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1 | INTRODUCTION
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| Wenjian Liu | Hailin Tang

Abstract

Diffuse large B-cell lymphoma (DLBCL) is a clinically diverse disease. Given the nu-
merous genetic mutations and variations associated with it, a prognostic gene signa-
ture that can be related to the overall survival (OS) is a clinical implication. We used
the mRNA expression profiles and clinicopathological data of patients with DLBCL
from the Gene Expression Omnibus (GEO) database to identify a metabolism-related
gene signature. Using LASSO regression analysis, a novel 13-metabolic gene signa-
ture was identified to evaluate prognosis. The information gathered was used to con-
struct the nomogram model to improve risk stratification and quantify risk factors for
individual patients. We performed gene set enrichment analysis to identify the en-
riched signalling axes to further understand the underlying biological pathways. The
receiver operating characteristic (ROC) curve revealed a satisfactory performance
in the training cohorts. The model also showed clinical benefit when compared to
the standard prognostic factors (P < .05) in validation cohorts. This study aimed to
combine metabolic dysregulation with clinical features of patients with DLBCL to
generate a prognostic model that might not only indicate the value of the metabolic
microenvironment for prognostic stratification but also improve the decision-making

during individual therapy.
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survival rates for decades,’ it was only effective on a small portion
of patients. Approximately 40% of patients with DLBCL still had

Diffuse large B-cell lymphoma (DLBCL) is a highly prominent class
of non-Hodgkin lymphoma (NHL), accounting for 30%-40% of all
NHL cases. It has been reported to be highly heterogeneous in
epidemiological studies.? Though anti-CD20 (rituximab) immuno-

therapy has been the standard treatment regimen with satisfactory

poor prognoses and often suffered from an early relapse after the
treatment,* emphasizing the need for risk stratification to provide
accurate and effective therapy. The International Prognostic Index
(IP1),” involving conventional clinical and pathological parameters,

is widely used for prognosis of patients with DLBCL. However, IPI
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excludes cytogenetic, genomic and molecular mechanistic charac-
teristics that may have a strong impact on the prognosis. The cell-
of-origin (COQ) categorization divides patients with DLBCL into
subcategories, based on their transcriptional profile: germinal cen-
tre B cells (GCB), activated B cell (ABC) and unclassified.® Moreover,
it has been emphasized that the genomic prognostic characteris-
tics and their interaction with other genetic and clinical factors can
play a considerable role in guiding the design and interpretation of
future clinical trials.” Therefore, it is crucial to better understand
the pathogenesis of DLBCL and identify the effective therapeutic
targets, and novel prognostic biomarkers with additional factors for
risk stratification.

Metabolism is an indispensable feature of tumour biology. As
such, metabolism and its corresponding biological effects have
become an important feature in the comprehension of cancer
aetiology, tumour progression and underlying pathophysiological
changes.® According to multiple reports, cellular metabolism is in-
tricately involved with numerous signal transduction pathways and
plays an essential role in several disease states.”'® Consequently,
blocking the implicated metabolic pathways can sometimes prove
to be an effective treatment strategy.! Several studies have found
associations between the pathogenesis, metabolism and manage-
ment of DLBCL. The PI3K/AKT/mTORC1 axis, for instance, has
been shown to activate cell pro-survival factors and reprogram
B-cell lymphoma fatty acid metabolism, glycolysis and tricarbox-
ylic acid cycle to activate lymphoma cell proliferation, invasion and
migration.?13

In particular, a model based on multiple metabolic genes should
be superior for predicting prognosis, to a single gene, as metabo-
lism is a polygenic process. With advancements in high-throughput
genome sequencing technology, gene signatures, in combination
with classical clinicopathological characteristics, can be used for the
diagnosis and prognosis of lymphoma. However, no studies have
attempted to describe the metabolic characteristics of DLBCL for
prognosis. Therefore, we designed a metabolic gene-based prognos-
tic model, based on data from the Gene Expression Omnibus (GEO)
database, to identify a useful metabolic gene signature for DLBCL.
We also generated a nomogram from the metabolic gene signature
and clinical manifestation to estimate patient overall survival (OS).
Our analysis will enhance the personalized therapeutic strategies for
patients with DLBCL.

