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ABSTRACT

Diffuse large B cell lymphoma (DLBCL) is a highly heterogeneous disease with diverse clinical and molecular
features. Telomere maintenance is widely present in tumors, but there is a lack of relevant reports on the role
of telomere-related genes (TRGs) in DLBCL. In this study, we used consensus clustering based on TRGs
expression to identify two molecular clusters with distinct prognoses and immune cell infiltration. We
developed a TRGs scoring model using univariate Cox regression and LASSO regression in the GSE10846 training
cohort. DLBCL patients in the high-risk group had a worse prognosis than those in the low-risk group, as
revealed by Kaplan-Meier curves. The scoring model was validated in the GSE10846 testing cohort and
GSE87371 cohort, respectively. The high-risk group was characterized by elevated infiltration of activated DCs,
CD56 dim natural killer cells, myeloid-derived suppressor cells, monocytes, and plasmacytoid DCs, along with
reduced infiltration of activated CD4 T cells, Type 2 T helper cells, y6 T cells, NK cells, and neutrophils.
Overexpression of immune checkpoints, such as PDCD1, CD274, and LAG3, was observed in the high-risk group.
Furthermore, high-risk DLBCL patients exhibited increased sensitivity to bortezomib, rapamycin, AZD6244, and
BMS.536924, while low-risk DLBCL patients showed sensitivity to cisplatin and ABT.263. Using RT-qPCR, we
found that three protective model genes, namely TCEAL7, EPHA4, and ELOVL4, were down-regulated in DLBCL
tissues compared with control tissues. In conclusion, our novel TRGs-based model has great predictive value for
the prognosis of DLBCL patients and provides a promising direction for treatment optimization.

INTRODUCTION

Diffuse large B-cell lymphoma (DLBCL), which is the
most common subtype of non-Hodgkin’s lymphoma,
is a highly heterogeneous disease with diverse clinical
and molecular features. Based on the cell of origin
(CO0) of lymphoma cells, DLBCL can be classified
into germinal center B-cell (GCB) and activated B-cell
(ABC) subgroups [1]. ABC DLBCL patients generally

have worse prognosis. It is worth noting that DLBCL
patients with similar clinicopathological characteristics
have different prognoses [2]. The standard first-line
therapy for DLBCL is rituximab plus cyclophosphamide,
doxorubicin, vincristine, and prednisone (R-CHOP).
Although R-CHOP can achieve long-term remissions
in most DLBCL patients, 30-40% of them experience
relapse with poor prognoses [3]. Various strategies have
been explored to improve the efficacy of the standard
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regimen, including dose intensification, novel
therapeutic agents, and next-generation anti-CD20
antibodies [4-6]. However, these approaches have not
yielded significant clinical benefits [7]. Therefore, early
prognosis evaluation and optimization of therapeutic
options are crucial for improving the survival outcomes
of DLBCL patients. The international prognostic index
(IP1) is currently a widely used clinical tool for pre-
dicting the prognosis of DLBCL patients [8]. However,
it has a weakness in effectively identifying prognosis
of DLBCL patients with very poor survival. As the
IP1 score only provides prognostic information based on
clinical variables, a gene expression-based signature
may be a valuable supplement for further assessing the
prognosis of DLBCL.

In the process of genome replication in most organisms,
the main mechanism of telomere length maintenance
is the completion of DNA telomere repeats by telome-
rase [9]. Telomerase is a ribonucleoprotein complex
composed of ribonucleic acid (RNA) and protein. Its
core dimer consists of telomerase reverse transcriptase
(TERT) and telomerase RNA component (TERC),
which is used as a template for RNA-dependent DNA
synthesis [10]. Telomere maintenance is widely present
in tumors and plays an important role in extending
telomere length, among which telomerase activity and
alternative length of telomeres (ALT) pathway are the
main pathways for telomere maintenance. Among these
two pathways, telomerase activation is more common
and has been reported in almost all types of tumors [11,
12]. In lymphoma, Lima et al. reported that Hodgkin
lymphoma (HL) cells are most likely to have telomerase
activation pathways that extend telomeres, followed by
the ALT pathway [13]. But there are no relevant reports
in DLBCL. There are five main treatment methods for
telomerase inhibition currently, including anti-hTR of
oligonucleotides, nucleoside analogue, human telomerase
(hTERT) small molecule inhibitor, immunotherapy for
hTERT and G4 stable ligand. GRN163L (Imetelstat),
one of anti-hTR of oligonucleotides, has been proven to
have clinical efficacy in treating myelofibrosis and low-
risk myelodysplastic syndromes [14]. Because telomeres
have length abnormalities in most tumor types including
lymphoma, and telomerase inhibition is currently a clear
treatment method. Therefore, telomere-related genes
(TRGs) should also have potential functions, prognostic
judgments, therapeutic targets, and other values in
DLBCL.

In this study, we comprehensively analyze the prognostic
values of TRGs. Our analysis identified two distinct
molecular subgroups based on expression patterns of
TRGs. Notably, we developed and validated the first risk
model based on TRGs in DLBCL, which demonstrated
excellent predictive ability for the prognosis of DLBCL

patients. By RT-gPCR, we further validated expression
of candidate genes of the TRGs model, and found
three of them, TCEAL7, EPHA4 and ELOVLA4, were
significantly lower in the DLBCL lymph node tissues
and cell lines compared with normal lymph node
tissues. Furthermore, we investigated the relationship
between the immune infiltration, immune checkpoints
and TRGs risk score, and further predicted several
chemotherapy drugs that may be effective in high or
low-risk DLBCL patients.

METHODS
Data acquisition

In this study, we obtained the mRNA expression profile
and corresponding clinical information from the Gene
Expression Omnibus (GEO) database. To minimize
survival bias, we selected samples with a survival time
greater than 0 and complete survival status information.
Using this criterion, we extracted 414 samples from
the GSE10846 dataset and 221 samples from the
GSE87371 dataset. Additionally, we randomly divided
the 414 samples in the GSE10846 dataset into a training
cohort and a testing cohort at a 7:3 ratio. We used the
testing cohort in the GSE10846 dataset as an internal
validation cohort, and the GSE87371 dataset as an
external validation cohort to verify the predictive ability
of the TRG risk model. The TRGs were obtained from
Telnet (http://www.cancertelsys.org/telnet/) [15], which
maintains a list of genes that have been reported to be
involved in telomere maintenance.

