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MALT lymphoma is an extranodal B-cell lymphoma of the marginal zone of mucosa-associated lymphoid tissue (MALT), caused by malignant transformation of B-cells in the marginal zone. In this work, we aim to explore the potential relationship between MALT lymphoma and DLBCL. Vaccines derived from messenger ribonucleic acid (mRNA) may provide satisfactory results. Despite being a promising treatment option, immunotherapy isn’t widely used in treating renal cell carcinoma, as only a few patients respond to the treatment. The Cancer Genome Atlas (TCGA) analysis revealed gene expression profiles and clinical information. Antigen-presenting cells infiltrated the immune system using TIMER tool (http://timer.cistrome.org/). GDSC (Genomics of Drug Sensitivity in Cancer) data were used to estimate drug sensitivity. Immune-related genes were associated with a better prognosis in MALT lymphoma patients and higher levels of antigen-presenting cells. There is a significant relationship between these immune subtypes and immunological checkpoints, immunogenic cell death regulators, and prognostic variables for MALT lymphoma patients. In this study, we provide a theoretical foundation for the development of mRNA vaccines and suggest that KLHL14 could potentially be used as antigens to develop mRNA vaccines for MALT lymphoma.




Keywords: gastrointestinal MALT lymphoma, prognostic factors, KLHL14, mRNA vaccines, drugs target



Introduction

MALT lymphoma is an extranodal B-cell lymphoma of the marginal zone of mucosa-associated lymphoid tissue (MALT), caused by malignant transformation of B-cells in the marginal zone (1). An acquired MALT in the stomach, usually caused by chronic Helicobacter pylori infection, is gastric MALT lymphoma (GML) (2). Most gastric lymphomas are MALT lymphomas, which make up 38%-48% of all primary gastric lymphomas (3). The majority of gastric MALT lymphomas are located locally and are usually of low grade (4). Although rare, MALT lymphoma has the risk of evolving into high-grade diffuse large B-cell lymphoma. It is believed that Helicobacter pylori played a significant role in the pathogenesis of gastric MALT lymphoma (5). A close relationship has been found between Helicobacter pylori infection and gastric lymphoma prevalence in epidemiological studies (6). It is important to eliminate H. pylori as soon as possible in the early stages of the condition, as successful eradication is usually sufficient to cure the condition (7). As far as we know, MALT lymphomas originate from mature post-germinal center B cells, which are closely related to plasma cells (8). There is, therefore, a significant proportion of lymphoma patients who express monoclonal immunoglobulins, both on the lymphoma cells and in the blood, which can be detected by serum electrophoresis or immunofixation (9).

Gastric MALT lymphoma is initially diagnosed using endoscopy and histological examination of biopsy specimens. The diagnosis of gastric MALT lymphoma is based on centrocyte-like B-cell infiltration in the lamina propria, and the histology reveals lymphoma cell aggregates infiltrating individual glands and forming prominent nodules (10). Clinical staging was determined using the modified Ann Arbor staging system, which classified major lesions according to their location in the upper, middle, or lower third of the stomach (11). Physical examinations, computed tomography scans of the chest and abdomen, and biopsies are all part of the staging process. Based on immunohistochemistry, MALT lymphoma cells typically express haplotype surface Igs, IgM (IgM1) is more prevalent than IgD1 and IgG1, and cytoplasmic Igs are present in 40% of cases (12). B-cell-associated antigens expressed by tumor cells include CD19, CD20, CD22, CD79a, and CD79b, along with CD5 negativity (CD52), CD432/CD431, CD32, CD232, and CD11c2/CD11c1 (13).

The non-Hodgkin lymphomas (NHLs) are a diverse group of malignancies that, in approximately 80% of cases, are caused by B cells (B-NHL) (14). B-NHL differs in presentation, clinical features, prognosis, and response to treatment. A majority of non-Hodgkin lymphoma (NHL) cases are diffuse large B-cell lymphomas (DLBCLs), which account for approximately one-third of the total number of NHL cases worldwide (15). During the last 40 years, CHOP (cyclophosphamide, doxorubicin, vincristine, and prednisone) has been widely used. Patients with DLBCL are treated with rituximab and CHOP in combination according to FDA guidelines approved in 2006 (16). In addition, immunotherapy has been widely used in the treatment of DLBCL patients in recent years. In the treatment of relapsed/refractory DLBCL, chimeric antigen receptor (CAR) T cells are emerging as a promising immunotherapy (17). Therefore, it is important to explore efficient immunotherapy for DLBCL patients.



Methods


Data sources

The mRNA expression profiles, as well as the clinical information of gastrointestinal MALT lymphoma, were obtained from the GEO database (https://www.ncbi.nlm.nih.gov/gds). In addition, the transcriptome expression data and clinical information of DLBCL patients were obtained from the TCGA database. In the GEO database, a total of four normal stomach tissues, five normal duodenal tissues, 10 gastric MALT lymphoma tissues, and 10 duodenal MALT lymphoma tissues were involved in the analysis. For the TCGA database, a total of 48 DLBCL tissues were included in the analysis.



Screening of the differential expressed genes

The transcriptome data were divided into a patient group and a normal group. Differential expression analysis was performed using the “limma” package in R 4.1.1. Genes with P-value < 0.05 and |Log2FC|>=1 was defined as differentially expressed genes. The Venn Diagram is applied to obtain the genes involved in DLBCL and MALT lymphoma-related genes.



GO and KEGG enrichment analysis

ClusterProfiler was used to analyze the functions of key genes. In addition, the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) were used to explore the potential pathways involved in key genes. P-values lower than 0.05 were considered statistically significant.



Protein-protein interaction network of TPP-related proteins

PPI network of interactive genes was performed in STRING (https://www.string-db.org/). Interaction with Composite Ratings of more than 0.4 was considered statistically significant. In addition, Cytoscape 3.8.2 was used to analyze and visualize PPI networks.



