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ABSTRACT: The current classification system for diffuse large B-cell lymphoma (DLBCL) cannot fully explain prognostic 

differences in DLBCL patients. Cuproptosis is a newly discovered programmed cell death which depends on copper ions. In this 

study, a prognostic model based on cuproptosis-related genes was constructed using a public database. COX regression analysis 

was performed on training set-GSE31312 to construct a prognostic model based on cuproptosis-related genes, and the validation 

set-GSE181063 was used to verify the prognostic model. Gene Set Enrichment Analysis (GSEA) was used to explore the underlying 

mechanism behind differences in the prognosis of DLBCL patients. Finally, molecular docking was used to screen out compounds 

that may act on cuproptosis-related genes. A prognostic model based on 5 cuproptosis-related genes was constructed 

(CDKN2A×1.547905713-DLAT×2.241073725-DLD×1.907442964-LIPT1×2.689158994-MTF1×2.069682266) from training set-

GSE31312. According to this model, DLBCL patients were divided into high-risk and low-risk groups. The survival time of high-

risk patients was significantly shorter than that of the low-risk group (p = 2.636 × 10−7). In the validation set-GSE181063, the 

survival time of the high-risk group was also shorter than that of the low-risk group (p = 2.462 × 10−3). Among the 5 cuproptosis-

related genes, only CDKN2A played a tumorigenesis role. Finally, three small molecule compounds with the lowest CDKN2A 

binding energy were found by virtual docking: irinotecan, lumacaftor and nilotinib, which may be used as potential targeted drugs. 

A prognostic model based on 5 cuproptosis-related genes was constructed in this study, and 3 potential targeted inhibitors of 

CDKN2A were screened out by molecular docking. 
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1. Introduction 

Diffuse large B-cell lymphoma (DLBCL), the most common non-Hodgkin's lymphoma (NHL), is a highly 

heterogeneous and invasive cancer [1]. The current standard treatment for DLBCL is R-CHOP, a combination of 

rituximab with cyclophosphamide, adriamycin, vincristine and prednisone [2]. R-CHOP is effective for most DLBCL 

patients; however, 30%–40% of patients with refractory or relapse still have a poor prognosis [3]. The International 

Prognostic Index (IPI) is the most commonly used prognostic indicator for DLBCL patients. It is composed of common 

clinical features, including the Eastern Cooperative Oncology Group (ECOG) score, age, stage, extranodal lesions, and 

lactate dehydrogenase [4]. Cell origin classification (COO) can classify DLBCL into two main subtypes, namely 

germinal center B cell (GCB) and non-germinal center B cell (non-GCB) [5]. Compared with GCB subtype, non-GCB 

DLBCL patients have stronger invasion, higher drug resistance, higher recurrence rate and worse prognoses [6]. Based 
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on the immunohistochemistry and FISH results of BCL2, BCL6, and MYC, "double-protein" and "double-hit" or 

"triple-hit" types can be identified as having worse prognoses [7,8]. In addition, LymphGen Genetic Subtype Classifier, 

which is a widely used gene expression based prognostic classifier in clinic, divides DLBCL patients into seven 

subtypes: MCD, N1, A53, BN2, ST2, EZB/MYC+, and EZB/MYC- [1]. However, the above prognosis prediction, which 

is based on clinical characteristics, cell origin and gene expression, cannot fully explain the heterogeneity in DLBCL 

patients [9,10]. 

Recently, Peter et al. discovered cuproptosis, a new regulated cell death pattern that depends on copper ions, which 

is different from apoptosis, iron death and necrosis [11]. Copper ions directly bind to the lipoacylated components of 

tricarboxylic acid cycle (TCA) which leads to abnormal aggregation of lipoacylated proteins and loss of iron-sulfur 

cluster proteins, resulting in protein toxic stress and cell death [11]. In addition, the study found that seven genes (FDX1, 

LIAS, LIPT1, DLD, DLAT, PDHA1, and PDHB) inhibited cuproptosis, while three genes (MTF1, GLS, and CDKN2A) 

promoted it [11]. As a newly discovered pattern of regulated cell death, there have been studies showing that cuproptosis 

plays an important role in lung cancer, hepatocellular carcinoma, melanoma and other tumors [12–14]. However, the 

role of cuproptosis and cuproptosis-related genes in tumorigenesis, development, and prognosis remains unclear for 

DLBCL patients. 