Construction and validation of a TRGs scoring
model

In this study, we utilized univariate Cox
regression analysis via the R package “survival” to
identify prognostic TRGs in the GSE10846 dataset.
DLBCL patients were divided into 2 clusters based
on different expression patterns of TRGs via the
“ConsensusClusterPlus” R package. Thirty differentially
expressed prognostic TRGs were found between
clusters 1 and 2, and we then used the least absolute
shrinkage and selection operator (LASSO) regression
in the training cohort to develop a prognostic risk
scoring model based on 7 TRGs. The risk scores
were calculated using a formula, risk score = Z(EXxpi
x Coefi). We calculated risk scores in all DLBCL
patients. Based on the median risk score, we divided
the training cohort into low-risk and high-risk groups.
We performed principal component analysis (PCA)
using the “stats” package in R to explore the internal
relationship between the two groups. We used Kaplan-
Meier (K-M) curves to analyze overall survival (OS).
To evaluate the accuracy and reliability of the risk
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scoring signature, time-dependent receiver operating
characteristic (ROC) curve analysis was generated using
the “TimeROC” package in R.

Sample information and DLBCL cell lines

The collection of tissue samples for this study was
approved by the Human Ethics Committee of the Second
Hospital of Dalian Medical University, and all patients
provided informed consent. We obtained nine lymph
node samples from different patients at the Second
Affiliated Hospital of Dalian Medical University,
including two DLBCL-invaded lymph nodes from
DLBCL patients and seven normal lymph nodes from
abandoned tissues after surgery. Additionally, DLBCL
cell lines HBL-1 and OCI-LY10 were acquired from
Professor Li Li at the Second Affiliated Hospital of
Dalian Medical University. HBL-1 cells were cultured in
RPMI-1640 medium supplemented with 10% fetal
bovine serum and 1% penicillin-streptomycin solution at
37°C with 5% CO,. OCI-LY10 cells were cultured in
IMDM medium supplemented with 20% fetal bovine
serum and 1% penicillin-streptomycin solution in a 37°C
incubator with 5% CO..

Quantitative real-time PCR (RT-gPCR)

Total RNA was extracted from DLBCL cell lines
or lymph node samples using Trizol reagent. Reverse
transcription was performed using the PrimeScriptTMRT
reagent Kit with gDNA Eraser (Takara, Japan) and RT-
gPCR was performed using TB Green Premix Ex Tag™
Il (Takara), according to the respective manufacturer’s
instructions. The expression levels of target genes were
normalized against the ACTB expression level and
presented as 272¢t, The primer sequences for RT-PCR
were designed using Primer Premier 5 software and
verified on BLAST websites. The primer sequences are
provided in Supplementary Table 1.

Clinical correlations and independent prognosis
value of the TRGs score

The TRG scores in different clinical and pathological
feature groups were performed via Wilcoxon signed-
rank test and Chi-square test in the GSE10846 training
dataset. Univariate and multivariate Cox regression
via R package “survival” was used to evaluate the
independent prognostic value of the risk score and other
clinicopathological features.

Nomogram construction
SPSS Statistics 17.0 was applied for the evaluation of

collinearity and the correlation analysis of variables.
Variables with strong correlations (r > [0.7]) were

excluded from the subsequent analysis [16, 17]. The
package “rms” of R language was applied to generate
a nomogram. Area under the curve (AUC) of ROC
curves was calculated using the package “survivalROC”
of R language. Then, difference analysis between the
AUCs of the nomogram and IPI score was conducted
using Delong test via MedCalc software 20.027 for
the evaluation of the nomogram’s prognostic ability
and reliability [18]. In addition, decision curve analysis
(DCA) was conducted, and the nomogram’s clinical
utility was evaluated according to net benefits under the
condition of different risk thresholds.

Immune analyses

The single-sample Gene Set Enrichment Analysis
(ssSGSEA) was used to assess the enrichment of 28
immune cells and 38 immune checkpoints in the
DLBCL samples, no matter between the two clusters
based on differential expression patterns of TRGs, or
between the high- and low-risk groups in the GSE10846
training cohort.

Prediction of chemosensitivity

We predicted the IC50 of chemotherapeutic sensitivity
for the high-risk group and low-risk group via the R
package “pRRophetic”.

Data availability statement

The datasets generated and/or analyzed during the

current study are available in the GEO dataset
(https://www.ncbi.nlm.nih.gov/geo/).

RESULTS
Molecular clustering based on the TRGs in DLBCL

Initially, we retrieved 2086 TRGs from TelNet.
Using univariate Cox proportional hazards regression
analysis, we identified 816 prognostic TRGs that were
significantly associated with the OS of DLBCL in
the GSE10846 dataset (Supplementary Table 2, p <
0.05). Based on the expression patterns of these 816
prognostic TRGs, we performed consensus clustering
to classify 414 DLBCL patients in the GSE10846
dataset into different molecular subgroups. Consensus
clustering was most suitable when k = 2, as we
increased the number of clusters (k) from 2 to 5
(Figure 1A, 1B and Supplementary Figure 1).
Subsequently, we obtained two distinct clusters, with
181 patients in cluster 1 and 233 patients in cluster
2. K-M curves revealed that DLBCL patients in cluster
1 had significantly worse OS compared to those in
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cluster 2 (Figure 1C, p < 0.001). A heatmap illustrated
65 differentially expressed genes (DEGs) in 2086
TRGs between clusters 1 and 2 (Figure 1D).

Moreover, we investigated the differences in
immune cell infiltration between these two subgroups.
As depicted in Supplementary Figure 2A, activated B

consensus matrix k=2
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cells, activated CD8 T cells, activated dendritic cells
(DCs), CD56 dim natural killer (NK) cells, myeloid-
derived suppressor cells (MDSCs), and plasmacytoid
DCs in cluster 1 exhibited higher infiltration levels than
those in cluster 2. Conversely, activated CD4 T cells,
gamma delta T cells, macrophages, mast cells, NK cells,
neutrophils, regulatory T cells, type 17 T helper cells,

COF

p<0.001

Time(years)

-2
a3
a4
as
a6
-7
L
m 9

Number at risk

g 11181

3 1233

53 28
78 4 1

0o
024

il l.lﬂ

W= =il

consensus index

Time(years)

6 Cluster
C1
Cc2

Cluster

ELOVL3
SLC7A10

MAST1
ARHGAP42
NXNL1
MIS18BP1
TRIM23

DDX19B
HIST1H1A
HIST1H2BB
FANCB
HIST1H3F
HIST1H3B
HIST1H4A
HIST1H3I
EPHA4
ARL14
TSPYL6
SH3GL2
DYDC1
TRPCS
ANGPT4

Figure 1. Molecular clustering based on the TRGs in DLBCL. (A) The consensus matrix by cluster analysis based on TRGs. Two
clusters (k = 2) would be best. (B) Consensus clustering CDF with k value 2 in GSE10846 dataset. (C) Kaplan-Meier curves of OS in two
clusters. (D) Heatmap of 65 differentially expressed genes in TRGs between clusters 1 and 2.

www.aging-us.com

12930

AGING



type 2 T helper cells, central memory CD4 T cells,
central memory CD8 T cells, and effector memory
CD8 T cells in cluster 1 displayed lower infiltration
levels than those in cluster 2. Additionally, we explored
38 immune checkpoint molecules between these two
clusters and observed that several crucial immune
checkpoint molecules, such as CD274 and PDCD1,
were over-expressed in cluster 1 (Supplementary Figure
2B).