Prognostic prediction model for DLBCL-related genes based prognostic index construction

The lasso regression analysis was performed to construct a prognostic prediction model. Subsequently, the screening of prognosis-related genes was further improved by applying SVM-based recursive feature elimination (SVM-RFE). All patients included in the prognostic model were assigned a risk score value. A grid search using 10-fold cross-validation yielded the best performance with the 40 top-ranked features. In addition, Kaplan-Meier survival analysis and receiver operating characteristic (ROC) curves were used to assess the accuracy of the prognostic model. AUC > 0.5 was considered to show predictive power.



Gene set enrichment analysis

The gene sets were retrieved from the GSEA database (http://www.gsea-msigdb.org/gsea/downloads.jsp) and enriched GO terms and KEGG pathways were identified using GSEA analysis. A total of 50 best terms were selected for each subtype according to their significance.



Classification of immune subtypes

Unsupervised NMF clustering of patients was performed using the NMF package based on the expression profile of immune-related genes. Further, “survival” the R software package was used for Cox regression analysis and analysis of the relationship between all candidate genes and overall survival (OS). Further, the NMF package was used for unsupervised NMF clustering, and the same candidate genes were used as the MSKCC external validation set. The k value at which the correlation coefficient began to decrease was selected as the optimal number of clusters. mRNA expression data of the above immune genes was used to verify the subtype assignment based on the T-SNE method.



Drug sensitivity analysis

The “pRRophetic” R software package was used to predict the chemotherapy sensitivity of each tumor sample based on the Genomics in Drug Sensitivity in cancer Database ((GDSC), https://www.cancerrxgene.org/). Further, regression analysis was performed to determine the estimated IC50 value for each specific chemotherapy drug. The GDSC training set was used to perform ten-fold cross-validation to test the regression and prediction accuracy. Default values were selected for all parameters, including the “combat” parameter that removes batch effects and the average value of repeated gene expression.



Immune cell infiltration analysis

The CIBERSORT algorithm was used to analyze RNA-seq data of PRAD patients in different subgroups to determine the relative proportions of 22 immune infiltrating cells. Subsequently, Spearman correlation analysis was performed to explore the relationship between gene expression and infiltration of the 22 immune cell types. A P-value <0.05 was considered statistically significant.



Gene set variation analysis

GSVA is a non-parametric unsupervised method for evaluating the enrichment of transcriptome gene sets. In this analysis, gene-level changes are transformed into pathway-level changes by comprehensively scoring the gene set of interest, and the biological function of the sample is determined. In the present study, gene sets were retrieved from the molecular signatures database (v7.0 version). The GSVA algorithm was then used to comprehensively score each gene set to evaluate potential biological functional changes in different samples.



Immune landscape analysis

Dimensionality reduction analysis was conducted using the ReduceDimension function in Monocle. The maximum number of components was set as four. The discriminative tree dimensionality reduction algorithm (DDRTree) was used for dimensionality reduction. PLOT_CELL_TRACTORK package in Monocle was used for visualization of the immune landscape.



Gene set enrichment analysis

Gene sets were retrieved from the MSigDB database (http://www.gsea-msigdb.org/gsea/downloads.jsp). The R package was used to perform GSEA of the gene sets to identify enriched GO terms and KEGG pathways. The top 50 terms with the highest significance among the subtypes were selected.



Statistical analysis

Survival curves were generated using the Kaplan-Meier method and were compared using the log-rank test. Cox proportional hazard model was used for multivariate analysis. All statistical analyses were performed using R (version 3.6) software. All statistical tests were two-sided, and a p-value <0.05 was considered statistically significant.




Results


Exploration of the key genes involved in the lymphoma cohort

First, a total of five normal stomach tissues and 10 stomach tissues of gastric malt lymphoma patients were involved in the GSE48047 cohort in the GEO database. The differential expression analysis between gastric MALT lymphoma patients and control groups was performed in R. The results demonstrated that a total of 2329 differential expressed genes were screened in the gastric malt lymphoma patients compared with the normal people’s stomach tissue. 685 of them were up-regulated genes and 1644 of them were down-regulated (Figures 1A-C). The GO and KEGG enrichment analysis demonstrated that many enriched pathways, including Vitamin digestion and absorption, steroid hormone biosynthesis, xenobiotic metabolic process, uronic acid metabolic process, urea metabolic process, small molecule catabolic process, fatty acid metabolic process and regulation of leukocyte mediated immunity (Figure 1D). In addition, the GSE48047 cohort also contains the expressed data of duodenal tissue lymphoma tissues. We then performed the differential expressed analysis based on the data between duodenal tissue lymphoma tissues and normal duodenal tissues. The results revealed that a total of 684 differential expressed genes were detected, which includes 284 up-regulated genes and 400 down-regulated genes (Figures 2A-C). Subsequently, the GO and KEGG enrichment revealed that vitamin digestion and absorption, steroid hormone biosynthesis, small molecule catabolic process, response to toxic substances, regulation of leukocyte cell−cell adhesion, regulation of lymphocyte differentiation, regulation of leukocyte differentiation, regulation of leukocyte cell−cell adhesion, positive regulation of lymphocyte activation, and lymphocyte proliferation (Figure 2D).




Figure 1 | (A) The boxplot reveals the samples involved in gastric MALT lymphoma patients and control groups; (B) The differentially expressed analysis between gastric MALT lymphoma patients and normal people; (C) The heat map shows the top differentially expressed genes between gastric MALT lymphoma patients and normal people; (D) The GO and KEGG enrichment analysis based on the differentially expressed genes between gastric MALT lymphoma patients and normal people.






Figure 2 | (A) The duodenal tissue lymphoma tissues and normal duodenal tissues were shown in the boxplot; (B) The differentially expressed analysis between duodenal tissue lymphoma tissues and normal duodenal tissues; (C) The heat map was performed to evaluated the differentially expressed between duodenal tissue lymphoma tissues and normal duodenal tissues; (D) The GO and KEGG analysis based on the differentially expressed genes.