Therefore, this study explored the effects of cuproptosis-related genes on the prognosis of DLBCL patients by 

analyzing the DLBCL dataset from the public database. A prognostic model based on cuproptosis-related genes was 

constructed, hoping to provide a new idea for the treatment and prognosis evaluation of DLBCL patients. 

2. Materials and Methods  

2.1. Datasets 

Ten cuproptosis-related genes (FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, and CDKN2A) 

were derived from the study of Peter et al. [11]. Two datasets related to this study were obtained from the GEO database 

(https://www.ncbi.nlm.nih.gov/geo/). Then, the gene expression value was normalized by RMA function. GSE31312 

(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE31312) dataset, containing 498 DLBCL patients who were 

newly diagnosed between January 2002 and October 2009, was generated using the GPL570 (Affymetrix Human 

Genome U133 Plus 2.0 Array) platform. All patients were treated with R-CHOP, while only 475 patients' clinical 

information was available. After removing 5 patients without a GSM code, 470 samples were enrolled in the following 

study. GSE181063 dataset consists of 1310 samples diagnosed between 1 September 2004 and 31 August 2012, which 

was generated using the GPL14951 (Illumina Human HT-12 WG-DASL V4.0 R2 expression bead chip). GSE181063 

(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE181063) dataset contains 1149 DLBCL, 21 DLBCL-HL, 83 

Burkitt, 40 Hodgkin, 1 LPD-NOS, 1 MGUS, 15 Plasmacytoma, and 1042 DLBCL In this study, 765 of the 1042 DLBCL 

patients treated with R-CHOP were enrolled. The patients' clinical information was summarized in Table 1. 

  



Blood and Genomics 2024, 1, 10002 3 of 13 

 

Table 1. Clinical information of patients. 

Characteristics GSE31312 Cohort GSE10846 Cohort 

No. of patients 470 765 

Age, year   

>60 270 538 

≤60 200 227 

Gender   

Female 199 364 

Male 271 401 

Stage   

I/II 220 257 

III/IV 229 425 

Unknown 21 83 

IPI score   

0 44 50 

1 125 123 

2 105 164 

3 92 150 

4 51 84 

5 7 13 

Unknown 46 182 

Subtype   

GCB 227 360 

non-GCB 243 405 

Survival status   

Dead 170 351 

Alive 300 414 

2.2. Unsupervised Cluster 

Unsupervised clustering analysis, namely hierarchical cluster analysis, was performed through R package 

"ConsensusClusterPlus", and visualized by heatmap. Pearson correlation coefficient [15], average linkage [16] and 

hierarchical clustering method [17] were adopted for cluster analysis. GSE31312 patients were clustered by the 

expression of cuproptosis-related genes. 

2.3. Immune Infiltration Analysis 

GSE31312 was utilized for immune infiltration analysis. The CIBERSORT algorithm was employed to estimate 

the infiltration of immune cells in cluster1 and cluster2 [18]. The results were visualized by heatmap. The boxplot 

displayed the proportion of 22 immune cell types in cluster1 and cluster2. 

2.4. Functional Enrichment Analysis 

GSEA (V4.1.0) software was employed to compare the difference of mechanism between cluster1 and cluster2. 

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses were performed [19–

21]. Physiological functions, including cellular component (CC), molecular function (MF), and biological process (BP), 

were incorporated in the GO analysis. The items with p < 0.05 in the Benjamini-Hochberg test were considered 

statistically significant. 