Construction of a prognosis-associated scoring
model composed of 7 TRGs

Given the prognostic value of TRG expression patterns
in DLBCL, we developed a TRG-based scoring model
using differentially expressed TRGs between two
distinct clusters. We randomly divided 414 DLBCL
patients from GSE10846 into a training cohort (n =
292) and a testing cohort (n = 122) in a 7:3 ratio.
The above 65 differentially expressed TRGs between
clusters 1 and 2 were used to perform univariable Cox
regression analysis and identify 30 TRGs associated
with OS in the GSE10846 training cohort (p < 0.05).
To avoid overfitting, we conducted LASSO regression
analysis on the 30 TRGs and selected seven genes
for the scoring model based on the optimal value of
A (Figure 2A, 2B). Among these genes, TUBB4A,
PPARG, and ELOVL3 were identified as risk genes
with HR > 1, while TCEAL7, EPHA4, ELOVL4, and
ARL14 were identified as protective genes with HR < 1
(Table 1). The risk scores were calculated using the
formula: risk score = (0.1873 x Exp TUBB4A) +
(-0.1179 x Exp TCEALYTY) + (0.2908 x Exp PPARG) +
(-0.1075 x Exp EPHA4) + (-0.1001 x Exp ELOVL4)
+(0.1023 x Exp ELOVL3) + (-0.0735 x Exp ARL14).
Using the median risk score, we categorized DLBCL
patients in the GSE10846 training cohort into high- and
low-risk groups. The scatter plot revealed a worse
survival outcome in the high-risk group compared
to the low-risk group (Figure 2C). PCA showed a
significant distribution of DLBCL patients in the high-
risk and low-risk groups between two trends (Figure 2D).
Furthermore, K-M curves demonstrated that DLBCL
patients in the high-risk group had significantly worse
OS, as illustrated in Figure 2E. We then evaluated
the TRGs scoring model’s predictive efficiency using
time-dependent ROC analysis, and the AUC reached
0.688 at 1-year, 0.720 at 3-year, and 0.718 at 5-year
(Figure 2F).

Validation of the TRGs-based scoring model

To evaluate the prediction performance and robustness
of the risk model, we used the GSE10846 testing cohort
as an internal validation cohort and the GSE87371
dataset as an external validation cohort. Using the same

formula, we divided the patients into low- and high-
risk groups based on their median risk scores in these
validation cohorts. The scatter plots further revealed
that patients in the high-risk group had a higher
possibility of early death than patients in the low-score
group in the GSE10846 testing cohort and GSE87371
cohort, respectively (Figure 3A, 3B). PCA showed that
DLBCL patients in high- and low-risk groups were
well-separated in validation cohorts (Figure 3C, 3D).
K-M curves revealed that DLBCL patients in the low-
risk group had a better prognosis than those in the high-
risk group, respectively (Figure 3E, 3F). The AUC at 1-,
3-, and 5-year in the GSE10846 testing cohort were
0.655, 0.639, and 0.638 respectively (Figure 3G). In the
GSE87371 cohort, the AUC reached 0.628 at 1-year,
0.655 at 3-year, and 0.714 at 5-year (Figure 3H). Overall,
our prognostic TRGs-based scoring model demonstrated
effective predictive efficiency in the prognosis of
DLBCL patients.

Expression evaluation of candidate TRGs in the
model

To validate the expression of 7 candidate model
genes in DLBCL patients, we collected samples from
two DLBCL cell lines (HBL-1 and OCI-LY10), two
DLBCL-invaded lymph nodes, and seven normal lymph
nodes. RT-gPCR analysis revealed that the expression
levels of several protective genes, TCEAL7, EPHAA4,
and ELOVLA4, were significantly lower in the DLBCL
group than in the control group (Figure 4A-4J). There
was no statistically significant difference in the expres-
sion of the other four candidate genes between the
DLBCL and control groups based on the current sample
sizes (Supplementary Figure 3).

Clinical correlations and independent prognosis
value of TRGs risk model

To evaluate the clinical significance of the TRGs risk
score, we compared the risk scores between different
subgroups based on clinical features in the GSE10846
training cohort. As shown in Figure 5A-5C, the risk
scores were significantly higher in DLBCL patients
with ECOG > 2, stage 3—4, or ABC subtype.

To explore whether TRG risk score could be an
independent prognostic factor, we first used univariate
Cox regression analysis to evaluate it and other clinical
characteristics (age, gender and stage) in these cohorts.
Age, stage and TRGs risk score were related to the OS
of DLBCL patients in the GSE10846 training cohort (all
p-values < 0.001, Figure 5D). In the GSE10846 testing
cohort, age and TRGs risk score were highly associated
with the prognosis of DLBCL patients (all p-values
< 0.05, Supplementary Figure 4A). In the GSE87371
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cohort, age, stage and TRGs risk score had
close relationships with OS (all p-values < 0.001,
Supplementary Figure 4B). Furthermore, we conducted
multivariate Cox regression analysis to adjust for
confounding factors. TRG risk score was found to

be an independent predictor of OS in all of the 3
cohorts (Figure 5E and Supplementary Figure 5A, 5B;
GSE10846 training cohort: HR = 2.060, p < 0.001;
GSE10846 testing cohort: HR = 1.740, p = 0.036;
GSE87371 cohort: HR = 4.359, p = 0.014).
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Table 1. LASSO coefficient, p-values and hazard ratios of the seven TRGs.

Genes Coef HR HR.95L HR.95H P-value
TUBB4A 0.187368 1.206071 1.029736 1.412602 0.020162
TCEALTY -0.11791 0.888775 0.791086 0.998527 0.04717
PPARG 0.290805 1.337503 1.179622 1516516 5.69E-06
EPHA4 —0.10755 0.898033 0.781636 1.031763 0.128894
ELOVL4 —-0.1001 0.904749 0.806728 1.01468 0.087103
ELOVL3 0.10239 1.107815 0.970687 1.264315 0.128841
ARL14 —0.07354 0.929102 0.843152 1.023814 0.137605
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Figure 3. Validation of the TRGs-based scoring model. (A, B) The survival statuses of DLBCL patients in (A) GSE10846 testing cohort
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After the evaluation of collinearity and the correlation
analysis of variables (Supplementary Tables 3 and 4),
we constructed a prognostic nomogram based on the
TRGs risk score and clinical features, including age,