Exploration of the genes that are associated with DLBCL and gastrointestinal MALT lymphoma

Most gastrointestinal lymphomas are of B-cell origin, and DLBCL is the most common. Therefore, we then explore the relationship between DLBCL and gastrointestinal MALT lymphoma. By using the TCGA database, we obtain the differential expressed genes in patients with the high and low stage of DLBCL. The results demonstrated that a total of 7412 genes were considered as differential expressed genes, which includes 2695 up-regulated genes and 4717 down-regulated genes (Figures 3A, B). Subsequently, in order to explore the genes that are closely associated with DLBCL and gastrointestinal MALT lymphoma. We then performed the Venn Diagram, the results demonstrated that 176 intersection genes were obtained in DLBCL lymphoma cohort and gastrointestinal MALT lymphoma cohort (Figure 3C).




Figure 3 | (A) The differential expressed analysis based on the DLBCL cohort in TCGA database; (B) The heat map reveals the differentially expressed genes based on the DLBCL cohort in TCGA database; (C) The venn diagram was applied to explore co differentially expressed genes involved in TCGA and GEO database; (D) The construction of the prognostic prediction model in DLBCL cohort.





Construction of the prognostic prediction in DLBCL cohort based on the 17 intersection genes

To further explore the genes that are closely related to the prognosis of DLBCL lymphoma patients, we then performed the lasso regression analysis based on the expression of genes and the overall survival rate of DLBCL patients. We finally obtained 10 genes that are closely associated with the prognosis of DLBCL patients, including CXCL9, TIFAB, C3, VCVAM1, ZBE, D2, TIMD4, KLHL14, TNFRSF9, FCRL3, and PLEKHG1. For DLBCL patients, the Risk score = (0.0411) * CXCL9 + (-0.7688) * TIFAB + (0.0489) * C3 + (2.0974) * VCAM1 + (0.5684) * ZBED2 + (1.3951) * TIMD4 + (0.165) * KLHL14 + (-3.1688) * TNFRSF9 + (-0.4584) * FCRL3 + (0.1244) * PLEKHG1. Based on the expressed level of these ten genes, the patients with DLBCL were divided into the low and high-risk groups. The survival analysis demonstrated that the OS of DLBCL patients in the low-risk group is significantly higher than patients in the high-risk group. In addition, the ROC curve reveals that the risk score showed good predictive value in the prognosis of DLBCL patients. The AUC score of ROC for 1-year, 3-year, and 5-year was 0.982, 0.869, and 0.924 respectively. The AUC score is much larger than 0.7, which aims that the prognostic prediction model has good predictive value for DLBCL patients (Figure 3D).



Detection of the mutation frequency of 10 genes that are involved in prognostic prediction model in DLBCL cohort

Subsequently, to evaluate the genes that are closely associated with DLBCL patients, we then evaluated the mutation frequency of 10 genes that are involved in prognostic prediction model in DLBCL cohort (Figure 4A). The results revealed that four genes of them showed mutations in the DLBCL cohort, including C3, KLHL14, VCAM1 and ZEBD2. However, in the DLBCL cohort, CXCL9, TIFAB, TIMD4, TNFRSF9, FCRL3 and PLEKHG1 did not show mutation. The mutation rate of C3, VCAM1 and ZEBD2 in somatic cells is three percent. For KLHL14, the mutation rate of somatic cells is five percent (Figures 4B-E).




Figure 4 | (A) The total gene mutation landscape in DLBCL cohort; (B) The mutation landscape of C3 in DLBCL cohort; (C) The mutation landscape of KLHL14 in DLBCL cohort; (D) The mutation landscape of VCAM1 in DLBCL cohort; (E) The mutation landscape of ZBED2 in DLBCL cohort.





Differences in immune cell infiltration and immunotherapy related to different expression of C3, KLHL14, VCAM1 and ZEBD2

Our next step was to examine differences in immune cell expression between the groups. A significant difference was observed between high and low risk groups in the expression of C3, KLHL14, VCAM1 and ZEBD2, which may be the potential targets for immunotherapy. The results demonstrated that the expression level of C3 is positively correlated with the Idc, treg, pdc, NK cells, B cells and mast cells (Figure 5A). For KLHL14, the analysis immune cell demonstrated that B cells, T helper cells, The cells and Tcm are positively correlated with the expression level of KLHL14 (Figure 5B). In terms of VCAM1, the results revealed that T cells, CD8 T cells, T helper cells, TFH, Th1 cells, Th17 cells, adc and tcm are positively correlated with the expression level of VCAM1 (Figure 5C). The expression level of NK cells, tem, th1 cells, idc and mast cells are positively correlated with the expression level of VCAM1 (Figure 5D). Tumor mutational burden (TMB) is of interest in immunotherapy, and PDL1 is an important biomarker for predicting response to PD1 antibody therapy. Subsequently, we evaluate the relationship between C3, KLHL14, VCAM1, ZEBD2 and TMB. The results demonstrated that the expression levels of C3, KLHL14, VCAM1 and ZEBD2 are negatively correlated with TMB, which suggested that C3, KLHL14, VCAM1 and ZEBD2 may be important biomarkers for predicting response to PD1 antibody therapy (Figures 5E-H).




Figure 5 | (A) The immune cell infiltration of C3 in DLBCL cohort; (B) The immune cell infiltration of KLHL14 in DLBCL cohort; (C) The immune cell infiltration of VCAM1 in DLBCL cohort; (D) The immune cell infiltration of ZBED2 in DLBCL cohort; (E) The correlation between the expression level of C3 and TMB score; (F) The correlation between the expression level of KLHL14 and TMB score; (G) The correlation between the expression level of VCAM1 and TMB score; (H) The correlation between the expression level of ZBED2 and TMB score.