2 | MATERIALS AND METHODS
2.1 | Data collection

The mRNA profiles and clinical information of the three study
populations were obtained from the GEO databases: GSE10846,'
GSE23501% and GSE4732.1¢ Simultaneously, comprehensive pa-
tient medical records, including age, sex, DLBCL stage, LDH levels,
ECOG score, IPI score, number of extranodal sites and survival in-

formation, were also retrieved from the GEO data set. Groupings of
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metabolic gene sets were downloaded from the GSEA c2.cp.kegg.
v7.0.symbols Molecular Signatures Database (MSigDB). To select
genes for subsequent analysis, Perl scripts were employed to iden-
tify metabolic genes in the intersection of the GEO cohorts and the

MSigDB gene sets.

2.2 | Prognostic metabolic risk model

The GSE10846 data set was used as the training cohort. The
most appropriate weighting coefficient for the metabolic genes
was determined by the least absolute shrinkage and selection op-
erator (LASSO) Cox regression analysis. Next, 1,000-fold cross-
validation was used to penalize the maximum likelihood estimator.
Lastly, a general formula established based on the training cohort
was used to assess the metabolic risk score, and the patients
were assigned to one of the two groups: high risk (HR) or low risk
(LR). Forward stepwise univariate and multivariate Cox regres-
sion analyses were used to assess the independence of the risk
score for prognosis prediction in the training and validation co-
horts. The two-sided P < .05 was determined as being statistically

significant.

2.3 | Gene set enrichment analysis

The c2.cp.kegg.v7.0.symbols gene set, downloaded from MSigDB,
was used to identify relevant enriched biological pathways with the
GSEA v4.0.2 software (http://software.broadinstitute.org/gsea/
login.jsp). This also included a validation queue for rich pathway
analysis. P < .05 was defined as statistically significant. The analy-
sis of the interaction between model-related metabolic proteins and
related proteins was carried out using Gene Cloud Biotechnology
Information (GCBI) and Cytoscape 3.7.2.

2.4 | Bioinformatics and statistical analysis

The receiver operating characteristic (ROC) curve was drawn
over time, and the prognostic value of candidate factors was
evaluated and compared by calculating the area under the ROC
curve (AUC). We defined OS as the primary outcome, from the
date of admission into study till death. The "survival" software
package was employed to draw the Kaplan-Meier curves, and the
log-rank test was used for comparison. Using univariate and mul-
tivariate Cox analysis, the influence of clinical and genetic infor-
mation on prognosis was discussed. Categorical variables were
compared using chi-square test or Fisher's exact test. A nomo-
gram was generated to illustrate the metabolic characteristics
for visualization and integration of OS, based on the calibration
evaluation data. Statistical significance (P < .05) was measured
using R software (version 3.6.0) and SPSS version 24.0 (SPSS,

Inc) software.
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3 | RESULTS

3.1 | Patient characteristics

This analysis included 579 patients with available survival data in 3
cohorts, obtained from the GEO database. GSE10846 (n = 331) was
regarded as the training cohort and was the basis for building the
prognostic metabolic model. Patients in the GSE4732 (n = 174) and
GSE23501 (n = 60) cohorts served as the external validation cohorts.
A summary of our data collection strategy can be found in Figure 1;
patients with incomplete clinical features were not included. Patients
from the GSE10846 cohorts were aged 14-92 years (median age,
58.85 years), whereas those in the GSE4732 and GSE23501 cohorts
had a median age of 62.21 (range: 14-92) years and 63.78 (range: 19-
92) years, respectively. A comprehensive summary of patient charac-

teristics in the three cohorts is summarized in Table 1.

3.2 | A prognostic metabolic model

The prognostic metabolic signature was constructed using GSE10846
by the LASSO Cox regression analysis (Figure 1A). From the meta-
bolic gene set, a subset of 13 genes and their weighting coefficients
were identified by the LASSO Cox method. The expression levels
of the genes and the weighting coefficients were then employed to
calculate the risk score of individual patients using the formula: risk
score = =0.155 x BPNT1 levels+0.203 x CTH levels +0.385 x DCTD
levels -0.135 x DNMT1 levels +0.511 x GLO1 levels - 0.066 x ITPKB
levels - 0.971 x LDHA levels +0.050 x MPl levels - 0.111 x PDE9A levels
+0.236 x POLR1C levels +0.224 x POLR3A levels +0.248 x POLR3H
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levels - 0.158 x PTGDS levels. The Survminer R package was used to
identify the optimal risk cut-off score.