Nomogram construction

Nomograms are useful tools for predicting patient
prognosis and can assist with clinical decision-making.
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ECOG, LDH level, number of extranodal sites and IPI
score (Figure 6A). The nomogram showed excellent
consistency between predicted and observed OS at
1-year, 3-year, and 5-year, as demonstrated by the
favorable match of the calibration curves (Figure
6B). We further compared the ROC curves of the
nomogram with the IPI score and found that the AUC
of the nomogram was higher than that of the IPI
score at 2- and 5-year survival outcome (2-year 0.815
vs. 0.758 and 5-year 0.846 vs. 0.777, Figure 6C, 6D).
Subsequently, difference analysis (Table 2) presented
statistical differences between the AUCs of nomogram
and IPI score at 2- and 5-year survival. Meanwhile,
DCA curves were made for the comparations of
predicted net benefit between the nomogram and IPI
score, and the findings reflected the certain feasibility
of this constructed for making valuable prognostic
judgments and therapeutic guidance. As shown in
Figure 6E, 6F, when the risk threshold of patients was
approximately 15-55% at 2-year survival or 20-65%
at 5-year survival predicted by the nomogram, the
nomogram application for therapeutic guidance would
provide more benefit than either treating all patients

or employing no treatment. Additionally, DCA curves
showed that the nomogram presented superior benefits
compared with IPI score in the condition of 15-35%
threshold probability at 2-year survival or 20-45%
threshold probability at 5-year survival. These results
demonstrate that the nomogram has better ability to
forecast the OS of DLBCL than the IPI score.
Correlation  between risk and immune
microenvironment

score

The tumor immune microenvironment plays a crucial
role in the therapeutic response and prognosis of tumors.
Therefore, we analyzed the immune infiltration of high-
and low-risk groups in the GSE10846 training cohort.
The ssGSEA revealed higher levels of infiltrating
activated DCs, CD56 dim NK cells, MDSC, mono-
cytes, and plasmacytoid DCs in the high-risk group.
Additionally, lower levels of infiltrating activated CD4
T cells, Type 2 T helper cells, yé T cells, NK cells, and
neutrophils were observed in the high-risk group
(Figure 7A). Furthermore, expression differences in
most of the immune checkpoints were found between
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Figure 5. Clinical correlations and independent prognosis value of TRGs risk model. (A-C) TRGs risk scores in different DLBCL
subgroups of (A) EOCG, (B) stage and (C) subtype. (D) Univariate Cox regression analysis of TRGs score and clinical features in GSE10846
training cohort. (E) Multivariate Cox regression analysis of TRGs score and clinical features in GSE10846 training cohort.

www.aging-us.com

12935

AGING



Table 2. Difference analysis of AUCs between the nomogram and IPI.

2-year survival

5-year survival

Difference between AUCs
Z statistic
p-value

0.057
2.211
0.0270

0.0691
2.444
0.0145

the high-risk and low-risk groups. Higher expression
levels of PDCD1, CD274, LAG3, FGL1, LGALS9,
PVR, TNFRSF18, TNFSF18, YTHDF1, IL12A, and
TNFSF9 were observed in the high-risk compared to
the low-risk group. Conversely, expression of B2M,
CD40LG, CD86, ICOS, IL23A, JAKL, JAK2, LDHA,
PTPRC, SIGLEC15, and TNFRSF9 were down-

regulated in the high-risk group (Figure 7B).

The risk signature predicted the sensitivity of novel
chemotherapy

We estimated the IC50 values of different drugs in
the GSE10846 dataset to explore whether the TRG
score presented a potential association with drug
sensitivity. Compared to the low-risk group, the high-

risk group exhibited increased sensitivity to bortezomib,
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rapamycin, AZzZD6244 (MEK1/2 inhibitor), and
BMS.536924 (IGF-1R inhibitor) (Figure 8A). DLBCL
patients in the low-risk group showed sensitivity to
cisplatin (a drug used in several DLBCL second-line
chemotherapy regimens) and ABT.263 (Bcl-2 inhibitor,
Figure 8B).

DISCUSSION

Chemotherapy and immunotherapy have played
principal roles in the treatment of DLBCL patients,
but the overall survival rate of DLBCL remains dis-
appointing due to phenotypic heterogeneity and high
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The distribution of 38 immune checkpoints between the high-risk and low-
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relapse rate. Dividing patients into high-risk or low-
risk groups to evaluate prognosis and drug reaction can
help doctors increase accuracy and personalize clinical
treatment. Telomere maintenance is widely present
in tumors and plays an important role in extending
telomere length, which can lead to immortalization and
uncontrolled proliferation [19]. However, the relation-
ship between TRGs and prognosis of DLBCL is rarely
reported. Furthermore, there has been no report about
TRG-based scoring model in DLBCL available.