2.5. Construction of Prognostic Models 

Univariate COX regression analysis was used to screen cuproptosis-related genes that significantly affected the 

prognosis of DLBCL patients, and then multivariate COX regression was used to construct a prognosis model based on 

cuproptosis-related genes. Finally, the model was verified by GSE181063. 
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2.6. Nomogram Model 

Univariate and multivariate regression analyses were performed to screen for independent prognostic factors in 

patients' clinical characteristics and the cuproptosis-related model (p < 0.05). A Nomogram model was constructed by 

integrating independent prognostic factors using RMS package (v6.2-0).  

2.7. Molecular Docking 

The protein structures of cuproptosis-related genes were downloaded through the PDB database 

(https://www.rcsb.org/), and dehydrate and hydrogenate protein structures were downloaded through PyMOL (v2.4.1) 

and AutoDock tools (v1.5.6). The binding pocket of the protein was predicted through proteins.plus 

(https://proteins.plus/), and then the size and coordinates of the pocket were calculated through autodock tools (v1.5.6). 

A total of 2115 FDA approved small molecule compounds were downloaded from the ZINC15 website 

(https://zinc.docking.org/substances/subsets/fda/). Finally, AutoDock Vina (v1.2.0) was used to dock the protein 

structures of cuproptosis-related genes and small molecular compounds to obtain their respective binding energies. 

3. Results 

3.1 DLBCL Patients Were Clustered According to the Expression of Cuproptosis-Related Genes 

To explore the prognostic value of cuproptosis genes in DLBCL and its potential mechanism, public data were 

used. The specific process is shown in Figure 1. 

A total of 470 DLBCL patients in the GSE31312 dataset were clustered by unsupervised clustering on the basis of 

the expression of 10 cuproptosis-related genes. As shown in Figure 2A, the patients were divided into two clusters 

(cluster1 and cluster2). The heatmap showed that there were significant differences in gene expression between different 

clusters (Figure 2B). Principal component analysis (PCA) indicated that DLBCL patients were well distributed into two 

categories (Figure 2C). Further survival analysis found that there was a significant difference in the overall survival 

(OS) between the two clusters (p = 1.62 × 10-6) (Figure 2D). 

 

Figure 1. Flowchart of the process in this study. 
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Figure 2. Unsupervised cluster. (A): 470 patients of GSE31312 were clustered into cluster1 and cluster2 according to 10 

cuproptosis-related genes. (B): The expression heatmap of the cuproptosis-related genes in cluster1 and cluster2. (C): PCA 

distribution of cluster1 and cluster2. (D): Survival analysis between cluster1 and cluster2 (p = 1.62 × 10-6). 

3.2. The Construction of Prognosis Model 

Univariate Cox regression analysis of 10 cuproptosis-related genes showed that 6 genes significantly affected the 

prognosis of DLBCL patients (Table 2). These 6 cuproptosis-related genes were used for multivariate Cox regression 

analysis to build a prognosis model. Finally, PDHB was excluded from the model, and a prognostic model based on 

Cuproptosis-related Signature (CRS) and composed of five cuproptosis-related genes (CDKN2A×1.547905713-

DLAT×2.241073725-DLD×1.907442964-LIPT1×2.689158994-MTF1×2.069682266) was obtained. 

According to the model score, the patients were divided into high-risk (n = 111) and low-risk groups (n = 112). 

The two groups' survival analysis showed that the prognosis of high-risk and low-risk patients was significantly different 

(p = 2.636 × 10-7) (Figure 3A,C,D). The efficiency of the prognostic model was judged by ROC curve, where AUC = 

0.7 (1 year), 0.7 (3 years), 0.65 (5 years) (Figure 3B), indicating that the prediction efficiency of the model was good.  

GSE181063 dataset (n = 765) was used to verify the above prognostic model. Survival analysis showed that the 

model could effectively distinguish patients into high-risk and low-risk groups (p = 2.462 × 10-3) (Figure S1). 

