiation with microbiome-
driven differentially expressed genes. By focusing on these 
genes, we can investigate how microbiome-driven changes 
may affect B-cell maturation and lead to immune evasion or 
treatment resistance in DLBCL. We used interaction analysis 
and Venn plots to visualize genes common to both datasets 
and defined them as hub genes for microbe-driven B-cell 
differentiation.

Validation of hub genes expression and biological 
function in cell lines and independent cohort 
of DLBCL

This study utilized R and related packages to analyze hub 
genes based on the RNAseq gene expression data and meta-
data (e.g., disease subtype, sex, metastasis status, etc.) of 
20 DLBCL cell lines from the Cancer Cell Line Encyclo-
pedia (CCLE) database [32]. Additionally, independent 
cohort data from the GSE32018 dataset [33], which includes 
DLBCL patient samples, lymph nodes, and reactive tonsil 
controls, were used for independent cohort validation. RNA 
inference knockout and CRISPR-Cas9 data were obtained 
via the DepMap package [34]. Data processing involved 
filtering, cleaning, and wide-format transformation using 
the dplyr and tidyr packages, with missing values filled and 
standardized. The expression and inference of hub genes’ 
clustering features were visualized using a pheatmap and a 
complex heatmap to generate heatmaps. Boxplots were cre-
ated using ggplot2 to visualize the distribution of CRISPR 
knockout and RNAi knockdown dependencies and assess 
group differences. The dependency and expression data were 
then integrated to identify key genes with functional rel-
evance in DLBCL, with external validation conducted using 
the GEO dataset to confirm the reproducibility of the find-
ings across different sources.

Results

Identification of intratumoral microbiome subtypes 
in DLBCL

From the Cancer Genome Atlas (TCGA) database, this 
research gathered transcriptomic, microbiomes, and clinical 
data for 47 DLBCL samples. We acquired 1406 genus from 
the DLBCL microenvironment through the cBioPortal plat-
form (Supplementary Table S1). Univariate Cox regression 
analysis selected 185 genus that significantly impacted prog-
nosis. Of these, 167 were risk factors (162 bacterial genus 
and 5 viral genus), and 18 were protective factors (12 bacte-
rial genus and 6 viral genus) (Fig. 2A & 1B, Supplementary 
Table S2). Kaplan–Meier analysis further identified 59 genus 
associated with DLBCL patient prognosis (Supplementary 
Table S3). The intersection of microbe genus identified 
through univariate Cox regression and Kaplan–Meier analy-
sis included 41 genus (Fig. 2C): Carlavirus, Muromegalo-
virus, Mamastrovirus, Thermoanaerobacterium, Labilithrix, 
Trueperella, Sorangium, Aggregatibacter, Mahella, Actino-
synnema, Anaerotruncus, Anaerostipes, Endomicrobium, 
Elizabethkingia, Mycetocola, Fictibacillus, Erythrobacter, 
Thalassospira, Caedibacter, Micavibrio, Gemmata, Salinivi-
brio, Belnapia, Candidatus_Endolissoclinum, Luminiphilus, 



	 Cancer Immunology, Immunotherapy (2025) 74:131131  Page 6 of 21

Polymorphum, Pseudorhodoferax, Reyranella, Frankia, 
Gulosibacter, Hymenobacter, Mycoplasma, Thermodesul-
fovibrio, Acidithiobacillus, Austwickia, Arcanobacterium, 
Kineococcus, Helicobacter, Methylocaldum, Flammeovirga, 
Nesterenkonia. Subsequently, consensus clustering was 
performed using the abundance of 41 tumor taxonomies 
(Fig. 2D). The consensus cumulative distribution function 
(CDF) graph, along with the area under the curve and its 
changes, is depicted in (Fig. S3A, C). As illustrated, the 
optimal k-value is 2, and the consensus matrix for K = 2 is 

displayed in (Fig. S3B, Supplementary Fig. S1). DLBCL 
was divided into two intratumoral microbiome subtypes, 
Cluster 1 and Cluster 2, which were distinctly differentiated 
by PCA and t-SNE (Supplementary Fig. S2). Kaplan–Meier 
survival analysis indicated that Cluster 1 has a significantly 
better prognosis compared to Cluster 2 (Fig. S3D).

Fig. 2   Integrated analysis of microbial genus as prognostic factors in 
DLBCL. A represents a forest plot of the top 10 microbial genus with 
notable risk and protective impacts. The forest plot, derived from 
univariate Cox regression analysis, shows microbial genus related to 
patient outcomes. Each point denotes a genus’s hazard ratio (HR), 
with error lines marking the 95% confidence intervals. Genus to the 
left of the dashed line (HR < 1) is beneficial, suggesting a lower risk 
of poor outcomes, whereas those to the right (HR > 1) are harm-
ful, suggesting a higher risk of poor outcomes. B represents a vol-
cano plot of microbiome data. The volcano plot displays HR values 
on the x-axis and -log10(p-values) on the y-axis, with each point 
representing a microbial genus. Blue points indicate protective fac-
tors (HR < 1), and red points indicate risk factors (HR > 1). C Venn 
diagram shows the significant findings from univariate Cox regres-
sion and Kaplan–Meier analysis. This Venn diagram illustrates the 