To the best of our knowledge, our study is the
first to investigate the correlation between TRGs and
the prognosis of DLBCL. Using consensus clustering,
we identified two subtypes with significant differences
in prognosis. Compared to cluster 2, the prognosis of
DLBCL patients in cluster 1 was poor. Because expres-
sion patterns of TRGs can effectively distinguish the
prognosis of DLBCL patients, we further construct a
prognostic TRGs scoring model. Among the candidate
model genes, TUBB4A, PPARG and ELOVL3 served as
risk genes with HR > 1, and TCEAL7, EPHA4, ELOVL4
and ARL14 were protective genes with HR < 1.
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Previous studies have expounded the specific roles of
the candidate TRGs in different tumors. As one hot spot
of the current research, PPARG encodes PPARY, one of
representative nuclear receptors. PPARYy is related to the
pathology of many diseases, including obesity, diabetes,
atherosclerosis and cancer, and notably, the effects
of PPARY in the tumor occurrence and development
are not unifying [20]. PPARy functions as a tumor-
suppressive factor via PPARy/RXRa signaling pathway
in several tumor types [21]. Contrarily, it has been
reported that the activation of PPARY/RXRa induces
the microenvironmental reprogramming in the bladder
cancer, which is beneficial to the tumorigenesis [22].
In addition to those solid tumors, the function of
PPARG has been also studied in lymphoma. As one of
oxidative stress genes, PPARG increases the generation
of reactive oxygen species appears to increase the risk
for non-Hodgkin lymphoma, particularly DLBCL [23].
Elevated expression of PPARy increases expression
of fatty acids to inhibit NK cell response and cell
metabolism in invasive B-cell lymphoma, which leads
to the functional adaptation of NK cells to fatty acid
rich lymphoma [24]. EPHA4 belongs to the largest
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Figure 8. IC50 of six drugs between low-risk and high-risk groups. (A) The high-risk group exhibited more sensitivity to the four
drugs compared to the low-risk group. (B) The high-risk group exhibited less sensitivity to the two drugs compared to the low-risk group.
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RTK-Eph family. Some studies have shown that
RTKs play an important role in Epstein-Barr virus
(EBV)-related tumor formation, because deceased
expression of EPHA4 is associated with EBV infection.
EBV is an important pathogenic factor for lymphoma
and is closely related to the pathogenesis of some
DLBCL [25]. Virus-related lymphoid malignancies
activate telomerase early via the exogenous regulator
of hTERT [26]. These findings seem to indicate
that reduced expression of EPHA4 may cause
lymphoma through EBV infection. Corresponding to
the above findings, overexpression of EPHA4 preven-
ted proliferation of lymphoblastoid cell lines [27].
According to the scoring TRGs model we constructed,
EPHAA4 was identified as a protective gene and its low-
expression was related to poor survival in DLBCL. In
the combination of low EPHA4 expression confirmed
via RT-gPCR, the tumor-preventing role and prognostic
value of EPHA4 in DLBCL become more convincing.
Besides, EPHA4 may be applied in the molecular
diagnosis of Sézary syndrome-related cutaneous T-
cell lymphomas, and the membrane-bound EPHA4
receptor can serve as a target for targeted therapeutic
interventions [28]. Among other five TRGs, TUBB4A
serves as a tumor-promoting factor in several tumor
types including melanoma and prostate cancer, and
ELOVL3 is considered as a risk gene in hepatocellular
carcinoma [22, 29, 30]. However, there has been no
relevant report in lymphomas. Moreover, TCEAL7
is a competitive inhibitor of c-Myc, and c-Myc plays
an important role in telomere maintenance mechanisms
as a hTERT transcriptional activator [31, 32]. Studies
show that TCEALY7 is down-regulated in many tumors,
and is considered as a putative tumor suppressor
gene. Consistent with the conclusions made by others,
TUBB4A and ELOVL3 presented as risk genes,
while down-regulation of TCEAL7 was confirmed
in DLBCL and correlated with poor prognosis in our
study. As for ELOVLA4, the effects in tumors remain
controversial. It has been reported that ELOVL4
serves as a tumor suppressor via the NOTCH-RIPK4-
IRF6-ELOVL4 axis in squamous cell carcinoma, and
its overexpression is related to the good prognosis
for neuroblastoma patients [33, 34]. On the contrary,
ELOVLA4 is identified as a risk gene in gastric cancer
[35]. Moreover, ARL14 has only been reported in
non small-cell lung cancer (NSCLC), and increased
expression of ARL14 was significantly correlated with
poor survival [36]. However, ARL14 was considered
as a protective gene in our study, differing from the
function observed in NSCLC. We considered that the
difference may be related to the variations of tumor
tissue origins and tumor microenvironment (TME).
Therefore, more experimental evidence is still needed
to identify the respective functions of these TRGs in
DLBCL.

TRG risk model was not only validated in the training
dataset, but also in the external validation set. The AUC
values of the ROC curves in our training dataset for
1-, 3-, and 5-year OS were 0.688, 0.720, and 0.718,
1-, 3-, and 5-year OS were 0.655, 0.639 and 0.638
in internal validation set, and 1-, 3-, and 5-year OS
were 0.628, 0.655 and 0.714 in external validation set,
respectively. These results indicate that TRG risk model
is a stable and reliable model for evaluating the
prognosis of DLBCL. A nomogram that integrates TRG
risk score, IPI score and other clinical features such
as age, ECOG status, extranodal sites, and LDH level
further provides the possibility of individualized utility
in predicting patient prognosis.

In our study, high level of MDSC and low levels of
CD4 T cells, NK cells and yd T cells were found in the
TME of high-risk patients. The abundance of NK cells
predicted better outcomes in DLBCL patients, which
may be attributed to the fact that high NK cell count
enhances the efficacy of R-CHOP [37]. Studies have
shown that MDSCs suppress the immune response to
promote the occurrence and development of tumors in
tumor microenvironment [38]. For example, a reduction
in the number of MDSCs in patients with metastatic
breast cancer treated with the drug cabozantinib was
related to improved progression-free survival [39].
Recent evidence also has indicated that the presence of
activated CD4 T cells in tumor tissue is associated with
a better prognosis [40]. Besides, yo T cells showed
synergistic anti-tumor effects with activated af T cells
and NK cells which improved patient outcomes [41, 42].

Tumor immune escape is considered as one of vital
mechanisms in tumor occurrence and progression, and
one of its main factors is the regulation of immune
checkpoint expression [43]. The therapy targeting
immune checkpoints has been a hot direction in the
current clinical research and is viewed as one of
effective antitumor therapies. In our study, several
important immune checkpoints were found over-
expressed in the high-risk group, such as PDCD1
and CD274. CD274, also known as programmed cell
death ligand 1 (PD-L1), is a ligand for the inhibitory
receptor PDCD1/PD-1, which regulates the activation
threshold of T cells and limit T cell effector responses.
The interaction between PD-L1 and PDCD1/PD-1 is a
way to reduce anti-tumor immunity and evade immune
system damage, thereby promoting tumor survival.
Blocking the PD-1/PD-L1 pathway can normalize
anti-tumor responses, but PD-1 inhibitors are not
recommended to treat unselected DLBCL patients,
due to low expression of PD-1/PD-L1 in DLBCL.
Our results revealed that the high-risk group had
significantly higher expression levels of CD274 and
PDCD1, which contributed to identifying DLBCL
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patients who are susceptible to PD-1 inhibitors
[44-46]. Our study also showed that expression of
JAK1 and JAK2 in high-risk group was lower than
that in the low-risk group. The downstream target
protein STAT of the JAK family is an important
cytokine activated transcription unit in the immune
response. The sustained activation of STAT3 and
STAT5 can increase tumor cell proliferation and
disease progression, it would be therapeutic targets for
enhancing anti-tumor immunity [47, 48]. Activated
STAT3 can drive the dissemination of DLBCL [49].
Related drugs, such as Cerdulatinib, is a novel dual
SYK/AK kinase inhibitor and has broad anti-tumor
activity in DLBCL [50]. Therefore, treatment of the
JAK pathway may have better efficacy in the low-
risk groups.

In addition, due to the relationship between high-risk
score and poor prognosis, the correlation between
chemotherapy resistance and risk score was further
studied. We found that the 1C50 of bortezomib,
rapamycin, AZD6244 and BMS-536924 in the high-
risk group were lower than those in the low-risk group,
suggesting that the high-risk group was more sensitive
to these drugs. Bortezomib is a proteasome inhibitor
that acts on the NF-xB signaling pathway, which is
increased in non-GCB DLBCL. Combining bortezomib
with R-CHOP in the treatment of recurrent non-GCB
DLBCL is better than that of GCB DLBCL, and can
improve the prognosis of non-GCB DLBCL [51].
Rapamycin is an mTOR inhibitor that can enhance
the cytotoxicity induced by rituximab. Combined use
of rapamycin may improve the efficacy of DLBCL
patients [52]. AZD6244, a MEK inhibitor, has been
shown to downregulate ERK substrate related to
DLBCL cells and induce cell apoptosis [53]. BMS-
536924 is a dual IGF1R/IR kinase inhibitor that has
been experimentally proven to inhibit acute myeloid
leukemia (AML) proliferation and serve as a potential
therapeutic target for AML [54]. In the low-risk group,
the 1C50 of ABT-263 and cisplatin were lower than
that of the high-risk group, indicating that they
were sensitive to it. ABT-263 is one of the inhibitors
of the Bcl-2 family. Experiments have shown that
ABT-263 combined with a variety of chemotherapy
drugs can inhibit and delay the growth of hematologic
malignancies [55]. Cisplatin is a commonly used
chemotherapy drug in hematological tumors. For
patients with refractory relapse-resistant DLBCL who
can tolerate high-dose chemotherapy, platinum-based
regimen is the most commonly used, such as DHAP
(dexamethasone, cisplatin and cytarabine) [56].