Table 2. Univariate Cox regression analysis of 10 cuproptosis-related genes. 

Symbol HR HR.95L HR.95H P value 

LIPT1 0.031892 0.0078 0.130396 1.62E-06 

DLAT 0.039307 0.008458 0.18268 3.65E-05 

DLD 0.042221 0.008651 0.206068 9.12E-05 

PDHB 0.05484 0.009328 0.322407 0.001316 

CDKN2A 4.767629 1.119743 20.29955 0.034603 

MTF1 0.072192 0.005988 0.870314 0.038516 

LIAS 0.290913 0.065003 1.301945 0.106339 

FDX1 0.268458 0.042605 1.69159 0.16144 

PDHA1 0.511945 0.027499 9.530951 0.65359 

GLS 0.651152 0.057746 7.342421 0.728536 
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Figure 3. Risk score model based on 5 prognostic related Cuproptosis Genes in GSE31312. (A): Kaplan–Meier curves of OS in 

high-risk and low-risk groups. (B): Time-dependent ROC curves for 0, 1, 3, 5 years. The distribution of the risk score (C) and 

survival time (D) in 470 DLBCL patients, with a median of 0.945 selected as the cutoff. 

3.3. Predictive Stability Analysis of Prognostic Model 

After the 470 patients were grouped according to clinical characteristics (Ann Arbor Stage, Age, B-Symptom, 

Bulky, COO, ECOG, Gender, IPI, and LDH), the survival analyses of patients in high-risk and low-risk groups was 

carried out respectively. The results showed that the model could still predict the prognosis of patients effectively (P < 

0.0001) (Figure S2). 

3.4. The Construction of Nomogram 

Univariate Cox analysis of clinical characteristics (Gender, IPI, B-symptom, COO, and Bulky) and CRS of DLBCL 

patients showed that IPI, COO, and CRS could significantly affect the prognosis of DLBCL patients (Figure 4A). 

Multivariate Cox regression analysis of the above prognostic factors revealed that IPI, COO and CRS were independent 

prognostic factors of DLBCL patients (Figure 4B). The IPI, COO, and CRS were combined to construct a nomogram 

prognostic model (Figure 4C). The ROC curve (Figure 4D) and calibration curve (Figure 4E–G) suggested that this 

model was effective.  
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Figure 4. Nomogram based on CRS and clinical factors. (A): The univariate Cox regression analyses of Gender, IPI, B-symptom, 

COO, Bulky and CRS. (B): The multivariate Cox regression analyses of IPI, COO, and CRS. (C): Nomogram for predicting 1-, 3-, 

and 5-year OS. (D): Time-dependent ROC curves for 0, 1, 3, 5 years. (E–G). Calibration curves predicted and observed 1-, 3-, and 

5-year survival nomogram consistency. 

3.5. Functional Enrichment Analysis 

The biological function differences between DLBCL patients in high-risk and low-risk groups were analyzed by 

GSEA. The late endosome to vacuole transport (GOBP) (Figure 5A) enriched in the high-risk group. The mRNA 

transcription (GOBP) (Figure 5B) and drug metabolism-other enzymes (KEGG) (Figure 5C) enriched in the low-risk 

group (P < 0.01, FDR < 0.25). 
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Figure 5. GSEA analysis between high-risk and low-risk groups. (A): The late endosome to vacuole transport enriched in the high-

risk group. (B): The mRNA transcription enriched in the low-risk group. (C): The drug metabolism-other enzymes enriched in the 

low-risk group. 

 

Figure 6. Immune cell infiltration (A) and the distribution of specific cells (B) in DLBCL patients between the high-risk group and 

the low-risk group. * P < 0.05, ** P < 0.01. 