relationship between significant results from univariate Cox regres-
sion analysis (blue circle) and Kaplan–Meier survival analysis (pink 
circle). Numbers within the blue circle indicate microbial genus 
significant only in the Cox regression analysis; numbers within the 
pink circle denote genus significant only in the Kaplan–Meier analy-
sis; numbers in the gray intersection area represent genus significant 
in both analyses. D represents a hierarchical clustering heatmap of 
expression data for 41 microbial genus. The heatmap is based on a 
hierarchical clustering analysis of expression data for 41 microbial 
genus, which is significant in both analysis methods. The x-axis rep-
resents the 41 microbial genus, the y-axis represents patient IDs, and 
the color intensity indicates the relative expression levels, with red 
indicating high expression and blue indicating low expression. All 
significant results are based on a P-value < 0.05
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Fig. 3   CIBERSORT immune cell infiltration analysis. A Proportion 
of immune cells in Cluster 1. Each horizontal band represents one 
patient, and the color’s width indicates the proportion of different 

immune cell types in that patient. B Proportion of immune cells in 
Cluster 2. The colors are the same as in the A plot and represent the 
same cell types
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Functional enrichment analysis of differentially 
expressed genes

Consensus clustering divided patients into two subtypes: 
Cluster 1 and Cluster 2. Further differential gene expres-
sion (DEG) analysis revealed 658 significantly differ-
entially expressed genes between these subtypes, with 
106 genes up-regulated and 552 genes down-regulated 
(Fig. S4A). To explore the underlying molecular mecha-
nisms between microbiome-derived subtypes within the 
tumor microenvironment, we conducted extensive func-
tional enrichment analyses of differentially expressed 
genes between Cluster 1 and Cluster 2, and the results 
revealed that the differentially expressed genes were sig-
nificantly enriched in several immunomodulatory path-
ways, such as cytokine–cytokine receptor interactions 
and chemokine signaling pathways (Fig. S4B). Further-
more, GO analysis showed that the biological functions of 
the differentially expressed genes were closely related to 
inflammatory response and immune regulation (Fig. S4C), 
were mainly enriched in membrane transporter receptors 
and various ion channel complexes (Fig. S4D), and the 
molecular functions were mainly involved in receptor and 
ligand regulatory activity, chemokine and receptor activity 
(Fig. S4E). In addition, KEGG pathway analysis showed 
that key biological pathways such as cytokine–cytokine 
receptor action, chemokine signaling pathway, and 
hedgehog signaling pathway were significantly enriched 
(Fig. S4F). Notably, cytokine–cytokine receptor interac-
tions play a key role in the immune response by regulating 
the proliferation, differentiation, and activation of immune 
cells, which can enhance the anti-tumor immune response, 
and the enrichment of these genes suggests that patients 
with different subtypes may have a more robust immune 
response and be able to efficiently identify and attack 
tumor cells, leading to improved survival. The chemokine 
signaling pathway also plays an essential role in regulat-
ing the recruitment of immune cells to the tumor micro-
environment. Enhanced chemokine signaling in patients 
with different subtypes may contribute to infiltrating more 
immune effector cells into the tumor site, thereby enhanc-
ing anti-tumor immunity. This enhanced immune cell infil-
tration and activation may be one of the critical reasons for 
the better prognosis of Cluster 1 patients. In contrast, the 
enrichment of genes in Cluster 2 in immunosuppression-
related pathways may lead to an enhanced immunosup-
pressive state in the tumor microenvironment, thereby 
suppressing anti-tumor immune responses. Activation of 
these immunosuppressive pathways may make tumors in 
Cluster 2 patients more immune evasive, leading to poorer 
survival.

Immune infiltration analysis on microbiome‑derived 
clusters

We assessed changes in immune infiltration between sub-
types using CIBERSORT’s algorithm to explore the rela-
tionship between microbiome-derived subtypes within 
the tumor and the tumor microenvironment. Compared to 
Cluster 2, higher levels of infiltration of regulatory T cells 
(Tregs) and M0-type macrophages have been observed 
in patients with Cluster 1, and the role of these immune 
cells in the tumor microenvironment substantially impacts 
patient prognosis (Fig. 3). Tregs are cells capable of sup-
pressing the immune response and are often thought to 
play a role in tumor immune escape. However, Tregs can 
also maintain immune homeostasis by modulating exces-
sive inflammatory responses, which has been associated 
with better tumor control and patient prognosis in some 
cases. Higher infiltration of Tregs in Cluster 1 may help 
inhibit excessive inflammation, thereby enhancing the 
effectiveness of the anti-tumor immune response. In addi-
tion, M0 macrophages are considered to be the more prim-
itive, unpolarized state of the tumor microenvironment, 
with plasticity and the ability to polarize in either an anti-
tumor (M1) or pro-tumor (M2) direction when stimulated 
by appropriate microenvironmental signals. The higher 
levels of M0 macrophages in Cluster 1 may indicate that in 
this microenvironment, the tumor can still maintain some 
degree of immune homeostasis without being entirely 
biased toward a pro-tumor immunosuppressive state of the 
tumor. Therefore, M0 macrophages may provide a poten-
tially plastic basis for subsequent anti-tumor signaling to 
promote a more favorable immune response.

