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ARTICLE INFO ABSTRACT
Keywords: Background: Co-stimulatory molecules have been shown to enhance antitumor immune responses,
Diffuse large B-Cell lymphoma but their role in Diffuse Large B-cell Lymphoma (DLBCL) remains unexplored.

Co-stimulatory molecule Methods: This study aimed to explore the molecular typing of DLBCL with co-stimulatory mole-

Prognosis . . . .. s

& . . cule genes and to construct a prognostic profile to improve treatment decisions and clinical
Immune microenvironment

S outcomes.
Infiltration

Results: We conducted the first comprehensive analysis of co-stimulatory molecules in DLBCL
patients and identified five co-stimulatory molecule genes with prognostic and diagnostic values.
Consensus cluster analysis based on these five co-stimulatory molecule genes revealed that the
two identified clusters had different distribution patterns and prognostic differences. Co-
stimulatory molecular correlation signatures were then constructed based on these five co-
stimulatory molecular genes and validated in an external dataset, showing good performance
in predicting patient prognosis. The signature is an independent risk factor for DLBCL patients
and significantly correlates with clinical factors in patients and can be used as a complement to
clinical factors. Furthermore, the signature was associated with the tumor immune microenvi-
ronment. Patients identified as being at high risk according to our signature exhibit high levels of
immune cell infiltration microenvironment.

Conclusions: In conclusion, our signature can provide clinicians with prognostic predictions and
help guide the treatment of patients with DLBCL.
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1. Introduction

Diffuse large B-cell lymphoma is one of the most common types of adult lymphoma and is a subset of malignancies that is highly
heterogeneous in terms of clinical presentation and prognosis [1,2]. DLBCL is the most common malignancy of the lymphatic system in
adults, accounting for almost 35-40% of lymphomas in Western countries, and generally higher than 40% in Asian countries [3]. Most
patients have no obvious clinical symptoms, but about 1/3 of patients have symptoms such as fever, night sweats, and weight loss, and
the appearance of symptoms is mostly related to the site of tumor involvement. In recent years, chemotherapy and immunotherapy
have further improved the prognosis of DLBCL [4,5]. However, only a small percentage of DLBCL patients will respond well to this
therapy [6]. Finding novel indicators to forecast patient survival and responsiveness to immunotherapies and targeted medicines is
therefore urgently needed.

DLBCL is commonly classified as activated B-cell-like (ABC), germinal centre B-cell-like (GCB) and unclassified, based on the
different responses of the cells of origin to chemotherapy and targeted drugs. Since the introduction of the anti-CD20 monoclonal
antibody (rituximab), the R-CHOP (Rituximab, Cyclophosphamide, Hydroxydaunomycin, Oncovin and Prednisone) regimen of rit-
uximab combined with chemotherapy has significantly improved the five-year survival rate in DLBCL [7,8]. However, there are still
some patients who fail R-CHOP and enter the relapsed/refractory phase of the disease. The efficacy of rituximab in DLBCL depends on
the level of CD20 expression in tumor cells, which is heterogeneous in DLBCL, leading to resistance during treatment [9,10].
Tumor-infiltrating immune cells are thought to be relevant in this regard. Tumour cells, which normally colonize normal tissues, can
form the tumor microenvironment (TME) together with components such as immune cells and their secretory factors, stromal cells,
vascular endothelial cells and extracellular stroma [11]. During the early stages of tumor progression, the main cellular components
that maintain the immunosuppressive microenvironment play an anti-tumor role. By targeting TME, the inherent tumor suppressive
capacity of the immune system can be stimulated or restored, and a positive immune microenvironment can be reshaped [12,13].
However, the heterogeneity of TME allows for a wide variation in tumor progression between individuals. The degree of T cell
infiltration in TME is closely related to the efficacy of immunotherapy. Therefore, a deeper understanding of the tumor immune
microenvironment would help us to improve the prognosis of patients with DLBCL [14]. Previous studies have demonstrated the
therapeutic potential of costimulatory molecules in various cancers [15-17]. Co-stimulatory molecules play a crucial role in the
regulation of tumor immunity by influencing the activation and proliferation of T cells [18]. However, the molecular function of these
costimulatory molecules in DLBCL is unknown.

In this study, the expression pattern and prognostic value of co-stimulatory molecules in DLBCL were systematically analyzed.
Then, a prognostic profile of DLBCL patients was constructed. This profile was an independent prognostic factor for patient prognosis,
presenting different inflammatory profiles. More importantly, we further assessed the immune microenvironment of different DLBCL
patients and classified them according to the co-stimulatory molecule-based features.