In our study, this scoring model was validated in both of
the training dataset and the external validation set. When
the nucleotide sequences of tumor samples from biopsies

are confirmed and analyzed via Next Generation
Sequencing of the same platform, the score can be
calculated. Combining the above results of predicted
chemotherapeutic sensitivity based on the scoring model,
a new therapeutic strategy for DLBCL patients with
different risk was formed, that is applying bortezomib,
rapamycin, AZD6244 and BMS-536924 in the high-risk
group, and cisplatin-containing regimens in the second-
line treatment of relapse-refractory DLBCL patients in
the low-risk group. Additionally, our study considered
this scoring model as an indicator integrated in the
constructed nomogram, and the subsequent DCA curves
showed the positive net benefits of the constructed
nomogram in guiding clinical decisions.

Nevertheless, there exist some limitations. Our study
applied training dataset GSE10846 and validation
dataset GSE87371 for the construction and verification
of the scoring model. Although the detection platform
is the same across both two datasets, the laboratories
involved and their respective countries differ from each
other. Therefore, differences in experimental operations
(conducted by different individual experimenters), hand-
ling and exposure time of tumor samples prior to RNA
extraction and inconsistent reagents occurs, causing
discrepancies in our analysis.

Based on the above findings, we developed a TRGs-
based scoring model for DLBCL, which represents a
novel approach in this field. Our model has the potential
to accurately predict the prognosis of DLBCL patients
and facilitate the development of personalized treatment
strategies.
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SUPPLEMENTARY MATERIALS

Supplementary Figures
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Supplementary Figure 1. The consensus matrix by cluster analysis based on TRGs. TRGs-based consensus clustering heatmap
from 412 DLBCL samples of GSE10846 (k = 3-5).

www.aging-us.com 12945 AGING



sk

L]
L]
L ]
\\
@
C:b&
é{\
£
(8]
&
.
%'
.

ok

kdkk ek

dekd ek kkk ek

Cluster Bl c1 E3 c2

sk ek ek

ek

:
%

AGING

|.| 0.\@00.\\\ va «\@O m “ﬁ.‘ *
—B \\@0.& Q\@QA,\O&\ Yo e
& I tllay, O
% %<8, %% s = T
o i AL AN A il <
0. O <2 X % H —
— 70, X 2 i =l
= e, L et
R i A0S S i R
. A\O\O.&Q .QW .\. * n—“o

Q
Cluster B8 c1 B9 c2

12946

EE kER kAR EEE
.
L]

ﬁ
iH
[ ]

[ ]

>

S
o
&
IS
.
#
L]

C
&
&
ch\b
K
&
&
&
1

M . o, @ m -llﬂﬁ“_uﬁ. ‘
3 HII_HIQO .\\@00\\\%\ ,\@@Q ; ' -e
: - . . .\\@0 .A\\.\\Omv.\\w» %, N ﬁo
. s, o, * % s om

s - . L ,\% «\nwo. “ % .
: . . ANU .0@ A\Ov QO H h.#l.ﬂ "
N #o‘l o. “ . .\\..MU&VAV ‘00\ kmw..\}@.b:ﬂ ﬁ ¢

d , . PN IRCIES :

o [Te] [=] @6@0‘00 \.@0 b QO : o-.-lﬂu“ol '

o ~ o Yo, %o, b s

o o o \.@0 U - .

uonel}jul aunwiw| L4 & m ¥ ° cozumEZ

Supplementary Figure 2. Different immune profiles between two clusters. (A, B) The differences of (A) 28 immune cells and (B) 38

immune checkpoints between two clusters by ssGSEA ("p < 0.05; **p < 0.01; and **p < 0.001).
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Supplementary Figure 3. Expression evaluation of other candidate TRGs in the model. (A-D) The expression of (A) TUBB4A (B)
PPARG, (C) ELOVL3 and (D) ARL14 in DLBCL group and control group.
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Supplementary Figure 4. Univariate Cox regression analysis of the TRGs score and clinical features. (A, B) Univariate Cox
regression analysis of TRGs score and clinical features in (A) GSE10846 testing cohort and (B) GSE87371 cohort.
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A pvalue Hazard ratio B pvalue Hazard ratio

Gender 0.932 1.028(0.543-1.947)

Gender 0.081 1.640(0.941-2.859)

Age 0.039 1.031(1.002-1.061) Age 0.008 1.031(1.008-1.055)
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riskScore  0.014 4.359(1.350-14.074)
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Supplementary Figure 5. Multivariate Cox regression analysis of the TRGs score and clinical features. (A, B) Multivariate Cox
regression analysis of TRGs score and clinical features in (A) GSE10846 testing cohort and (B) GSE87371 cohort.

www.aging-us.com 12948 AGING



Supplementary Tables

Supplementary Table 1. The primer sequences of candidate genes and one reference gene (ACTB) for RT-PCR.

Primer

Sequence

TUBB4A Forward
TUBBA4A Reverse
PPARG Forward
PPARG Reverse
ELOVL3 Forward
ELOVL3 Reverse
TCEALY Forward
TCEALTY Reverse
EPHAA4 Forward
EPHAA4 Reverse
ELOVL4 Forward
ELOVLA4 Reverse
ARL14 Forward
ARL14 Reverse
ACTB Forward
ACTB Reverse

5-3' CCGGACAACTTCGTGTTTGG
5'-3' TCGCGGATCTTACTGATGAGC
5'-3" ACCAAAGTGCAATCAAAGTGGA
5'-3" ATGAGGGAGTTGGAAGGCTCT
5'-3" CTGTTCCAGCCCTATAACTTCG
5'-3" GAATGAGGTTGCCCAATACTCC
5'-3" AAGGGAAGGAAGAGGTCCCAG
5'-3' CTCTGTGCGGGGTAGTTTCC
5'-3" TTCGCCCTATTTTCGTGTCTC
5'-3" TGGTAGGTTCGGATTGGTGTAT
5'-3"' GAGCCGGGTAGTGTCCTAAAC
5'-3" CACACGCTTATCTGCGATGG
5'-3" AAATCCGCAAACCAAACAAGC
5'-3' TTCCAACTCGATCATTTCCACAT
5'-3'CCTGGCACCCAGCACAAT
5'-3'GCCGATCCACACGGAGTA

Supplementary Table 2. Prognostic telomere-related genes.