Prediction of drug sensitivity in different clusters

Drug adjuvant therapy is a crucial means to improve the 
prognosis of DLBCL patients. Selecting susceptible drugs 
for different patients is crucial to optimize therapeutic out-
comes. Predictive results for drug sensitivity show that 
Cluster 1 patients exhibit higher sensitivity to chemotherapy 
drugs or compounds like Dactinomycin (1811), Foretinib 
(2040), GSK1904529A (1093), NU7441 (1038), Pictilisib 
(1058), PRT062607 (1631), RVX.208 (1625), Taselisib 
(1561), VE.822 (1613), and 5-Fluorouracil (1073) (Fig. 4). 
This finding suggests that utilizing intratumoral microbiome 
characteristics to subtype patients can provide a compelling 
new strategy for personalized medicine in DLBCL.

Single‑cell sequencing analysis with cell clustering 
and annotation

Following drug sensitivity prediction, we found that dif-
ferent microbial subtypes exhibited significantly different 
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sensitivities to multiple chemotherapeutic agents. We 
used single-cell RNA sequencing analyses to elucidate the 
mechanisms behind these differences and further explore 
immune cell heterogeneity in the tumor microenvironment. 
By characterizing the immune cells in more detail, we 
hope to understand the underlying biological mechanisms 
in terms of drug response in different subtypes of patients, 
in particular, how the microbiome affects the functional 
state of the immune cells and whether changes in these 
immune cells are associated with differences in drug sen-
sitivity. To validate the specific impact of intratumoral 
subtypes on cell behavior in the tumor immune micro-
environment, we performed single-cell RNA sequencing 
(scRNA-seq) analysis on 23,332 DLBCL patient-derived 
cells after quality control and filtering (QC map). Using 

UMAP dimensionality reduction, we classified these cells 
into 17 distinct cell clusters (Fig. S5A). These clusters 
were annotated to 16 major immune cell types, includ-
ing B cells, monocytes, NK cells, CD4 + T cells, CD8 + T 
cells, dendritic cells, basophils, granulocytes, eosinophils, 
hematopoietic stem cells (HSCs), common myeloid pro-
genitor cells (CMPs), NK T cells, erythrocytes, mega-
karyocytic progenitors (MEPs), granulocyte-monocyte 
progenitors (GMPs), and megakaryocytes (Fig. S5B). To 
validate the clustering results further, we applied t-SNE 
dimensionality reduction, which showed consistent cell 
population distributions compared to UMAP. As shown in 
Fig. S5C and D, distinct cell subclusters were identified, 
and the annotations confirmed the stable classification 
of immune cell types. Cell types were further annotated 

Fig. 4   The comparison results of drug sensitivity between the two 
subgroups. The present boxplots of drug sensitivity for Cluster 1 
and 2 illustrate the IC50 values for ten drugs among different patient 
groups. Red boxplots indicate Cluster 1, while blue boxplots repre-

sent Cluster 2. The median, quartiles, and extremes of the IC50 val-
ues are visually depicted in the boxplots, with dot plots showing the 
outliers
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based on reference data using the SingleR package, and 
a heatmap of similarity scores was generated (Fig. S5E). 

This analysis confirmed the identification of key immune 
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cell populations in DLBCL. The heatmap highlights the 
immune landscape and demonstrates the functional diver-
sity among the identified clusters. Additionally, we ana-
lyzed the top three differentially expressed genes for each 
cell type, visualized in Fig. S5F. This analysis revealed cell 
type-specific gene expression patterns, providing insights 
into the functional roles of these immune cell populations 
within the tumor microenvironment. For example, certain 
genes were highly expressed in specific B-cell subsets, 
suggesting that these clusters may play distinct roles in 
tumor progression and immune modulation.

Assessing the stemness and differentiation 
potential of cells exploring intercellular 
heterogeneity

We assessed the stemness and differentiation poten-
tial of different cell subpopulations and types using the 
CytoTRACE2 tool to explore the heterogeneity among 
these cell types further. The results showed that B cells 
had the highest stemness score and higher differentiation 
potential among all immune cells (Fig. 5A, B, and E). 
However, there was also significant heterogeneity in dif-
ferent B-cell subclusters (5, 9, 10, 11, 12) regarding dif-
ferentiation potential (Fig. 5C, D, and F).

Cell–cell communication and signaling pathway 
analysis

To further explore the potential causes of the heterogene-
ity generated among cell types, CellChat analysis revealed 
significant communication exercises among all immune 
cells in DLBCL, and in particular, B cells played a key 
role in immune cell communication interactions (Fig. 6). 
Furthermore, it is noteworthy that MIF signaling had the 
most significant regulatory role in different immune cell 

types in DLBCL. Similarly, B cells, as an essential source 
and receiver of MIF signals, had the most robust inter-
actions with a wide range of other immune cells (e.g., 
CD4 + T cells, CD8 + T cells, dendritic cells, and mono-
cytes) (Supplementary Table S4, Fig. S7A, B and C). 
Further molecular analysis of the interactions revealed 
that key MIF-interacting molecules included MIF-
(CD74 + CD44) and MIF-(CD74 + CXCR4) ligand–recep-
tor pairs. In addition, the MIF signaling pathway involves 
multiple ligand–receptor pairs that transmit information 
between different types of immune cells (Fig. S7D), and 
not only this, the ligand–receptor expression of the MIF 
signaling pathway also varies significantly between dif-
ferent B-cell subpopulations (Fig. S7E).