2. Materials and methods
2.1. Data collection and preprocessing

Two independent diffuse large B-cell lymphomas gene expression profiles, GSE181063 and GSE10846, containing 1712 DLBC
samples from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/), were collected (Table S1). Of
these, GSE181063 was used as the training set, while GSE10846 was used as the validation set for subsequent analysis.

2.2. Identification of costimulatory molecules with prognostic significance in DLBCL

On the GEO dataset, all genes encoding costimulatory molecules were first mapped. The surv_cutpoint function in the R package
“survminer” was used to categorize the samples into high- and low-expression groups, and the best cutoff value for each gene in all
samples was determined using this method. To choose costimulatory molecular genes linked to survival, univariate Cox regression was
used. Using the “survminer” package, Kaplan-Meier curves and log-rank tests are used to determine the prognosis. The most useful
genes for predicting survival in DLBC patients were chosen using the LASSO (Least Absolute Shrinkage and Selection Operator)
analysis with the “glmnet” software to reduce overfitting. The ideal value for the penalty parameter was chosen using ten-fold cross-
validation.

2.3. Consensus clustering of survival-related costimulatory molecule genes

To explore the functional and prognostic value of co-stimulatory molecules in diffuse large B-cell lymphoma, we performed
consensus clustering using the “ConsensusClusterPlus” package of R. The present study used the following parameters: 1000 repeats, k
= 10, and agglomerative hierarchical clustering with ward criterion (Ward.D2) inner and complete outer linkage. Genes used for
consensus clustering analyses are the five selected costimulatory molecule genes. cluster numbers were further confirmed by PCA
analysis using the “ggplot2” package. Kaplan-Meier curves were then drawn to determine the predictive value of cluster classification.
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2.4. Construction and validation of a costimulatory molecule-related prognostic signature

Multivariate Cox proportional hazards regression was used to obtain the coefficients of these survival-related costimulatory
molecule genes. The costimulatory molecule-related prognostic signature were based on a multivariable Cox regression coefficient
weighted with the expression of these genes. The detailed formula is as follows: Risk score = p1 * Expl + p2 * Exp2 + §, p and Exp
represent multivariable Cox hazard proportional regression coefficients and expression levels of selected genes, respectively. Patients
were divided into high-risk and low-risk subgroups based on median risk scores. Kaplan-Meier analysis and logarithmic grade assays
were performed for prognostic assessment using the “survminer” package.

2.5. Functional and pathway enrichment analysis

To explore the biological pathways associated with the signature, we obtained genes that were strongly associated with the risk
score (correlation coefficient |R| > 0.3). These genes were analyzed for GO and KEGG pathway enrichment using the clusterProfiler
package. GSEA was performed to reveal the potential functional mechanisms using the c2.cp.v7.2.symbols.gtm file. False discovery
rate (FDR) < 0.2 and normalized P value < 0.05 were set as the threshold values.

2.6. Estimation of the immune microenvironment composition and therapeutic drugs

The infiltration of 22 immune cell species in DLBC tissue from dataset GSE181063 were analyzed in R using the CIBERSORT
package. The relative abundance of infiltrating immune cells was obtained based on P < 0.05. Differential infiltration of immune cells
between high- and low-risk DLBCL tissues was then explored using the Wilcoxon rank sum test. Finally, Spearman relationships be-
tween these five genes and infiltrating immune cells were analyzed and the corresponding network plots were drawn. In addition,
tumor purity was compared using the R package estimation package. The results were visualized by the ggplot2 and pheatmap packages
of the R software. We used the oncoPredict package to predict DLBCL drug activity and to assess differences in drug activity across risk
score groups.

2.7. Statistical analyses

To compare the two variables, we used t-tests or Wilcoxon tests. To evaluate survival differences, Kaplan-Meier curves and log-rank
tests were employed. Co-stimulatory molecular genes were evaluated for their prognostic value using univariate and multivariate Cox
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Fig. 1. The flowchart of the present study design.

The mRNA expression data of the tumor were downloaded from the GEO database (GSE181063 and GSE10846). Survival-related costimulatory
molecules were obtained and the associations with tumor immune microenvironment were evaluated, and the mutation frequency and clinical
relevance of genes were also analyzed.
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regression models. To assess variations in the distribution of clinical variables in DLBC patients, Pearson’s chi-square test was utilized.
The R program was used for all of the methods involved in this investigation. The threshold for statistical significance was P < 0.05.