ZSWIM7 THRAP3 RPS7 POLM NCL JSRP1 FANCB CEP85 AHR

ZNHIT3 THOC6 RPS6KA5 POLE3 NCDN JAZF1 FAMS50A CEP164 ACY1

ZNF703 THOC2 RPS4X POLE2 NCBP2 JAK?2 FAML175A CENPO ACTR5

ZNF414 THOC1 RPS28 POLDIP3 NCAPD3 IWS1 EZH1 CEBPA ACTR3

ZNF281 THEMIS2 RPS17 POLD4 NBN IVD EXOSC6 CDKN2B ACTR2

ZNF148 TFPT RPS16 POLD2 NAT16 ITGAX EXO1 CDK9 ACTN1

ZNF140 TFEC RPS15A POLD1 NAT10 ISCA2 ETAAL CDK19 ACLY

ZMYM2 TERT RPS14 POC1A NASP IRS4 ESRRA CDK18 ABCF1

ZMI1Z2 TERF1 RPN1 PNPO NAGS IRAK1 ESR2 CDK16 ABCC5

ZGPAT TENM3 RPLP2 PNKP NADK IPO13 ERMP1 CDK13 ABCC4

ZCCHC7 TELO2 RPLP1 PNKD NACA IP6K3 ERH CDK12 ABCC12

ZC3H18 TEAD1 RPL31 PMS1 MZF1 INO8OE ERCC5 CDK10 ABCC10

ZBTB9 TDRD7 RPL26L1 PLOD2 MYOM2 INO80C ERCC4 CDCA8 ABCC1

ZBTB48 TCOF1 RPL19 PLK1 MYO10 INO80 ERCC3 CDC73 ABCB7

ZBTB44 TCF7L2 RPAP3 PLCL1 MYH9 ILF3 ERCC2 CDC45 AARS2

YY1l TCF7 RPAP1 PLCD1 MYH10 ILF2 EPS8L1 CDC37 AARS

YWHAQ TCEAL7 RPAIN PLCB4 MYC IFRD2 EPHX2 cDhcC27

YWHAG TBCA RPA3 PLCB3 MVK IDH3A EPHA4 CDC25B

YWHAE TBC1D15 RPA2 PLCB2 MUTYH HYOU1 ENAH CDC16

YWHAB TARDBP RNF40 PLAT MTF2 HUS1 EME1 CCT4

YTHDF3 TALDO1 RINT1 PKMYT1 MTAL HSPA4 EMD CCNL2

YTHDF1 TAF2 RGS3 PKM MT1X HSP90AB1 ELOVL6 CCNL1

YRDC TAF15 RFWD2 PKLR MSN HSP90AAL ELOVL4 CCNE1

YBX3 TADAL1 RFPL3 PKIB MRTO4 HOXA7 ELOVL3 CCNC

XRCC6 SYNE2 RFC4 PITRM1 MRPS11 HNRNPM ELAVL1 CCDC9

XRCC4 SYAP1 REST PIR MRPL49 HNRNPA2B1 EIF5A2 CCDC155

XRCC3 SUPT5H REM2 PIN1 MPZL1 HNRNPA1 EIF4H CCDC137

XPO1 SUMO1 RELA PIM2 MMS19 HNMT EIF4A3 CBX5

XBP1 SULT1C2 REL PIK3CG MLH1 HMGN2 EID3 CBX3

XAGE2 SUDS3 REEP5 PIK3CD MITF HMGB1 EGR1 CASK

WT1 STUB1L RECQL4 PIK3CB MIS18BP1 HMGAL EFCAB7 CARM1

WRNIP1 STRADA RECQL PIK3C2A MED13L HMBOX1 EEFSEC CAND1

WRAP53 STOML2 RBX1 PIGK MED13 HIST1H41 EDC3 CAMK2G
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WDR5B STIP1 RBMS8A PIF1 MED12L HIST1H3G E2F4 CAMK1D
WDR5 STAG2 RBM15B PIAS1 MECOM HIST1H3F E2F1 CAMK1
WDR4 SSRP1 RBM14 PHYKPL MDN1 HIST1H3B DUSP10 CALML5
VPS18 SSB RBL2 PHYHD1 MDH1 HIST1H1A DST CALD1
VGLL4 SRRM2 RBFA PHLPP2 MDC1 HIF1A DPYSL3 CACYBP
VDR SRP14 RBBP9 PHLPP1 MCRS1 HHAT DPY30 CABP4
VCP SRM RBBP7 PHF1 MCM7 HELZ DOT1L C20orf27
VAMP8 SPHK?2 RB1CC1 PGS1 MCM5 HDGF DOLPP1 CiD
VAMP4 SPA17 RAVER1 PGM2 MCM4 HDAC9 DNPH1 C190rf66
VAMP3 SORL1 RARRES2 PGD MCM3AP HDAC4 DNMT3B BZW1
VAMP2 SOAT1 RADYSA PFKP MCM3 HDAC3 DNMT1 BRMS1
USP9X SNRNP70 RAD54L PEBP1 MCM2 HDAC1 DNAJC8 BRIP1
USP33 SNRNP40 RAD51D PDS5B MBD2 HAT1 DNAJC3 BRD2
USP21 SNF8 RAD23B PDS5A MAZ H2AFY2 DNAJC11 BRCA1
UROS SND1 RAD21 PDK4 MAST1 GTF2A1 DNAJB11 BOD1L1
UPF3A SMU1 RAD18 PDK3 MAPKAPKS5 GSTZ1 DNA2 BMP2K
UPF2 SMG6 RAC1 PDK1 MAPK12 GSS DMD BET1L
UPF1 SMG5 RABIF PDGFRA MAP7 GSPT1 DIP2C BDKRB2
UFSP2 SMC6 RABGEF1 PDAP1 MAP4K3 GRWD1 DHX9 BCL11A
UEVLD SMC5 RABY9A PCNT MAP3K4 GRPEL1 DHX40 BAZ2A
UBXN2B SMC3 RABG6A PCNP MAP3K2 GRHL2 DHX38 BARD1
UBTF SMC1A RABS5C PCMT1 MAP2K7 GREM1 DHX37 ATXN2L
UBE2R2 SMARCC2 RAB1B PCBP1 MALT1 GPS1 DHX34 ATRX
UBE2M SMARCA2 PUS7 PAXIP1 MADD GPATCHS8 DHX33 ATR
UBE2I SLX41P PURA PAX5 LYPLAL GNL3L DHX16 ATP5F1
UBE2D3 SLTM PTPN23 PASK LSM8 GNL3 DHFR ATP5B
UBE2B SLC7A9 PTMS PARP4 LRSAM1 GMIP DEK ATP2B1
UBE2A SLC7A8 PTMA PARP3 LRRC59 GMDS DDX50 ATP1Al
UBAL SLC7A5 PTGES3 PARL LRRC25 GLI2 DDX24 ATN1
UAP1L1 SLC7A11 PSME3 PAPSS1 LRR1 GIGYF2 DDX1 ATGI16L1
UAP1 SLC3A2 PSMD13 PAICS LPIN2 GIGYF1 DDB1 ATF1
TWF2 SLC25A6 PSMD10 PAFAH1B3 LONP1 GFPT2 DCTN2 ATAD5