Pseudo‑time analysis of key immune cell subclusters

In the single-cell dimension, we identified the potential 
heterogeneity of B cells across different immune micro-
environments. To gain a deeper understanding of the dif-
ferentiation trajectories of these B-cell subpopulations in 
the temporal dimension, we performed a proposed time-
series analysis using Monocle2. The result revealed that 
the B-cell subpopulations formed three main states during 
differentiation, and there were significant differences in 
the distribution of each subpopulation in different states. 
Subpopulation 5 was mainly distributed in state 1, sub-
population 12 was distributed primarily in state 2, while 
subpopulation 9 was mainly distributed in state 3. Sub-
clusters 10 and 11 were more uniformly distributed in 
each state but had relatively low expression levels. Nota-
bly, subgroup 9 was located at the root of differentiation, 
while subgroup 5 was at the end position of differentia-
tion (Fig. 7A, B and C). In addition, the expression levels 
of MIF, CD74, CD44, and CXCR4 showed a high degree 
of heterogeneity between different stages and subgroups 
(Fig. 7D, E). Figure 7F demonstrates the relative expres-
sion of these proteins at different stages of the proposed 
chronology, further supporting the heterogeneity of B-cell 
subpopulations in the MIF signaling pathway.

Metabolic pathway analysis of key immune cells

From the perspective of cellular metabolism, we calculated 
the average expression levels of each B-cell subcluster (5, 9, 
10, 11, and 12) on each metabolic pathway. Then, the top 20 
metabolic pathways with the most significant variance were 
selected for heatmap presentation to highlight the hetero-
geneity among B-cell subpopulations. The results showed 
that the expression levels of different B-cell subpopulations 
on metabolic pathways were significantly different. Specifi-
cally, subcluster 5 showed high activity on several metabolic 

Fig. 5   Single-cell transcriptome data for cell developmental poten-
tial assessment. A UMAP map of cell phenotypes. Cells were clas-
sified into phenotypes by known markers based on single-cell RNA 
sequencing data. Each point represents a cell, and different colors 
indicate different cell types. B UMAP plot of CytoTRACE scores 
indicated the relative developmental order of cells, with colors rang-
ing from light to dark indicating changes in developmental poten-
tial, with darker colors indicating higher developmental potential. C 
UMAP plot of cell clusters indicated the cell population based on 
cluster analysis, with different colors and numbers representing dif-
ferent cell clusters. D UMAP plot of CytoTRACE score represented 
the relative developmental order of cells, with color coding indi-
cating changes in developmental potential. E The box line plot of 
developmental potential by phenotype represented the distribution of 
CytoTRACE scores for different cell phenotypes, reflecting the devel-
opmental potential of each cell type. F Boxplots of developmental 
potential by cell cluster showed CytoTRACE scores for different cell 
clusters

◂
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pathways, including polyamine metabolism, vitamin C and 
ascorbic acid metabolism, and RNA metabolism, suggesting 
that it may have an essential role in cell proliferation, anti-
oxidant response, and RNA processing. Subcluster 9 showed 
high activity on TP53-regulated metabolic genes and RNA 
metabolism, suggesting that it may be essential in regulating 
stress response and gene expression. Subcluster 10 mainly 
showed high activity in RNA metabolism, which might be 
related to its vital role in protein synthesis and gene expres-
sion regulation. Subcluster 11 was more evenly distributed 
across metabolic pathways, but the overall activity level was 
relatively low, suggesting its metabolic activity was more 
moderate. Subcluster 12 showed high activity in oxidative 
phosphorylation and metabolism of fructose and mannose, 
indicating that it had a significant role in energy metabolism 
and sugar metabolism. These metabolic differences reflect 
the diversity of metabolic requirements and functions of dif-
ferent B-cell subpopulations, providing new insights into 
the understanding of the metabolic characteristics of B cells 
in DLBCL and their pathological mechanisms and offering 
potential targets for the development of individualized thera-
peutic strategies (Fig. S8A, B, Supplementary Tables S5, 
S6).

Identification of the hub genes in intratumoral 
microbe‑driven B‑cell differentiation

Given the critical role of B cells in the progression of 
DLBCL, it is crucial to understand the genetic alterations 
that affect their differentiation and function. Under the sin-
gle-cell dimension, our findings have confirmed significant 
differences in the B-cell differentiation and development 
processes in DLBCL. Therefore, understanding whether 
intratumoral microbe-driven DLBCL differential gene 
genes are involved in B-cell differentiation and develop-
mental processes remains worthy of further exploration. 
We then extracted 1000 genes that play key roles in B-cell 
differentiation (Supplementary Table S7) and performed an 

interaction analysis with 490 differentially expressed genes 
driven by intratumoral microbes. Interestingly, this analy-
sis revealed 9 common genes, such as GSTM5, LURAP1, 
LINC02802, MAB21L3, C2CD4D, MMEL1, TSPAN2, and 
CITED4 (Fig. S9), and these genes were demonstrated play 
pivotal roles in the differentiation process of B cells while 
also being influenced by the intratumoral microbiome, mak-
ing them potential biomarkers for both DLBCL progression 
and therapeutic response.

Validation of hub genes in

The expression validation of hub genes in 20 DLBCL cell 
lines revealed distinct expression and dependency profiles. 
The heatmap (Fig. S10) shows the expression of selected hub 
genes across various DLBCL cell lines. GSTM5, C2CD4D, 
MAB21L3, and TSPAN2 exhibited relatively high expres-
sion across most cell lines, with GSTM5 showing higher 
expression. In contrast, MMEL1, IFFO2, and LURAP1 dis-
played lower expression levels across most cell lines. These 
results suggest that GSTM5, C2CD4D, MAB21L3, and 
TSPAN2 may play more significant roles in DLBCL, while 
MMEL1, IFFO2, and LURAP1 may have a lesser impact on 
DLBCL progression.