3. Results
3.1. Identification of costimulatory molecule genes with prognostic value in DLBCL

The workflow of this study is shown in Fig. 1. Expression data for 60 costimulatory molecule genes in DLBCL, including 13 B7-CD28
family genes and 47 TNF family genes, were extracted from the GEO database. A total of 35 costimulatory molecule genes were
significantly associated with prognosis in DLBC at P < 0.05 (Table S2). These genes were further screened using LASSO analysis and
subsequently validated using the GSE10846 dataset, resulting in five costimulatory molecule genes associated with prognosis (Fig. S1,
Fig. S2). the Kaplan-Meier curves further confirmed the prognostic value of each gene (Fig. 2A-B). High expression of these genes
(TNFRSF13B and CD70) was associated with poor prognosis in DLBCL, while low expression of these genes (LTBR, CD27, and TMIGD2)
was associated with poor prognosis.

3.2. Cluster classification was associated with the malignancy of DLBC

To explore the overall prognostic value of these genes, we performed a consensus clustering analysis to stratify DLBC patients. From
the results, we found that k = 2 appeared to be a relatively stable value from k = 2 to 6 (Fig. 3A and B). Principal component analysis
(PCA) was then performed to verify the reliability of the cluster numbering (Fig. S3). We found that when k = 3, k =4 and k = 5, these
samples had high similarity and clustered together. Therefore, we divided the DLBC patients into 2 clusters. The Kaplan-Meier curves
showed that patients in cluster 1 had a worse prognosis than those in cluster 2 (Fig. 3C). In addition, these 5 genes showed significant
differential expression in cluster 1 and cluster 2 (Fig. 3D).
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Fig. 2. Survival analysis for five costimulatory molecule genes.

(A) The Kaplan-Meier curves for the five costimulatory molecule genes in DLBCL from the GSE181063 dataset, including LTBR, CD27, TNFRSF13B,
CD70, and TMIGD2; (B) The Kaplan-Meier curves for the five costimulatory molecule genes in DLBCL from GSE10846 dataset, including LTBR,
CD27, TNFRSF13B, CD70, and TMIGD2. Red, representing a high level of expression of the gene; blue, representing a low level of expression of
the gene.
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Fig. 3. Consensus clustering based on the 5 costimulatory molecule genes.

(A) Consensus clustering cumulative distribution function (CDF) for k = 2 to k = 6; (B) The relative change in area under the CDF curve for k = 2 to
k = 6; (C) Kaplan-Meier curve for two clusters of diffuse large B-cell lymphoma; (D) Distribution of the 5 costimulatory molecule genes in the
two clusters.

3.3. Construction and validation of the prognostic signature based on five costimulatory molecule genes

Risk scores for the prognostic characteristics of DLBCL patients were calculated using the expression profiles of five costimulatory
molecule genes multiplied by a multivariate Cox proportional hazards coefficient. The detailed formula is given below: Risk score =
(—0.52733*LTBR) + (—0.82364*CD27) + (0.68638*TNFRSF13B) + (0.73451*CD70) + (—1.02974*TMIGD?2). Patients were divided
into high-risk and low-risk groups using the median risk score. The results showed that high-risk patients had a poorer prognosis
compared to low-risk patients (Fig. 4A). In addition, the prognostic characteristics were further validated in the GSE10846 dataset. The
same formula was used to calculate the risk score and the median risk score was used to classify patients into high and low risk. the
Kaplan-Meier curve showed that high-risk patients had a poor prognosis compared to low-risk patients (Fig. S4). These results
demonstrate the reliability and stability of the prognostic characteristics.