Next, with the risk scores calculated, we chose the time-
related ROC and Kaplan-Meier curves to perform time-dependent

evaluation.

3.3 | Metabolic risk score evaluation

The HR group had significantly lower OS rates than did the LR
groups (P < .01; Figure 2). The sensitivity and specificity of the
metabolic risk model were evaluated using time-dependent
ROC curves. The AUCs for 1-, 3- and 5-year OS were 0.720
(95% Cl: 65.06-78.97), 0.725 (95% Cl: 66.30-78.79) and 0.699
(95% Cl: 58.87-74.87), respectively, within the cohort GSE10846
(Figure 2A). Furthermore, in the remaining two verification co-
horts, risk scores were calculated using the same formula men-
tioned above. The GSE4732 cohort AUCs for 1-, 3- and 5-year OS
were 0.679 (95% Cl: 58.22-77.61), 0.716 (95% Cl. 63.54-79.66)
and 0.708 (95% Cl: 62.29-79.34), respectively (Figure 2B). In the
GSE23501 cohort, the AUCs were 0.764 (95% Cl: 60.53-92.28),
0.752(95% Cl:55.16-95.16) and 0.763(95% Cl: 55.17-97.38), respec-
tively (Figure 2C). Based on these data, the 13-gene signature was
effective for estimating OS in patients with DLBCL. The patients
were then assigned into one of two categories, HR or LR, based on
the median risk score. As depicted in Figure 2D-l, in all cohorts, the
HR groups had a worse prognosis and shorter OS times relative to
patients in the LR group (P < .05). Thus, we demonstrated that the
metabolic prognostic panel was superior for estimating the progno-

sis of DLBCL over standard IPI scoring.
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FIGURE 1 Construction of the metabolic model for DLBCL. A, 1,000-fold cross-validation for variable selection in the LASSO regression
via min criteria. B, LASSO coefficients of metabolism-related genes. Each curve represents a metabolic gene


http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE10846
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE4732
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE23501
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE10846
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE4732
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE23501
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE10846
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE10846
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE4732
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE23501

WANG ET AL.

TABLE 1 The detailed characteristics
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of patients and correlation between . LIS Vel VellLEUhg
clinicopathological features and metabolic Characteristics  cohort cohort 1 cohort 2
risk level in training cohort and two High Low P- High Low P- High Low P-
external validation cohorts in DLBCL Risk risk  risk  value risk  risk value risk  risk value
Patient 168 163 99 75 15 45
Gender
Male 85 91 .062 54 44 645 12 31 .52
Female 71 69 45 31 3 14
Age
<60y 69 90 .01 36 37 .091 8 17 .369
>60y 99 73 63 38 7 28
Stage .158 4 .018 761
I/1 71 86 46 49 6 21
/v 96 76 49 26 8 21
ECOG
<2 121 131 .075 68 60 .095 = = =
22 47 32 27 15 - -
Subtype
GCB 33 117 <.01 20 57 <.01 2 38 <.01
Unclassified/ 135 46 79 18 13 7
ABC
Number of extranodal sites
<2 157 147 181 70 63 122 = = =
22 11 13 20 8 - -
LDH
< 74 91 025 46 48 .058 - - -
K 93 68 49 26 - -
IPI
0,1 57 83 .006 28 41 .005 - - -
2 57 38 31 19 - -
3 31 28 21 10 - -
4,5 23 14 19 5 - -
Treatment regimens
CHOP 108 50 <.01 - - - - - -
RCHOP 60 113 - - - -
B-symptom
Yes = = = = = 5 12 739
No - - - 9 30

Abbreviations: ABC, activated B cell; ECOG, Eastern Cooperative Oncology Group; GCB, germinal
centre B cell; IPI, International Prognostic Index.