Exploration of the role of KLHL14 in immune scores, immune checkpoints and ICB responses

Based on the prognostic prediction model and the tumor mutation analysis, we discovered that KLHL14 may play an important role in DLBCL cohort. Therefore, we then evaluated the role of KLHL14 in the immune scores, immune checkpoints and ICB responses of DLBCL cohort (Figures 6A-C). The results of immune checkpoints demonstrated that the expression levels of CD24, CTLA4, PDCD1LG2 and SIGLEC15 are correlated with the expression of KLHL14. For B cells, the KLHL14-high expression group may be associated with more B cells. However, the KLHL14-high may also be associated with less macrophage. In addition, DLBCL patients with higher expression of KLHL14 may be associated with better immunotherapy efficacy.




Figure 6 | (A) The different immune score between low- and high- KLHL14 group; (B) The immune check point between low- and high- KLHL14 group; (C) The different TIDE score between low- and high- KLHL14 group.





Function enrichment analysis of KLHL14 in DLBCL patients

The results of GSEA enrichment analysis demonstrated that some pathways, including sensory perception of smell, olfactory receptor activity, detection of chemical stimulus, odorant binding, RNA binding involved in posttranscriptional gene silencing, intraciliary transport and DNA-dependent ATPase activity were closely associated with KLHL14 (Figure 7A). In addition, for GSVA enrichment analysis, the results demonstrated that sheath of neurons, central nervous system development, structural molecule activity, positive regulation of gene expression, RNA binding, cell cycle, signaling receptor binding, transporter activity and immune response were positively correlated with the expression level of KLHL14 (Figure 7B).




Figure 7 | (A) The GSEA enrichment of KLHL14 in DLBCL cohort; (B) The GSVA enrichment analysis of KLHL14 in DLBCL cohort.






Discussion

MALT lymphoma of the stomach and duodenum is a rare tumor that arises from mucosa-associated lymphoid tissue, usually caused by chronic Helicobacter pylori infection (18). Most gastric lymphomas are MALT lymphomas, which make up 38%-48% of all primary gastric lymphomas (19). The majority of gastric MALT lymphomas are located locally and are usually of low grade. MALT lymphoma is most likely to transform into high-grade DLBCL, although this is rarely the case (20). Therefore, in this work, we aim to explore the risk factors for gastrointestinal MALT lymphoma in developing DLBCL. Firstly, by screening the GEO database, we obtain the transcriptome expression data of normal stomach, duodenum tissues and gastric, duodenal MALT lymphoma tissues. The differential expressed analysis provided us with the genes that play an important role in the development of gastric and duodenal MALT lymphoma. Subsequently, in order to further explore the genes that are closely associated with the DLBCL, we then explore the expression data in DLBCL cohort, the Venn Diagram demonstrated that 176 of differential expressed genes are closely associated with the DLBCL and gastric, duodenal MALT lymphoma. To explore the genes with high risk factors in DLBCL patients, we then construct the prognostic prediction model based on the gene expression level of the overall survival rate of DLBCL patients. We finally obtained ten key genes that are closely associated with the prognosis of DLBCL patients, including CXCL9, TIFAB, C3, VCVAM1, ZBE, D2, TIMD4, KLHL14, TNFRSF9, FCRL3 and PLEKHG1. The survival analysis demonstrated that ten genes based prognostic prediction model is closely associated with the overall survival rate of DLBCL patients. In addition, the ROC curve also revealed that ten genes based prognostic prediction model has good prognostic prediction value in DLBCL patients. Approximately 40% of adults develop diffuse large B-cell lymphoma, which is the most common type of non-Hodgkin lymphoma (21). Patients with diverse DLBCLs have variable prognoses and responses to treatment because of their heterogeneous pathologies. It is therefore essential to conduct gene expression profiling to gain a comprehensive understanding of DLBCL (22). There have been some studies identifying key genes in DLBCL, including EZH2, FOXP1, and TP53, but the cause of the disease in the gastrointestinal tract has not been determined (23). Due to its blast cells, pathological characteristics, and pathogenic genes, gastrointestinal DLBCL differs somewhat from DLBCL. Therefore, we focused on the genes that play an important role in the gastrointestinal DLBCL cohort in this work (24).

The GO and KEGG enrichment analysis based on the differential expressed genes demonstrated that some immune-related genes were closely associated with immune, including immune response−activating signal transduction, immune response−activating cell surface, intestinal immune network for IgA production, primary immunodeficiency, lymphocyte proliferation and lymphocyte differentiation. For better outcomes, several phase III trials utilizing rituximab and CHOP (R-CHOP) have been performed over the past several decades (24). With this approach, 50-70% of DLBCL patients are usually cured, thus becoming the standard treatment for the disease. It is important to note, however, that other patients who require replacement therapy have a poor prognosis, and most of them will eventually die. Therefore, it is important to explore better immunotherapy for gastrointestinal DLBCL patients (25).

In addition, in order to explore the genes that are most correlated with gastrointestinal DLBCL patients, we then performed to detect the mutation frequency, immune cell infiltration, and immunotherapy of the ten key genes in the DLBCL cohort. The results revealed that the mutation rate of KLHL14 in somatic cells is five percent. Further, For KLHL14, the analysis of immune cells demonstrated that B cells, T helper cells, The cells, and Tcm are positively correlated with the expression level of KLHL14. Also, the response of immunotherapy in gastrointestinal DLBCL patients is closely associated with KLHL14. The former study demonstrated that KLHL14 is frequently inactivated in mature B-cell malignancies, especially in diffuse large B-cell lymphomas, whose survival is dependent on the signaling of B-cell receptors26. In another study, KLHL14 was found to be a predictive factor of poor prognosis in patients with ovarian cancer and a target for early detection. A significant level of KLHL14 expression was observed in ovarian cancer patients at all stages (26). In this work, KLHL14 was considered as a good marker in gastrointestinal DLBCL patients.

Finally, we explored the potential pathways that are closely associated with KLHL14, the results revealed that KLHL14 is highly correlated with lymphoma. Some pathways, include lymphocyte proliferation and lymphocyte differentiation. In addition, the immune-related pathways, such as immune response, immunoglobulin receptor binding, and immunoglobulin complex circulating were also closely associated with KLHL14. Blocking the PD-1 pathway in DLBCL has led to regulatory approval, and clinicians are eager to assess their utility early in the course of the disease. The development of reliable biomarkers to identify which patient subgroups are likely to benefit from checkpoint blockade is therefore necessary for lymphoma subtypes with limited response. To follow up on these observations, prospective clinical studies using immune checkpoint inhibitors are being conducted. It is important to develop reliable biomarkers in lymphoma subtypes with a limited response to checkpoint blockade to predict which subgroup of patients will benefit from these drugs.