3.4. Associations between the prognostic signature and clinicopathological factors of DLBCL

Univariate Cox regression showed that age, Curative intent, Lymphs, Cell of origin, Stage, and risk score were risk factors affecting
patient prognosis (Table S2). It is worth noting that although lymphs in multivariate cox regression have a significant effect on patient
survival, their high or low level does not always indicate an enhanced or reduced risk of patient survival. Multivariate Cox regression
showed that risk score was an independent risk factor for patient prognosis (Fig. 4B and Table S3). Dividing patients into subgroups
based on clinical variables, we found that DLBCL patients with age, Curative intent, and Cell of origin had different risk scores
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(A) The multivariate Cox regression analyses of prognosis for the prognostic signature and clinic pathological factors; (B) Kaplan—Meier curve for the
risk score of DLBCL; (C) The violin plot showed that the risk score of the prognostic signature in different clinical subgroups. The difference between
the two groups was tested using Wilcoxon’s test; Differences between three or more groups using Kruskal Wallis test. Curative intent is the goal of
treating a disease or condition with the aim of curing it or achieving complete remission. In the case of cancer treatment, the aim is to eliminate all
cancer cells from the body and achieve long-term survival. Yes, means that the aim of cancer treatment has been achieved. No, means that the aim of

cancer treatment has not been achieved.

(Fig. 4C). These results suggest that our prognostic characteristics are closely related to the clinical factors of DLBCL. We also evaluated
the association between cell of origin, Lymphgen class (using LymphGen Classifier) and Risk score and showed that Lymphgen class of
mainly NEC and EZB were mainly associated with low risk score. Patients with ABC had a higher risk of survival compared to those
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with GCB and Unclassified (Figs. S9-10).

3.5. Identification of the prognostic signature-related biological pathways

To explore potential biological pathways for prognostic traits, we selected genes that were strongly associated with risk scores for
prognostic traits. A total of 350 positively associated genes and 281 negatively associated genes were selected. The results of the
functional enrichment analysis of the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways are
shown in (Fig. 5A-C). GO analysis was mainly enriched in DNA replication and regulation of DNA replication, while KEGG analysis was
mainly enriched in Neutrophil extracellular trap formation. The results of the GSVA analysis showed significant differences in the
reactome nuclear receptor transcription pathway between high and low-risk samples (Fig. 5D).

3.6. The associations with the tumor immune microenvironment and drug activity

Box plots show significant differences in immune cell infiltration between high- and low-risk patients, and the differences in the
proportions of various immune cells are complex (Fig. 6A). In addition, high-risk patients had higher tumor purity and lower immune
scores, while low-risk patients had the opposite (Fig. 6B). Five prognostic genes also remain strongly associated with immune cells,
which may have an impact on patient prognosis (Fig. 6C and D). There is a strong correlation between the presence of high frequency
mutations in CD70 relative to other co-stimulatory molecules and patient prognosis (Fig. S5). The results of the drug activity analysis
showed that BI-2536_1086, BMS-754807_2171, Dactinomycin_1911, Daporinad 1248, Sabutoclax_ 1849, Sepantronium bro-
mide_1941, Telomerase Inhibitor IX_1930 and Topotecan_1808 showed different drug activities in the high and low risk groups, which
can be used as a reference for subsequent drug screening (Fig. S8).

4. Discussion

DLBCL has shown durable efficacy in immunotherapy and rituximab has been used as an important component in the treatment of