Furthermore, we performed functional inference analysis 
of hub genes in DLBCL cell lines using RNAi knockdown 
and CRISPR knockout data from the DepMap database. 
The results showed significant differences in the depend-
ence score of different genes in cell survival, revealing their 
potential roles in DLBCL cell growth and disease progres-
sion. RNAi knockdown-low inference analyses revealed a 
gene-dependent distribution of MMEL1 in different DLBCL 
cell lines (Fig. 8A) and showed a strong survival dependence 
(Fig. 8B). Further analysis showed a significant dependence 
of MMEL1 in the invasion and metastasis of the germinal 
center B-cell subtype, suggesting that it may have an impor-
tant function in this subtype and play a key role in DLBCL 
cell survival (Fig. 8C). Besides, the results of CRISPR 
knockdown inference further validated the findings of the 
RNAi knockdown assay and revealed additional informa-
tion on gene function. The results showed that CITED4 and 
MMEL1 were gene-dependent in several DLBCL cell lines 
(Fig. 8D), and comparative analyses indicated that DLBCL 
was more sensitive to CITED4 knockdown (Fig. 8E), further 
subtype analysis indicated that CITED4 was higher depend-
ence in DLBCL primary samples (Fig. 8F), suggesting that 
it may play an important role in the primary of DLBCL.

Moreover, we validate the differential expression of 
hub genes in the clinical samples to confirm the gene-
dependent inference obtained from RNAi and CRISPR 
knockdown. Specifically, compared to normal lymph node 
tissues, the expression level of IFFO2 was significantly 
higher in DLBCL patient samples (P < 0.0001). However, 

Fig. 6   Analysis of communication networks between immune cells. 
A The intercellular communications showed the number of commu-
nications between different types of immune cells. Each node rep-
resents an immune cell type, the thickness of the connecting lines 
between the nodes indicates the number of communications, and 
the colors represent different communication pathways. B Strength 
of communication between immune cells. The color coding of the 
nodes and connecting lines indicate the strength of the communica-
tion, with thicker connecting lines indicating higher communication 
strength. The color coding of the nodes and connecting lines indicate 
the strength of the communication, with thicker connecting lines indi-
cating higher communication strength. C Specific pathways of inter-
cellular communication. Each subgraph shows the communication 
pathways of one cell type with other immune cells. The direction and 
thickness of the arrows indicate the direction and strength of commu-
nication, and the colors indicate different communication pathways

◂
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the expression of MMEL1 was not significantly different between the two groups, suggesting that its expression was 

Fig. 7   Pseudo-time analysis of B-cell subclusters in the single-cell 
transcriptome. A The plot of the proposed chronological trajectories 
of cell states showed the trajectories of different cell states (State 
1, 2, 3) in the proposed chronological analysis. Each point repre-
sents a cell, and the colors indicate the different states of the cell. B 
Pseudo-time trajectory plot of cell clusters. Trajectories of different 
B-cell clusters (Cluster 5, 9, 10, 11, 12) in the pseudo-time analysis 
are shown based on cluster analysis results. Different colors indicate 
different cell clusters. C The plot of cell distribution in the pseudo-
time shows the distribution of cells in the proposed chronology, with 

color shades indicating the change in the cells’ pseudo-time from 
early to late. D A scatter plot of gene expression versus cell state 
showed the relative expression of MIF pathway-related genes (CD44, 
CXCR4, CD74, MIF) in different cell states. E A scatter plot of gene 
expression versus cell cluster showed the relative expression of MIF 
pathway-related genes (e.g., CD44, CXCR4, CD74, MIF) in different 
cell clusters. F A scatter plot of gene expression versus pseudo-time 
showed the expression trend of MIF-related genes on pseudo-time, 
with colors indicating different cell clusters
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relatively stable in DLBCL versus normal lymphoid tissues 
and may have a limited role in the early stages of tumorigen-
esis (Fig. S11A). Similarly, we found a significant upregula-
tion of IFFO2 expression when comparing DLBCL patient 
samples with reactive tonsil tissue (P < 0.0001), further 
demonstrating this gene’s high enrichment in tumor tissues. 
Notably, the expression levels of MMEL1 and TSPAN2 were 
also significantly up-regulated in DLBCL samples (P < 0.05; 
P < 0.01), suggesting that these two genes may have a more 
important role in DLBCL tumor progression or specific 
molecular subtypes (Fig. S11B).

Discussion

DLBCL is a clinically diverse malignant lymphoma that, 
although sensitive to initial chemotherapy, still maintains 
a high mortality rate due to rapid disease progression and 
a high relapse rate. Despite continuous improvements in 
lymphoma treatment strategies, the prognosis for DLBCL 
patients remains poor [35]. Consequently, developing bio-
markers for early diagnosis and treatment response assess-
ment in DLBCL holds significant clinical importance. 
Recent studies have increasingly revealed the role of the 