Data availability statement

The original contributions presented in the study are included in the article/supplementary material. Further inquiries can be directed to the corresponding author.



Author contributions

XJ and HZ contributed equally to this work. All authors contributed to the article and approved the submitted version.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



References

1. Salar, A. Gastric MALT lymphoma and helicobacter pylori. Med Clin (Barc) (2019) 152(2):65–71. doi: 10.1016/j.medcli.2018.09.006

2. Hollie, N, and Asakrah, S. MALT lymphoma of the colon: a clinicopathological review. J Clin Pathol (2020) 73(7):378–83. doi: 10.1136/jclinpath-2019-206377

3. Zucca, E, and Bertoni, F. The spectrum of MALT lymphoma at different sites: biological and therapeutic relevance. Blood (2016) 127(17):2082–92. doi: 10.1182/blood-2015-12-624304

4. Borie, R, Antoine, M, Cadranel, J, and Wislez, M. Lymphome du MALT pulmonaire [Pulmonary malt lymphoma]. Bull Cancer (2014) 101(2):195–202. doi: 10.1684/bdc.2014.1885

5. Fischbach, W. MALT lymphoma: Forget surgery? Dig Dis (2013) 31(1):38–42. doi: 10.1159/000347176

6. Belaydi, W, Abdallah, E, Jouidi, W, Kettani, F, and Berraho, A. Lymphome conjonctival primitif unilatéral de type MALT [Primary unilateral conjunctival MALT lymphoma]. J Fr Ophtalmol (2021) 44(2):291–2. doi: 10.1016/j.jfo.2020.03.009

7. Du, MQ. MALT lymphoma: Genetic abnormalities, immunological stimulation and molecular mechanism. Best Pract Res Clin Haematol (2017) 30(1-2):13–23. doi: 10.1016/j.beha.2016.09.002

8. Du, MQ. MALT lymphoma: A paradigm of NF-κB dysregulation. Semin Cancer Biol (2016) 39:49–60. doi: 10.1016/j.semcancer.2016.07.003

9. Thieblemont, C, Cascione, L, Conconi, A, Kiesewetter, B, Raderer, M, Gaidano, G, et al. A MALT lymphoma prognostic index. Blood (2017) 130(12):1409–17. doi: 10.1182/blood-2017-03-771915

10. Gisbert, JP. Linfoma gástrico MALT [Gastric MALT lymphoma]. Rev Esp Enferm Dig (2013) 105(5):303. doi: 10.4321/s1130-01082013000500011

11.MALT lymphoma prognostic index. Blood (2017) 130(12):1486. doi: 10.1182/blood-2017-08-801977

12. Van de Vyver, G, Vandamme, T, Steger, PH, and Staessen, D. Gastric MALT-lymphoma: more than helicobacter pylori. Acta Gastroenterol Belg (2021) 84(4):657–9. doi: 10.51821/84.4.016

13. Thieblemont, C, and Zucca, E. Clinical aspects and therapy of gastrointestinal MALT lymphoma. Best Pract Res Clin Haematol (2017) 30(1-2):109–17. doi: 10.1016/j.beha.2017.01.002

14. Deng, W, Wan, Y, and Yu, JQ. Pulmonary MALT lymphoma has variable features on CT. Sci Rep (2019) 9(1):8657. doi: 10.1038/s41598-019-45144-9

15. Lalya, I, and Mansouri, H. MALT lymphoma of the conjunctiva. QJM (2017) 110(10):679. doi: 10.1093/qjmed/hcx123

16. França, SR, Fernandes, JDL, Alves, RL, Chaves, FN, de Oliveira, DHIP, and da Silva Sampieri, MB. Diagnostic challenge of T-cell MALT lymphoma in oral cavity. Oral Oncol (2020) 108:104934. doi: 10.1016/j.oraloncology.2020.104934

17. Du, MQ. MALT lymphoma: Many roads lead to nuclear factor-κb activation. Histopathology (2011) 58(1):26–38. doi: 10.1111/j.1365-2559.2010.03699.x

18. Fischbach, W. Gastric MALT lymphoma - update on diagnosis and treatment. Best Pract Res Clin Gastroenterol (2014) 28(6):1069–77. doi: 10.1016/j.bpg.2014.09.006

19. Zotti, F, Fior, A, Lonardi, F, Albanese, M, Nocini, R, and Capocasale, G. Oral MALT lymphoma: Something to remember. Oral Oncol (2020) 103:104564. doi: 10.1016/j.oraloncology.2019.104564

20. Rosebeck, S, Rehman, AO, Lucas, PC, and McAllister-Lucas, LM. From MALT lymphoma to the CBM signalosome: Three decades of discovery. Cell Cycle (2011) 10(15):2485–96. doi: 10.4161/cc.10.15.16923

21. Borie, R, Caro, V, Nunes, H, Kambouchner, M, Cazes, A, Antoine, M, et al. No evidence for a pathogen associated with pulmonary MALT lymphoma: A metagenomics investigation. Infect Agent Cancer (2021) 16(1):10. doi: 10.1186/s13027-021-00351-w

22. Vicente-Dueñas, C, Cobaleda, C, Martínez-Climent, JÁ, and Sánchez-García, I. MALT lymphoma meets stem cells. Cell Cycle (2012) 11(16):2961–2. doi: 10.4161/cc.21264

23. Floch, P, Mégraud, F, and Lehours, P. Helicobacter pylori strains and gastric MALT lymphoma. Toxins (Basel) (2017) 9(4):132. doi: 10.3390/toxins9040132