P GSVA GO_Top50 .
DNA replication i _— Stage
T T LTV AT AT Stage l 5:
regulation of DNA replication [ ] I Il \ Il I\ TUTHT] \ L (WY 1l HIH Cell.of.origin
Count AL O N S A AR AMIEEN Lymphs. 05 n
DNA-templated DNA replication ] ® 5 IS AR VA N R IR RN Curative_intent | 10
St i [ 3 LTI LSRR N OCCRNEL 00 ORI L [IIl\Ih\IHIHIIII\IH\HIIAQE %
replication-dependent —_l
Chromatin assembiy o : e T ok scor ) ) 0 | Unknown
AT . I HERGTONE REGULATION_OF_TF%5_ACTIITY_THROUGH METHYLATON "
nromal organieation ° ‘ ‘ ”H ‘ ‘ ‘ ‘ H REACTONE CONES L LOADING ONTO,CHROMATH Cell.of.origin
s = I ROWATID_CONESION -05 [l ABC
integrin activation: [ ] P. Edl:z: ‘ H H 1 ‘ ‘ ‘, ‘ e s &CB
ONA replcan checkooint o o \ \‘ ‘H ‘ ] sescrove o cresses scrre e || ’ IMHG
- UNC
reguiation of ntegrin| o oz \ T \ TN peynr—e——
. 001 REACTOME_GLUCURONIDATION Lymphs.
negative regulation of N , High
nesatve requiton ot ol | J A ———— e
division’ ‘ ‘ ‘ WP_GLYGOGEN SYNTHESIS_AND_DEGRADATION
o1 o6 53 R i [ — Curative,intent
GeneRatio I PID_HIFI_TFPATHWAY FALSE
il | | OOt P ROLES P33 DES AoOmToR S MR nicamin o Unknown
Neulroph\\ EXU&CEHLﬂar ' I TR RN
mation LAl | W T e ——— Age
\ | ||| we_couramen_ano_consuLsmion cascaves S60yesn
s QTR A - —— [ o
° s |5
Systomic | thomai Py @ | | | We_GENES_ CONTROLUNG.RENAL_NERHROGENESSS Risk_score
ystemic lupus erythematosus e g Vi
- [ — W
Alcoholism [ ]
PATp——
diust | | I KEGS,_VISRI0_CHOLERAE_INFECTION
ote I | (1] S ———_
Nucleocytoplasmic transport ° o0 -
0os REACTONE_Tol._UKE_RECEFTOR.10TLR10_GASCAOE
Mitophagy - animal ° | | I [ ———
REACTONE 2611 0A_MEDITED_NDUCTION_0F_TYPE_L K
DNAreplication @ REACTOME TICAM1_RIP1_MEDIATED,_IKK_COMPLEX RECRUITMENT
oY 5 p Py REAGTOME K COPLEX_RECRUTHENT IEDIATEDBY_ 1171
GeneRatio HERGTONE I MEOIATED NPk ACTRATION i 2301
| [FU———————
C chvomatin remodelin KEGG,NOSTOL FHOSFHATE METgOLSH
DNA replication-dependent chromatin #&2embly PID_AR_NONGENOMIC_PATHNAY
negative regulation of cell division number of genes REACTOME_INCSITOL_PHOSPHATE_ METASOLISM
O eptctaregeen oy fin gt o s We e ANy
oot g atwurisin O e e
qulation of cylokinesis. [eR3] | WP_FATTY_ACIC_OMEGA_CXIDATION
O=n ‘ FEACTOME, ETHANOL CHIATION
O | I | [EEN————
P ST o apicain @ T e i 1| -5 e
Rosive eplalon of uiggcco-ca!ahesion padiust ‘ ‘ ‘ KEGD,0RUG LETABDLIH OYTOCHROVE PAS0
SRS 00m0 I KEGS_ HETAEOUS OF XENOSIGTICS 3Y.CYTOCHROME_Fic0
P S—— OARHO At T il Il FEAETON Py Aok SosTES®
o010 REACTOUE TRP_CHAIELS
= | \ il
PHESploion ookl sgnalfo | ||| e mmon 5 mscmmrion s o moncsron s e v o7
mown aggion | | || [EP—— i
Qequiation of ntegrin actvation L vl ‘ ‘

REACTOME_TBC_RABGAPS.
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(A) Enrichment analysis for related genes of costimulatory molecule-based signature; (B) KEGG pathway analysis for related genes of costimulatory
molecule-based signature; (C) Network diagram of biological processes for related genes of costimulatory molecule-based signature; (D) Heatmap of
GSVA analysis for related genes of costimulatory molecule-based signature. The top 50 pathways that were enriched are shown.
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Fig. 6. Immune cell infiltration analysis, and relationships between 5 co-stimulatory molecular genes, immune cells, and immune score indicators.
(A) Box-plot of the proportion of 22 types of immune cells. (B) Scatter plot between tumor purity, stroma, and immune score, and the difference in
immune score and tumor purity at different risk scores. (C) Heatmap of correlations between 5 co-stimulatory molecular genes, immune cells, and
immune score indicators. The shape of the points represents the strength of the correlation; the circle represents a positive correlation, and the
square represents a negative correlation. Darker color implies a stronger association. (D) Network diagram of interactions between 5 co-stimulatory
molecular genes, immune cells, and immune score indicators. The pink circles represent immune cells, the green circles represent 5 co-stimulatory
molecular genes and the purple circles represent immune score indicators. The solid lines represent positive correlations, while the dashed lines
represent negative correlations. The thicker the line, the stronger the correlation between them; conversely, the weaker the correlation. *P < 0.05,
**P < 0.01, ***P < 0.001, ****P < 0.0001, ns P > 0.05.