3.6. Analysis of Immune Infiltration between Subtypes 

CIBERSORT was used to analyze the immune cell infiltration of DLBCL patients. It can be seen that there is no 

significant difference in the degree of immune infiltration between high-risk and low-risk groups from the heatmap 

(Figure 6A). The distribution of specific cells was further explored between patients in high-risk and low-risk groups 

through the box plots. Plasma cells, memory-resting CD4+ T cells, and eosinophils were highly expressed in the low-

risk group (P < 0.05), and activated dendritic cells were highly expressed in the high-risk group (P < 0.01) (Figure 6B). 
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3.7. Screening Targeted Small Molecule Compounds 

Among the 5 cuproptosis-related genes, CDKN2A showed a significant facilitating effect on DLBCL. Therefore, 

this study hopes to screen possible targeted inhibitors of CDKN2A through molecular docking. The protein structure of 

CDKN2A was obtained from the PDB database. The proteins.plus website was employed to predict the most likely 

binding CDKN2A pocket (Figure 7A), which was selected for subsequent molecular docking. The 2115 FDA approved 

compounds were obtained from the ZINC15 database, which were docked with CDKN2A to identify compounds with 

the lowest binding energy. It was found that three compounds (non-psychoactive) with the lowest binding energy to 

CDKN2A were irinotecan, lumacaftor, and nilotinib (Figure 7B–D). Subsequently, our team will verify the effects of 

these three drugs on DLBCL in vitro and in vivo to guide clinical practice. 

 

Figure 7. Molecular docking of CDKN2A. (A): The protein structure of CDKN2A and three predicted binding pockets. Combination 

mode diagrams of CDKN2A with irinotecan (B), lumacaftor (C), and nilotinib (D).  

4. Discussion 

DLBCL is a highly heterogeneous malignant tumor. Following the invention of rituximab, the prognosis of DLBCL 

patients has been significantly improved; however, 40% of patients still do not benefit from it. With the development 

of sequencing technology, there are new prognostic models for predicting the prognosis of DLBCL patients based on 

gene expression. Some of these models were widely used in the clinic, such as COO classification based on Cell Origin 

[5] and LymphGen Classifier based on the expression levels of some important genes [1]. Simultaneously, some 

exploratory studies that constructed prognostic models based on immune-related genes also achieved better results 

[22,23]. A prognostic model based on metabolism-related genes was constructed by He et al. [24]. Additionally, 

research was conducted to predict the prognosis of DLBCL patients based on the immune infiltration score [25]. 

However, none of these studies can fully explain the prognosis heterogeneity in DLBCL patients. Our study aims to 
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find a new prognostic model for DLBCL patients according to newly discovered mechanisms related to tumorigenesis 

and development.  

Previous studies showed that regulated cell death (RCD) plays an important role in many diseases [26]. Apoptosis 

is the most intensively studied form of RCD, which involves the targets of almost all tumor treatment strategies [27]. 

As a relatively new discovery, ferroptosis has been widely evaluated in various tumors, such as melanoma, clear cell 

renal cell carcinoma, breast cancer, lung adenocarcinoma, hepatocellular carcinoma, etc [28–33]. Ferroptosis related 

genes, especially in DLBCL patients, can reliably predict the prognosis of patients and can also provide an assessment 

of the ibrutinib response [34]. As a new RCD, the role of cuproptosis in tumorigenesis and development is still unknown. 

At present, a few studies found that cuproptosis-related genes play an important role in some tumors, including 

melanoma, liver cancer, soft tissue sarcoma, and clear cell carcinoma [12,14,35,36]. This study was designed to 

investigate the predictive value of cuproptosis-related genes in DLBCL. This involved the construction of a prognostic 

model, CRS, based on 5 cuproptosis-related genes: CDKN2A, DLAT, DLD, LIPT1, and MTF1. The Kaplan-Meier 

survival analysis suggested that CRS is significantly associated with the OS of DLBCL patients in the presented training 

set (p = 2.636 × 10-7) and validation set (p = 2.251 × 10−4). 