24. Travaglino, A, Varricchio, S, Pace, M, Iuliano, A, Picardi, M, Tranfa, F, et al. Hepatitis c virus in MALT-lymphoma of the ocular adnexa. Pathol Res Pract (2020) 216(4):152864. doi: 10.1016/j.prp.2020.152864

25. Izumi, K, Nishikori, M, Yuan, H, Otsuka, Y, Nakao, K, and Takaori-Kondo, A. Establishment and characterization of a MALT lymphoma cell line carrying an API2-MALT1 translocation. Genes Chromosomes Cancer (2020) 59(9):517–24. doi: 10.1002/gcc.22855

26. Di Lollo, V, Canciello, A, Orsini, M, Bernabò, N, Ancora, M, Di Federico, M, et al. Transcriptomic and computational analysis identified LPA metabolism, KLHL14 and KCNE3 as novel regulators of epithelial-mesenchymal transition. Sci Rep (2020) 10(1):4180. doi: 10.1038/s41598-020-61017-y


Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Jiang, Zhang, Ni, Zhang and Ding. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fonc-12-1060496-g001.jpg
Values

10

Group
GSEA8047

° i
© Down-regulaton @ |
None ‘

© Uprregution

Fy

T
Log; (fold change)

KEGG pathway (Up)

Vitamin digestion and absorption {

Steroid hormone biosynthesis{

Refinol metabolism {

Protein digestion and absorption 1

Porphyrin and chlorophyll metabolism {
Pentose and lucuronate interconversions
PPAR signaling pathway {

Mineral absorption1

Metabolism of xenabiotics by cytochrome P4501
Histidine metabolism {

Fat digestion and absorption {

Drug metabolism — other enzymes

Drug metabolism -~ cytochrome P450{
Chemical carcinogenesis ~ receptor activation{
Chemical carcinogenesis ~ DNA adducts {
Carbon metabolism

Biosynthesis of amino acids{

Bile secretion:

Ascorbate and aldarate metabolism+

Arginine biosynthes

KEGG pathway (Down)

Type I diabetes mellitus{
Tuberculosis |

Staphylococeus aureus infection
Rheumatoid arthrits{

Primary immunodeficiency {

Osteoclast differentiation{

Neutrophil extracellular trap formation1
NF-kappa B signaling pathway {

Malaria{

Leukocyte transendothelial migration {
Leishmaniasis

Inflammatory bowel disease {

Human T cell leukemia virus | infection {
Hematopoietic cell lineage1
Cytokine-cytokine receptor interaction

Chemokine signaling pathway-

Cell adhesion molecules
B cell receptor signaling pathway 1

Amoebiasis{
AGE-RAGE signaling pathway |
in diabetic complications

Enichment Ralo

A L R e

~logl0(p.adius)

—log10(p.adjus)
1

xenbiotic metabolic process:
uronic acid metabolic process

urea metabolic process:

iglyceride metabolic process-
terpenoid metabolic process-

small molecule catabolic process:
retinoid metabolic process

respanse to xenobiotic stimulus
modified amino acid transport

lipid homeostasis:

lipid catabolic process-

isoprenoid metabolic process-

intestinal absorption

‘elucuronate metabolic process-

fatty acid metabolic process-
diterpenoid metabolic process:
digestive system process:

digestion

cellular response to xenobiotic stimulus-

cellular lipid catabolic process:

regulation of leukoeyte mediated immunity
regulation of leukocyte cell-cell adhesion:
regulation of immune effector process
regulation of cell-cell adhesion

regulation of T cell activation:

positive regulation of leukocyte activation
positive regulation of cytokine production
positve regulation of cellcell adhesion
positive regulation of cell activation:

positive regulation of T cell activation:
positive regulation of

Teukocyte cell-cell adhesion

negative regulation of immune system process

mononuclear cell proliferation
Iymphocyte proliferation
Iymphocyte differentiation:
Teukocyte cell-cell adhesion:

immune response-activating signal transduction:
immune response-activating cell surface
receptor signaling pathway

T cell activation

B cell activation:

o

Enrchment Ratio

GO (Down)

DI
e S

~log10p.adjus)

Count
o

~log10p adjus)
160

155
150
s
1o

Count
o
.
°u
®
o«






OEBPS/Images/fonc.2022.1060496_cover.jpg
, frontiers ‘ Frontiers in Oncology

Identifying tumor antigens
and immune subtypes of
gastrointestinal MALT lymphoma for
immunotherapy development





OEBPS/Images/fonc-12-1060496-g004.jpg
[eR— - sV
e e -
s s ||
Fune 8.5t Allered n 29 78.38%) o 37 samples.
frome st o | s
e s
n e s |
i
et s S -
cuon
o
S s 3 % 3 %3 § 3 I R
[ i e
. mutated genes e
P e
o
1cnG: Y 1+ e
Conor) I p
i ———— o
e N
R + M Moton + Frame SHn Do Groups
—— e s I N e o
R | Vi 5

Altered in 29 (78.38%) of 37 samples.

I m
o
o |
= I
| | v I
| [ 1
| ] [ W | [ ]
[ ]
[ |
]

Kutzp,

1aHG1

e

e
are
wsrne [l :
s B

Kusia

= Misense_Muation - Frame Shif Del
Nonsense_Mutaion + I Frime Del
= Frame SHiIns = Mali Hi

= Loves

Hoa
E
JI_I m|
o ]
coit
ato

reis
wstinic

e ]
- |

I N |

= Missnse Mussion
Nowsense Mutaion

= Frame, St Ine

» Sele S

Altered in 29 (78.38%) of 37 samples.

16
16HG2
D2

Frame.
I Fr
M

= Spec e

Altered in 29 (78.38%) of 37 samples.