Fig. 8   Functional dependency analysis of hub genes in DLBCL cell 
lines. A Heatmap illustrating RNAi dependency scores of hub genes 
across DLBCL cell lines, with lower scores (blue) indicating higher 
dependency. B Boxplot summarizing RNAi dependency scores, 
showing the impact of gene knockdown on cell survival. C Subtype-
specific RNAi dependency analysis stratified by disease subtype 
(diffuse large B-cell lymphoma vs. germinal center B-cell type) and 
metastasis status (primary vs. metastatic), highlighting MMEL1’s 

strong dependency in the germinal center B-cell subtype. D The heat-
map depicts CRISPR dependency scores for the same hub genes, with 
blue shades indicating higher dependency. E Boxplot summarizes 
CRISPR dependency scores, validates RNAi findings, and reveals 
additional functional insights. F Subtype and metastasis-stratified 
CRISPR dependency analysis showing higher CITED4 dependency 
in primary DLBCL samples, suggesting its potential role in disease 
initiation



	 Cancer Immunology, Immunotherapy (2025) 74:131131  Page 16 of 21

tumor microbiome in the development, progression, and 
treatment responses of lymphoma, affecting tumor behav-
ior and potentially influencing therapeutic efficacy through 
modulation of the host’s immune response [36]. Our 
research analyzes the tumor microbiome in DLBCL patients 
to explore its association with patient prognosis and to iden-
tify potential microbial biomarkers, hoping to furnish new 
approaches for the early diagnosis and personalized treat-
ment of DLBCL.

The microbiota contributes to cancer development by 
influencing the host’s immune system and metabolic path-
way. Studies indicate that gut microbiota modulates immune 
responses, affecting tumor resistance and susceptibility [37]. 
For instance, metabolic products from certain bacteria can 
regulate the host’s anti-tumor immunity, thereby influenc-
ing tumor growth and treatment responses [38, 39]. The 
present study obtained transcriptomic and clinical data for 
48 cases of DLBCL from the TCGA database, conducting 
an in-depth analysis of intratumoral microbiome subtypes 
and their relationship with the tumor microenvironment. Ini-
tially, we used univariate Cox regression analysis and the 
Kaplan–Meier method to identify 41 microbial genera from 
1406 that significantly impact DLBCL prognosis, revealing 
the critical role of the tumor microbiome in the develop-
ment of DLBCL. Through consensus clustering, patients 
were classified into two intratumoral microbiome subtypes 
(Cluster 1 and Cluster 2), with patients in Cluster 1 showing 
significantly better prognosis than those in Cluster 2. This 
finding indicates that intratumoral microbiome diversity is 
closely related to the prognosis of DLBCL and confirms 
that different microbial compositions can serve as potential 
biomarkers. Furthermore, the immune infiltration analysis 
indicated that patients in Cluster 1 have more substantial 
immune functions. In contrast, those in Cluster 2 have a 
significant reduction in key immune cells such as regulatory 
T cells, eosinophils, and M0 macrophages, which may be a 
critical factor leading to the poorer prognosis in Cluster 2. 
Also, the GSEA, GO, and KEGG analysis results revealed 
that the DEGs, which were compared in the two intratumoral 
clusters, are significantly enriched in membrane transport 
receptors and ion channels, reflecting their vital role in inter-
cellular material exchange and signal transduction. This dis-
covery suggests that intratumoral microbiota modulates the 
immune environment and may indirectly contribute to tumor 
growth and progression by affecting chemokine activity and 
receptor-ligand interactions [40]. Moreover, limited stud-
ies have proved that the varied composition of the intratu-
moral microbiome may affect patient responses to specific 
treatments, such as R-CHOP chemotherapy [41]. Our study 

demonstrated that different intratumoral microbiome sub-
types exhibited significant differences in drug sensitivity, 
with patients with the Cluster 1 subtype showing higher sen-
sitivity to multiple chemotherapeutic agents. This finding not 
only strengthens the position of the intratumoral microbiota 
as a potential biomarker for DLBCL but also provides new 
ideas for personalized medicine. By subtyping the intratu-
moral microbiome of patients, clinicians can select chemo-
therapeutic agents with greater precision, thereby improving 
treatment efficacy. This microbiome-based typing strategy 
may lead to groundbreaking clinical applications, especially 
when dealing with patients with limited effectiveness of con-
ventional therapies.