DLBCL [19,20]. However, some DLBCL patients do not respond to immunotherapy. Therefore, identifying biomarkers that predict
immunotherapy response and selecting the most sensitive patients is critical to improving response rates [21,22]. Co-stimulatory
molecules play an important role in the progression of various cancers, and their role in DLBCL remains to be explored [23]. In
this study, we systematically evaluated the role costimulatory molecules in DLBCL and selected five genes with prognostic value for
further study. In addition, we constructed and validated novel prognostic features in DLBCL patients. To our knowledge, this study
provides the first prognostic marker of a co-stimulatory molecule in DLBCL patients. We found that prognostic features were inde-
pendent risk factors for DLBCL patients and significantly correlated with patient clinical factors. In addition, we found that our
prognostic features are associated with the tumor immune microenvironment, which may provide valuable clues for predicting patient
outcomes and selecting immunotherapy patients.

Co-stimulatory molecules play an important role in tumor immunomodulation [24]. Activation of primary T cells relies on signals
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from costimulatory molecules to ensure that immune responses occur under the required conditions. the more important costimulatory
molecules are B7-1 and B7-2. Monoclonal antibodies targeting the PD-1/PD-L1 (B7-H1) or B7-2/CTLA-4 pathways have shown
promise in inducing durable tumor regression in a variety of tumors [25,26]. To investigate the expression level and prognostic value
of co-stimulatory molecules in DLBCL, we obtained 13 members of the B7-CD28 family and 47 members of the TNF family for use in
DLBCL patients [27]. Five co-stimulatory molecule genes with predictive value (LTBR, CD27, TMIGD2, TNFRSF13B, and CD70) were
selected. LTBR, CD27, TNFRSF13B, and CD70 are all members of the tumor necrosis factor receptor superfamily and play important
roles in B cell activation, natural killer cells cytotoxicity, and immunoglobulin synthesis [28,29]. They are involved in immune-related
diseases such as lymphoid tissue proliferation syndrome, combined immunodeficiency, lymphoma and immunoglobulin A deficiency.
However, Transmembrane and immunoglobulin domains containing 2 are involved in positive regulation of T cell activation, positive
regulation of angiogenesis, and positive regulation of cytokine production, which can enhance T cell proliferation and cytokine
production through AKT-dependent signaling cascades, making them potential immunosuppressive target [30].

With the development of immunotherapies, there is an urgent need to identify biomarkers and select drug-sensitive patients to
improve response to immunotherapies. In this study, five co-stimulatory molecular genes were selected for co-clustering analysis to
explore their overall prognostic value. the Kaplan-Meier curves showed a poor prognosis for these patients in cluster 1. In addition,
multiple immune-related pathways were enriched in Category 1, suggesting that these selected genes are highly correlated with the
tumor immune microenvironment. The poor prognosis in cohort 1 patients may be due to immune deficiency or limited immune
defenses. In addition, risk characterization based on co-stimulatory molecular genes may provide new insights into clinical practice in
DLBCL patients. All these prognostic markers are reliable and show good performance. We are believed to be the first to construct a co-
stimulatory molecular gene-based risk profile for DLBCL patients. Our prognostic features were validated in an additional GEO dataset
and both showed good performance. We further found that prognosis is closely related to clinical factors and can be used as a com-
plement to guide treatment.

Inevitably, the study has several limitations. The study was primarily from a public database and was retrospective. The number of
available prognostic information datasets for DLBCL patients is limited, so the clinical parameters analyzed in this study are not
comprehensive. Patients with DLBCL need to have real prognostic information to determine the value of prognostic characteristics.
Secondly, the genes involved in this study are limited to co-stimulatory molecules, and tumor microenvironment is highly spatially
heterogeneous. Therefore, the efficacy of prognostic features was limited. Furthermore, there is no data on expression of co-
stimulatory molecule genes in immunotherapy-naive DLBCL patients. Therefore, assessing the risk profile of immunotherapy re-
sponses is indirect. Future prospective studies of DLBCL patients treated with immunotherapy need to confirm the value of our
signature for clinical application.

5. Conclusions

In summary, we have performed the first comprehensive analysis of co-stimulatory molecules in DLBCL patients and identified five
genes with prognostic and diagnostic values. We have constructed and validated a new prognostic profile of DLBCL patients based on
co-stimulatory molecules and explored its underlying molecular mechanisms. Our prognostic signature allows the classification of
patients into two subgroups with different prognoses and shows a high correlation with clinical features. Furthermore, patients
identified as high risk according to our prognostic signature exhibit lowlevels of immune cell infiltration microenvironment. Therefore,
we believe that our signature can provide clinicians with prognostic predictions and treatment guidelines for patients with DLBCL.
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