Our model can predict the prognosis of DLBCL patients as well as the models mentioned above. However, we 

found, for the first time, new biological functions and genes that affect the prognosis of DLBCL patients. 

In the GSEA analysis of the high-risk and low-risk groups, the drug metabolism-other enzymes, mRNA 

transcription and late endosome to vacuole transport were significantly different.  Other studies showed that these 

functions play a crucial role in the tumorigenesis and development of DLBCL or other lymphomas [37–41]. Our results 

further confirmed that these functions significantly impact the prognosis of DLBCL patients. 

DLD and DLAT are dihydrolipoamide metabolism-related genes. One study found that DLD is related to the 

prognosis of certain tumors [42], while DLAT is rarely studied. Our study is the first to show that DLD and DLAT are 

associated with the prognosis of DLBCL patients. Dihydrolipoamide plays a crucial role in the tricarboxylic acid cycle, 

and therefore, we speculate that DLD and DLAT affect patient prognosis by participating in the energy metabolism of 

tumor cells. We will verify this hypothesis through further experiment in vitro and in vivo. 

The melanoma patients with higher LIPT1 expression showed longer OS than those with lower LIPT1 expression 

after immunotherapy. In addition, compared with normal tissues, LIPT1 was highly expressed in 18 tumor tissues 

including DLBCL, and its expression level was positively correlated with the expression of 8 immune checkpoint genes, 

especially PD-L1. Therefore, LIPT1 is expected to become a regulator and predictor for immune checkpoint block 

therapy in a variety of tumors [14]. 

The products encoded by MTF1 target genes can inhibit the intracellular stress response induced by radiotherapy, 

thus leading to radiotherapy resistance and promoting lymphoma drug resistance and progression [43]. Integrated with 

the findings of our study, MTF1 is expected to be a therapeutic target for DLBCL patients in the future. 

Cyclin dependent kinase inhibitor 2a (CDKN2A) is a member of the cell cycle dependent kinase inhibitor family. 

It is an important tumor suppressor gene in cells and has mutations in a variety of tumors. Dysregulation of MYC-

CDKN2A-TP53 signaling pathway is common in NHL [44]. Recurrent mutations of MYC, ID3, DDX3X, and 

9p21/CDKN2A homozygous deletion can often be detected in some high grade B-cell lymphoma-NOS (HGBCL-NOS) 

[45]. Interestingly, through the GEPIA database (http://gepia.cancer-pku.cn/) [46], it was found that the high expression 

of CDKN2A in various tumors, such as colon cancer/liver cancer, indicated poor prognosis. This study also found similar 

results in DLBCL, where higher expression of CDKN2A suggests a poorer prognosis, which is inconsistent with the 

role of its tumor suppressor gene. Therefore, it is believed that there are many unknown mechanisms in the transcription, 

translation, and epigenetic modification of CDKN2A. We hope to reveal these inconsistencies through further research. 

It is worth mentioning that this study found that the high expression of CDKN2A is related to poor prognosis in 

DLBCL. Therefore, we conducted virtual screening of CDKN2A and 2115 compounds approved by FDA, and found 

three compounds with the lowest binding energy to CDKN2A: irinotecan, lumacaftor, and nilotinib. We hope to verify 

their binding to CDKN2A through subsequent cell and animal experiments, and further explore whether they can be 

used as targeted inhibitors to prolong the survival of DLBCL patients. 

In summary, this study constructed a prognostic model that can predict the prognosis of DLBCL patients based on 

5 cuproptosis-related genes, and preliminarily discussed the functional enrichment differences between patients with 

high and low risk scores. Finally, we screened out 3 compounds that may be used as targeted inhibitors for CDKN2A 

through molecular docking. 
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Supplementary Materials 

The following supporting information can be found at: https://doi.org/10.35534/BG20240110002, Figure S1: To 

test the efficacy of the prognostic model in validation cohort, GSE181063. Figure S2: To predict the stability of this 

prognostic model. 
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