Immune cells play a crucial role in the pathogenesis and 
treatment of DLBCL, a heterogeneous malignancy with 
different molecular subtypes. The tumor microenvironment 
of DLBCL consists of a wide range of immune cells, such 
as B and T cells, natural killer (NK) cells, dendritic cells 
(DC), tumor-associated macrophages (TAM), and myeloid-
derived suppressor cells (MDSC), which interact with tumor 
cells and influence disease progression [42]. Notably, the 
MIF-(CD74 + CD44) and MIF-(CD74 + CXCR4) signaling 
pathways play critical roles in the immune modulation of 
the tumor microenvironment. These pathways are involved 
in immune cell migration, immune evasion, and tumor pro-
gression, which are key features in DLBCL. The interaction 
of MIF with CD74 and CD44 has been linked to immune 
suppression, while MIF-(CD74 + CXCR4) signaling facili-
tates cell migration and metastasis. We propose that these 
pathways may be influenced by the diversity of the intra-
tumoral microbiome, potentially contributing to immune 
modulation and therapeutic resistance. Future studies should 
investigate how microbiome-induced alterations in these 
pathways could affect tumor progression and response to 
treatment, providing new targets for therapeutic intervention. 
Recently, studies have confirmed that the immune cells in 
the DLBCL TME influence treatment efficacy through com-
plex interactions, which can significantly influence patient 
survival [43]. Besides, interactions between immune cells 
can also promote or inhibit anti-tumor responses, such as 
CD8 cytotoxic T cells targeting cancer cells and regulatory 
T cells suppressing immunoreactivity [44]. For instance, 
an inflammatory T-cell microenvironment with high T-cell 
content and low macrophage content is associated with 
better overall survival (OS) and progression-free survival 
(PFS) [45]. Regulatory T cells (Tregs) in the tumor micro-
environment are associated with better prognosis, as these 
cells help tumors evade immune surveillance by suppressing 
immune responses [46]. Increasing FOXP3 + lymphocytes 
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are associated with favorable prognosis in DLBCL patients 
[47]. Thus, to better understand the specific cellular fea-
tures in the DLBCL immune microenvironment, we have 
further analyzed tumor samples from DLBCL patients at a 
cellular level with high resolution using single-cell sequenc-
ing technology. The results of single-cell sequencing results 
revealed the complex heterogeneity of different cell types in 
the DLBCL tumor microenvironment, and in particular, we 
identified the distinct heterogeneity of B-cell subpopulations 
in DLBCL after scoring all immune cells for stemness and 
differentiation potential. Similarly, we identified important 
signaling pathways between B cells and other immune cells 
by intercellular communication analysis to determine their 
important role in regulating the immune response and cell 
differentiation process in DLBCL. Notably, as an important 
source and re-receiver of MIF signals, B cells had significant 
interactions with various other immune cells (e.g., CD4 + T 
cells, CD8 + T cells, dendritic cells, and monocytes). Con-
sequently, molecular analyses of the interactions showed 
that the expression of key MIF-interacting molecules var-
ied considerably between different B-cell subpopulations. In 
addition, to gain insights into the differentiation trajectories 
of these B-cell subpopulations from the temporal dimen-
sion, we further revealed the dynamics of B-cell subpopu-
lations on differentiation trajectories based on pseudo-time 
analyses. The results suggested that B-cell subpopulations 
formed three main states during differentiation, and there 
were significant differences in the distribution of each sub-
population in different states. Among them, MIF, CD74, 
CD44, and CXCR4 expression levels showed a high degree 
of heterogeneity among different stages and subgroups, fur-
ther confirming the heterogeneity of B-cell subpopulations 
in the MIF signaling pathway. Also, analysis of cellular 
metabolism has revealed a diversity of options for differ-
ent B-cell subpopulations in terms of cellular metabolic 
demands and biological functions. These results are con-
sistent with the report that activating MIF signaling reflects 
the importance of B cells in tumor immunity and suggests 
the different functions of different B-cell subpopulations in 
the pathomechanism of DLBCL [48]. Additionally, DLBCL 
arising from immunodominant loci exhibits unique immu-
nological features, including immune evasion mechanisms 
and altered immune recognition [49]. Furthermore, it has 
been reported that immune cells (such as regulatory T cells 
and macrophages) are closely linked to prognosis after treat-
ment, as these cells interact with tumor cells through various 
mechanisms, affecting patient survival rates [50], increased 
Tregs correlate with enhanced infiltration of cytotoxic T 

lymphocytes, which also play a crucial role in controlling 
tumors [51].

Following an interaction analysis of 1000 B-cell dif-
ferentiation genes and 490 DEGs driven by intratumoral 
microbes, we identified 9 common genes, including GSTM5, 
LURAP1, LINC02802, MAB21L3, C2CD4D, MMEL1, 
TSPAN2, and CITED4, which further validates their role as 
important value as potential biomarkers in the assessment of 
DLBCL progression and treatment response. Besides, these 
common genes can be grouped into three major functional 
categories: metabolism and oxidative stress, cellular differ-
entiation and migration, and transcriptional regulation and 
signaling. Similarly, several common genes are involved in 
metabolic processes and the response to oxidative stress, 
both essential for B-cell survival within the tumor microen-
vironment. For instance, GSTM5 (Glutathione S-transferase 
Mu 5) plays a key role in detoxification, protecting cells 
from reactive oxygen species (ROS). This function is critical 
in the oxidative stress-rich environment of DLBCL, where 
B cells must adapt to survive [52]. CITED4 is another gene 
that responds to hypoxic conditions, helping cells adapt to 
low-oxygen environments commonly found in tumors and 
potentially aiding B-cell survival under metabolic stress 
[39]. LURAP1, TSPAN2, and MMEL1 are associated with 
cellular motility and differentiation processes. LURAP1 
and TSPAN2 are involved in immune cell migration and 
interaction with the extracellular matrix, suggesting they 
may regulate the positioning and movement of B cells 
within lymphoid tissues or the tumor microenvironment 
[53]. It suggested that these genes could influence how B 
cells interact with other immune cells or respond to tumor-
derived signals. MMEL1, on the other hand, contributes to 
the remodeling of the extracellular space through proteo-
lytic activity, which may facilitate tumor invasion or immune 
cell infiltration. LINC02802, MAB21L3, and C2CD4D are 
involved in gene expression regulation and signaling path-
ways critical for B-cell differentiation and activation. Long 
non-coding RNA LINC02802 may regulate gene expres-
sion in B cells, while MAB21L3 is linked to developmental 
processes that could influence B-cell progenitor maturation. 
C2CD4D is a key player in calcium-dependent signaling, 
essential for B-cell activation and function, affecting how 
B cells respond to external stimuli within the tumor micro-
environment [54–56]. Therefore, by grouping these genes 
according to their biological functions, we can better under-
stand how they might contribute to B-cell heterogeneity in 
DLBCL and suggest that the intratumoral microbiota may be 
involved in the immune regulation and tumor progression of 
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DLBCL by regulating the differentiation status and function 
of B cells [57].