]

K
canvit
1aHGI
e
wsTisiC
Fars
wstiiE

sy

san
1aHG2
ream

Frame_Shif_Del

E
.|

Groups

= Missense_Mutsion
Nonsemse Mutaion

= Frame Sk Ins

= Splee St

Groups
= Highexp
= Lowep

= M i





OEBPS/Images/fonc-12-1060496-g006.jpg
Immune checkpoint

EPIC Scors

10.0

75

5.0

25

0.0

0.9

0.64

0.34

0.0

*
i St B ua

Responder

TIDE score

e

wilcox.tests p=0.12

Gl

Groups B3 GI B3 G2

G2

Group

[=Xdl
=N

Group

=Nal
== R





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Identifying tumor antigens and immune subtypes of gastrointestinal MALT lymphoma for immunotherapy development

      

        		

          Introduction

        



        		

          Methods

        

          		

            Data sources

          



          		

            Screening of the differential expressed genes

          



          		

            GO and KEGG enrichment analysis

          



          		

            Protein-protein interaction network of TPP-related proteins

          



          		

            Prognostic prediction model for DLBCL-related genes based prognostic index construction

          



          		

            Gene set enrichment analysis

          



          		

            Classification of immune subtypes

          



          		

            Drug sensitivity analysis

          



          		

            Immune cell infiltration analysis

          



          		

            Gene set variation analysis

          



          		

            Immune landscape analysis

          



          		

            Gene set enrichment analysis

          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            Exploration of the key genes involved in the lymphoma cohort

          



          		

            Exploration of the genes that are associated with DLBCL and gastrointestinal MALT lymphoma

          



          		

            Construction of the prognostic prediction in DLBCL cohort based on the 17 intersection genes

          



          		

            Detection of the mutation frequency of 10 genes that are involved in prognostic prediction model in DLBCL cohort

          



          		

            Differences in immune cell infiltration and immunotherapy related to different expression of C3, KLHL14, VCAM1 and ZEBD2

          



          		

            Exploration of the role of KLHL14 in immune scores, immune checkpoints and ICB responses

          



          		

            Function enrichment analysis of KLHL14 in DLBCL patients

          



        



        



        		

          Discussion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Conflict of interest

        



        		

          References

        



      



      



    



  



OEBPS/Images/fonc-12-1060496-g002.jpg
Values.

5

50

~Logi P-value

25

00

P
m,..*.

© " Up-regulation

& & & & &
E s &

B
Log (fold change)

Vitamin digestion and absorption
‘Tyrosine metabolism

Steroid hormone biosynthesis-

Retinol metabolism

Proximal tubule bicarbonate reclamation
Protein digestion and absorption

Peroxisome

Pentose and glucuronate interconversions
Pancreatic secretion-

PPAR signaling pathway

Mineral absorption

Metabolism of xenobiotics by cytochrome P450
Fauty acid degradation

Fat digestion and absorption

Drug metabolism — other enzymes

Drug metabolism — cytachrome P430-

Chemical carcinogenesis - DNA adducts
Carbohydrate digestion and absorption-
Bile secretion

ABC transporters

Viral protein interaction with
cytokine and cytokine receptor
Viral myocarditis-

Type I diabetes mellitus-
Thi7 cell differentiation

Thi and Th cell differentiation:
T cell receptor signaling pathway
Rheumatoid arthritis

Primary immunodeficiency
NF-kappa B signaling pathway
Leishmar

s
Intestinal immune network for IgA production:
Inflammatory bowel disease

Human T-cell leukemia virus 1 infection-
Hematopoetic celllineage
Cytokine-cytokine receptor interaction-
Chemokine signaling pathway-

Cell adhe

B cell receptor signaling pathway-

n molecules

Asthma:

Allograft rejection

R T
KEGG pathway (Up)
.
L]
°
°
.
o
°
°
°
L
L]
.
°
o
°
.
L
.

Do T —
Enichment Rato
KEGG patlway (Down)

.
.
.
L
.
.
.
L]
.
°
.
L
°
.
.
[T T

oo ool ARy

Count
.o
o
o
®:

~log10(p adjust)
o

“logl0(padiust)

Count
o
®
o«
o

xenobiotic metabolic process
terpenoid metabolic process

small molecule catabolic process:
retinoid metabolic process

response to xenobiotic stimulus
response 10 toxic substance

response to drug

primary aleohol metabolic process
organic hydroxy compound transport-
monocarboxylic acid catabolic process-
lipid catabolic process

isoprenoid metabolic process

hormone metabolic process

fatty acid metabolic process-
diterpenoid metabolic process
digestive system process-

digestion

cellular response to xenabiotic stimulus-
cellular lipid catabolic process

cellular hormone metabolic process

regulation of lymphocyte differentiation-
regulation of leukocyte differentiation:
regulation of leukacyte cell-cell adhesion-
regulation of cell-cell adhesion

regulation of T cell activation

positive regulation of lymphocyte activation
positive regulation of leukocyte activation
positive regulation of cell-cell adhesion
positive regulation of cell adhesion

positive regulation of cell activation

positive regulation of T cell activation
positive regulation of

leukocyte cell-cell adhesion
mononuclear cell proliferation-

lymphocyte proliferation-

lymphocyte differentiation
leukocyte proliferation.
leukoeyte cell-cell adhesion
T cell differentiation-

T cell activation

B cell activation:

GO (Up)
.
L
.
L]
.
L]
.
°
.
.
.
.
L nanars
GO (Down)
.
°
°
°
°
°
.
L]
L]
.
.
.
.
L]
.
L]
.
L
.

b

W o ok o
i B

—log10(p adjust)
10

15
n
I
n
n

—logl0(p adust)





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-12-1060496-g007.jpg
Running Enrichment Score

Ranked List Metric

05

00

20

KLHL14

i

1] I’lllll
il

s GOBP_INTERLEUKIN_6_MEDIATED_SIGNALING_PATHWAY

== GOBP_INTRACILIARY_TRANSPORT
>_SENSORY_PERCEPTION_OF_SMELL.