TUBE1 SLC25A5 PSMB5 PACSIN3 LIG4 GET4 DCK ATAD2
TUBB4B SLC25A36 PSMA2 PACSIN2 LIG3 GDAP1 DBN1 ASF1A
TUBB4A SKP1 PSKH2 PA2G4 LIG1 GBE1 DBF4B ARRDC4
TUBB3 SIRT6 PSAT1 OSBPL9 LGMN GATAG6 DAXX ARRDC3
TUBB2B SIRT3 PRPSAP2 ORC4 LGALSL GATAS DARS ARPC5
TUBB SIN3B PRPS2 OR2H1 LGALS1 GATA4 CTNNAL ARPC2
TTI1 SIGMAR1 PRPF4B 0GG1 LEMD3 GATA3 CTDP1 ARMC6
TTBK1 SH3BP1 PRPF4 OGFR LEMD2 GAS2L1 CTBP1 ARL4A
TSPYL5 SFR1 PRPF31 NXNL1 LDHB GANAB CTAG2 ARL14
TSPYL4 SFPQ PRMT5 NVL LDHA GAK CSTF2 ARID4B
TSG101 SF3B4 PRMT2 NUP98 LCP2 FZR1 CSNK2B ARID4A
TSEN54 SETDB1 PRMT1 NUDT18 LCK FXN CSNK2A1 ARID3B
TRPS1 SETD1B PRKD3 NUDT14 LAGE3 FUS CSNKI1E ARID3A
TRPC5 SETD1A PRKD2 NT5DC2 KMT2D FUBP1 CSE1L ARID1A
TRIP13 SERPINH1 PRKCSH NSMCE4A KMT2C FRAT2 CRYGS ARHGDIA
TRIP10 SEPHS2 PRKCQ NSMCE2 KMT2B FPGS CPSF6 ARHGAP42
TRIM28 SENP3 PRKCB NSFL1C KMT2A FOXR1 CPSF4 ARHGAP27
TRIM23 SENP2 PRKAR2A NRIP1 KLF6 FOXP1 CPNE3 ARF3
TPRKB SENP1 PRDX3 NR2F2 KLF2 FOXO1 COCH APPL1
TPR SEC61A2 PPP6R3 NPM1 KLF17 FOXN2 CNST APEX1
TP73 SEC61A1 PPP2R1B NOP9 KLF12 FOXM1 CNPPD1 APEH
TP53RK SEC24B PPP2R1A NOL12 KIF13B FOXK2 CMTR1 APAF1
TP53BP1 SEC16A PPP2CA NOC4L KIAA1429 FOXJ3 CLPB AP2A2
TP53 SDHA PPP1R7 NME4 KIAA0430 FOXF2 CLK3 ANXA4
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TOP3B SCLY PPP1R1B
TOP1 SAE1 PPP1R10
TOMM34 RUVBL2 PPM1G
TNPO2 RUVBL1 PPM1F
TNKS2 RUNX2 POT1

TNIP2 RTN4 POR

TMX1 RTN3 POLR2E
TMPRSS13 RTF1 POLRIE
TMEM109 RTEL1 POLR1C
TLN1 RRAS?2 POLR1B
TKT RRAGA POLR1A

NIPSNAP1
NIPBL
NFX1
NFE2L3
NFATC2
NFATC1
NFATS
NELFB
NEK7
NEKG6
NEK4

KHSRP
KEAP1
KDM6A
KDM4B
KDM4A
KDM1A
KCTD17
KCNS3
KAT2B
KAT2A
JUND

FOSL1
FKBP8
FKBP3
FHL1
FES
FBX022
FBP1
FBL
FARSA
FANCM
FANCG

CLIC3
CLIC1
CLASRP
CIRBP
CHTF18
CHN1
CHMP2B
CHEK?2
CHDS8
CGGBP1
CFL1

ANKLE1
ANGPT4
AMPH
AMPD3
AMPD2
ALDH2
AKT1
AKR7A3
AKAP8
AIMP2
AIFM1

Supplementary Table 3. Collinearity analysis of seven variables (age, ECOG, LDH level, number of extranodal
sites, stage, TRGs risk score and IPI score).

VIF
Age 1.776
ECOG 1.683
Extranodal_sites 1.316
LDH 2.357
Stage 2.797
RiskScore 1.121
IPI 7.345

Supplementary Table 4. Correlation analysis of seven variables (age, ECOG, LDH level, number of extranodal
sites, stage, TRGs risk score and IPI score).

Age ECOG EXt;atggda' LDH Stage  RiskScore  IPI
Pearson Correlation 1 .155" —-.049 .009 -.030 .164" .345™
Age Sig. (2-tailed) 026 480 902 668 019 .000
N 206 206 206 206 206 206 206
Pearson Correlation .155" 1 .184™ 275" .266™" 167" 561"
ECOG Sig. (2-tailed) .026 .008 .000 .000 .017 .000
N 206 206 206 206 206 206 206
Pearson Correlation —-.049 .184™ 1 .103 374™ -.030 .354™
Extranodal sites  Sig. (2-tailed) 480 .008 139 .000 672 .000
N 206 206 206 206 206 206 206
Pearson Correlation .009 275" .103 1 422 .156" .658™
LDH Sig. (2-tailed) .902 .000 139 .000 .025 .000
N 206 206 206 206 206 206 206
Pearson Correlation -.030 .266™ 374" 422" 1 .206™ 703"
Stage Sig. (2-tailed) 668 .000 .000 .000 .003 .000
N 206 206 206 206 206 206 206
Pearson Correlation 164" 167" -.030 .156" .206™ 1 .285™
RiskScore Sig. (2-tailed) .019 .017 .672 .025 .003 .000
N 206 206 206 206 206 206 206
Pearson Correlation .345™ 561" .354™ .658™ .703™ .285™ 1
IPI Sig. (2-tailed) .000 .000 .000 .000 .000 .000
N 206 206 206 206 206 206 206
*p < 0.05; “p<0.01; **p<0.001.
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