Although this study provides strong evidence to support 
the critical role of the intratumoral microbiota in DLBCL, 
several limitations remain. First, the sample size was 
small, limiting the results’ statistical validity and general-
izability. While our findings are promising, the relatively 
small cohort of 48 patients may not fully capture the het-
erogeneity of DLBCL across diverse patient populations. 
To strengthen the robustness and consistency of our find-
ings, future studies should aim to expand the sample size 
and include multicenter cohorts. These efforts will help 
enhance statistical power and ensure conclusions are more 
broadly applicable. Additionally, incorporating publicly 
available datasets such as those from TCGA and GEO will 
allow for validation of our findings in larger, more diverse 
cohorts, which will further support the generalizability of 
our conclusions. In addition, while bioinformatics methods 
have helped us identify associations between the micro-
biota and host immune cells, these results remain cor-
relative, and further experimental validation is needed to 
elucidate the specific mechanistic pathways. Specifically, 
future experiments could involve manipulating the com-
position of particular microbiota in DLBCL models, such 
as through microbial gene knockdown or overexpression 
assays, to observe their impact on immune responses and 
tumor progression directly. Our study was mainly based 
on transcriptomic data; however, future research should 
incorporate additional data modalities such as proteomics, 
metabolomics, and single-cell RNA sequencing to provide 
a more comprehensive view of the intratumoral micro-
biota’s function and mechanisms of action. Furthermore, 
experimental validation of the interaction between micro-
biota and immune regulation remains essential. The labo-
ratory research could include exploring the role of micro-
bial species in modulating immune cell infiltration and 
cytokine profiles within the tumor microenvironment. In 
addition, studies should explore how interventions with the 
microbiota can improve the therapeutic response and prog-
nosis of DLBCL. Examples include modulating the micro-
biota composition through probiotics, antibiotics, or fecal 
microbiota transplantation, which could enhance immune 
responses and therapeutic efficacy. These interventions 
might help reverse immune suppression or increase the 
sensitivity of DLBCL tumors to chemotherapy, providing 
new avenues for personalized treatment [12]. Through a 
multidimensional analysis, this study revealed the diver-
sity of the intratumoral microbiota in DLBCL and its com-
plex relationship with the tumor microenvironment. Our 
findings suggest that the intratumoral microbiota may not 
only serve as a potential prognostic biomarker for DLBCL 
but also provide new directions for personalized therapeu-
tic strategies. In particular, manipulating the microbiome 

with probiotics or antibiotics could impact tumor progres-
sion, modulate immune responses, and enhance the effi-
cacy of chemotherapy or immunotherapy. Future studies, 
including phenotypic and molecular functional studies of 
DLBCL cell lines and model animals, 16S-RNA sequenc-
ing, and in vitro and in vivo experiments with microbial 
supplements, are needed to assess the therapeutic poten-
tial of microbiota modulation and its impact on patient 
prognosis. Targeting the interaction mechanisms between 
intratumoral microorganisms and the immune microen-
vironment could offer new insights into the pathomecha-
nisms of DLBCL and pave the way for the development of 
targeted therapies, ultimately improving patient prognosis.

In summary, the intratumoral microbiota plays a key 
role in the pathogenesis and prognosis of DLBCL by influ-
encing the function of immune regulatory cells and their 
interactions with tumor cells. By thoroughly studying these 
interactions, future therapies could be developed targeting 
specific intratumoral microbial environments, thus improv-
ing treatment outcomes and survival rates for DLBCL 
patients. Furthermore, based on our findings, genes involved 
in metabolism and oxidative stress may help B cells adapt 
to the challenging conditions of the tumor microenviron-
ment. At the same time, those governing differentiation and 
migration could influence B cells’ spatial organization and 
immune function. Finally, genes that regulate transcription 
and signaling are likely critical in directing B-cell matu-
ration and response to external cues, including microbial 
and tumor-derived signals. Future studies could explore 
these genes as potential drug targets, particularly for those 
involved in metabolic pathways, such as IFFO2, MMEL1, 
and CITED4, using bioinformatics tools like DGIdb. Func-
tional studies could also be conducted to validate their roles 
in B-cell function and therapeutic response, which may lead 
to the development of novel targeted therapies for DLBCL.

Conclusions

This study reveals the potential role of microbiota in the 
pathogenesis and therapeutic prognosis of DLBCL. It 
also novelly redefined the influence of DLBCL intratu-
moral microbes and the tumor immune microenvironment 
on pathogenesis from the transcriptomic and single-cell 
sequencing perspectives of DLBCL samples. It was dem-
onstrated that the diversity of the intratumoral microbiota is 
strongly associated with the prognosis of DLBCL, and the 
heterogeneity of the B-cell developmental process further 
highlights how the microbiota influences the therapeutic 
response and patient prognosis in DLBCL by affecting the 
tumor microenvironment and the immune response of the 
host. Our study provides new perspectives for understanding 
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the complex pathogenic mechanisms of DLBCL. It guides 
the development of future diagnostic and therapeutic strate-
gies with the hope that targeted microbiota modulation could 
improve the prognosis and survival of DLBC patients.
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