GOCC_RNA_POLYH

GOMF_ODORANT_BINDING

GOMF_OLFACTORY_RECEPTOR_ACTIVITY

GOMF_RNA_BINDING_INVOLVED_IN_POSTTRANSCRIPTIO!

w"'ﬁ”ll'w"nl | IHI,h U llwull” "’” ' ”

ST hi 1 A

10000 20000 30000 40000 50000
Rank in Ordered Dataset

GOBP_CENTRAL_NERVOUS_SYSTEM_DEVELOPMENT
GOMF_STRUCTURAL_MOLECULE_ACTIVITY
GOBP_POSITIVE_REGULATION_OF_GENE_EXPRESSION
GOMF_RNA_BINDING.

GOCC_ENDOSOME

GOCC_LIPID_DROPLET
GOBP_NEGATIVE_REGULATION_OF_GENE_EXPRESSION
GOCC_GOLGI_APPARATUS
GOMF_TRANSPORTER_AGTIVITY
GOMF_PROTEIN_DIMERIZATION_ACTIVITY
GOCC_TRANSPORT_VESICLE
GOMF_BETA_CATENIN_BINDING
GOMF_KINASE_BINDING
GOBP_SMOOTHENED_SIGNALING_PATHWAY
G0CC_CHROMOSOME
GOMF_HISTONE_METHYLTRANSFERASE_BINDING
GOMF_CYCLIN_BINDING

GOMF_CHAPERONELBINDING
GOCC_VESICLE_MENBRANE
G0BP_L_KAPPAS_KINASELNFLKAPPABSIGRALING

GOCC_PERINUGLEAR_REGION._OF_CYTOPLASM

[
tvalue of GSVA score, tumor
vl g ohasoi et Scte





OEBPS/Images/logo.jpg
& frontiers | Frontiers in Oncology





OEBPS/Images/fonc-12-1060496-g005.jpg
ioc — Beels —— 9]
TReg T el cells — e
o0C ™2 colls — e
Necalls Tom —_—
Beals ——— o coBT cals te
Mast celis o Teols L e
TFH —e = Tem o 3]
Teells _ ors TReg o o
T cell e om e - o
o8 T cols { —_— td Mastcats | |
™ cels —_— Tod o Constion
NK CDS6dim cells —o e NK cells { o— Q o1
Macrphegse le 8 Thi7 cetls — 8 o2
Cylotoric cells re Qos Eosinophis *— ol
T helpe cels o Qo oo — Qs
Tem r Cytotoxic cells. *— O -
o o ™ cells [ e
Th cells o aDC. *——
Nk CDSBbrght cells - NK CDSebrightcels *——
Eosiophis o] o] @——
anc — Neurophis { _ @——————
Tom *— Macrophages | @——————
Tod *—| Nk CDS6am cots | @———————
Noutophils | @————— poc | @——]
<2 0 o2 4 54 <z 00 oz 04 o6
Correlation Correlation
o] Tets ] f—m———"9 D NK CDS6m cols
cooTeats ] —————— @ Tom
Thopercots ] ————— @ Tht cate e
wwf—————— @ Neutrophis L o
et ] F———— @ o o
mirests{ ——— @ Mastcols _
Oytotoxiccets] ————— @ Puake o8 T cells L o [
wc| —— @ o TeH o o
ol —— @ o a0c _ os0
TReg| ———————@ oz ™7 cels _ oz
Mestcets | ———————@ oc _
Eosinophis | —————@ Corton Eosinophis —_— Coraten
pc] F————@ 8 0z Macrophages. _ Q ot
o 9 o Cytotoric cells o Q oz
NK CosBamcels | ————@ Oee Tesls — Qus
Neutophis { ————@ NK CDSBbrightcols —
Th2cets{ ————@ T neler cels e
NK cells. —e Tem re
Macrophages { | ———@ Tod o
oc{ ——® soC o
NK CD5Bbright cells {  ———@ B cells |
Tom{ —® TReg —
Tea] fo Th2cels | 8—|
Beells { of K oot | @——]
) 0z ) e 08 1 0o o o2 i)
Correlation Gorralation
E 10g.() =930, p = 0,081 Pspessan = —0.29, Cligs, [~0.57, 0,051, mpuiss = 37 F 108.(8)=9.22, p = 0.250, Pspesrmaa = ~0.19, Clogai [0.50, 0.15], mpucs = 37
. .
30- 30-
. .
. .
. .
25-
B B
H H
- 2 20-
= =
= =
15- 0y
.
° 4 Se . o® L
10- o 10- o
. .
i B 6 4 % $ 0 3 i 6
Log2 (C3 expression) Log2 (KLHL14 expression)
G log.(S) P = 0.044, Ppeasan = ~0.33, Clossq [~0.60, 0.00], npeies = 37 H 10g(8) =9.09, p = 0.772, Bpeumman = ~0.05, Closag [-0.38, 0.29], mpuire = 37
. .
30- 30-
. .
. .
. .
25- 25- .
5 Ly
e .
¢ t e’ o
g g =
H 20- g 0-
e E L) )
L .
L5~ 15- . .
b4 .
RS .
L4 L] . L)
1.0- o 10-
. .
2 H i H 6 3 i 6 H

Lot (VCAMI expression) Log2 (ZBED2 expression)





OEBPS/Images/fonc-12-1060496-g003.jpg
Vaarovoc]
@ Down-regulatiof GABARAP

300] © None =

@ Up-regulation -

20

~Login FDR

100

T [CobAIHexc) [ Cei
o

]

°
%0 ©

E) I3
Log, (fold change)

DLBCL
(7412)

Stomach
(2329)

Riskscore

Time

Buodenum
(684)

o
PLEKHGI

cxcLy

RiskType .

o High risk .

o Lowsisk z
]
=
H
g
8

. Stas
® o Al
o Dt
. *a

10

000

Lo

050

o

roups-High groups {
roups-Low groups-

1 R(High goupsT 94
- - osvicn sTsn” < -

=+ sroups=High groups
== groups-Low groups

Type

— 1-Years AUC-098295%CI0.95-1014)
— 3-Years AUC-0.869.9CI0.729-1009)
5 Years AUC-0.924 95°4CH0 816-1032)

oo

g

%0
Falsc positive fraction

o W