3.4 | Metabolic gene signature as an independent
prognostic tool

Using the univariate Cox analysis for risk score and clinical charac-
teristics, we demonstrated a correlation between OS of patients
with DLBCL and age, IPI, ECOG, stage, LDH levels, number of ex-

tranodal sites, subtype and the risk score in the training cohort

(Figure 3A). A subsequent multivariate analysis revealed that the
risk score can be effectively used as a stand-alone estimator of
OS in patients with DLBCL, with a hazard ratio of 2.583 (95% Cl:
1.710-3.902) in the cohort GSE10846 (Figure 3B), 2.425 (95%Cl:
1.588-3.704) in the cohort of GSE4732 (Figure 3D) and 19.760
(3.116-125.329) in the cohort of GSE23501 (Figure 3F), after ad-

justment for clinical covariates in the external validating cohort.
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FIGURE 2 Time-dependent ROC analysis, survival outcome analysis and Kaplan-Meier analysis and risk score analysis for the 13-gene
signature in DLBCL. A-C, Time-dependent ROC analysis for 1-, 3- and 5-year overall survival (OS) of prognostic model in training cohort and
the validation cohorts of GSE4732 and GSE23501. D-F, Kaplan-Meier curve of the prognostic model in the training cohort the validation
cohorts of GSE4732 and GSE23501. G-I, Kaplan-Meier curve of the prognostic model in the three chorts Mentioned above. Risk score
analysis of the 13-gene signature in the training cohort and the validation cohorts of GSE4732 and GSE23501

3.5 | Clinicopathological features in the context of

risk levels

The age, subtype, LDH levels, IPI score and treatment regimens
in the HR training cohort and the stage, subtype and IPI score
in the HR GSE4732 cohort are summarized in Figure 4A,B and
Table 1. We did not observe a statistical difference in the clini-
cal features of HR and LR GSE23501 cohort, except for subtype,
owing to a small study population (Figure 4C and Table 1). Lastly,
associations between the clinicopathological features and the
metabolic transcript profiles of all patients with DLBCL studied

are shown in Figure 4.

3.6 | GSEA and external validation

GSEA was performed to identify the markedly enriched KEGG

pathways (Figure 5A-D).

pathways within the three cohorts. We found that a large portion
of metabolic signalling was enriched in the HR group, as opposed
to LR (Figure 5A-D). Among these were the galactose, glycerophos-
pholipid, fatty acid and glycine serine and threonine metabolic path-
ways, as well as N-glycan biosynthesis, PPAR signalling, GPl-anchor
biosynthesis pathway, RNA degradation and peroxisome regulatory

We then explored the mutant variants of the metabolic gene

panel in the Cancer Cell Line Encyclopedia database (CCLE,
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FIGURE 3 Forrest plot of the univariate and multivariate Cox regression analyses. Forrest plot of the univariate and multivariate Cox
regression analyses in the training cohort (A, B). Forrest plot of the univariate and multivariate Cox regression analyses in the validating

cohort of GSE4732 (C, D) and the validation cohorts of GSE23501 (E, F)

https://portals.broadinstitute.org/ccle) via the cBioPortal for
Cancer Genomics (http://www.cbioportal.org/). ¥ Among the
579 patients analysed, gene amplification was the most appar-
ent form of dysregulation in the patients with DLBCL (Figure 5E).
BPNT1, DCTD, DNMT1, ITPKB and POLR3A genes were commonly
altered. Further, abnormal metabolic gene expression has been
verified in lymphoma cell lines, providing evidence that the ge-
netic changes represent alterations in the underlying metabo-
lisms of lymphoma cells.

We identified 48 DLBCL-related proteins from the GCBI data-
base. Among them, 12 were related to our metabolic model, with
the exception of the MPI. Using the PPl network, we discovered
that the DCTD and PDE9YA proteins physically interacted with the
5'-nucleotidase type 3 family of proteins (ie NT5C1B, NT5CI1A,
NT5 M, NT5C3A, NT5E, NT5C, NT5C2, NT5C3B, Figure 5F). Based

on these data, genetic alterations that promote metabolic changes
likely contribute to DLBCL

3.7 | Comparing prognostic factors and merged
risk scores

The sensitivity and specificity of metabolic features were compared
with those of other potential prognostic variables using the AUCs
of the ROC curves. The AUCs for 1-, 3- and 5-year OS were 0.720
(95% Cl: 65.06-78.97), 0.725(95% Cl: 66.30-78.79) and 0.699 (95%
Cl: 58.87-74.87), respectively, in the training cohort. The AUC was
remarkably high for the risk scores calculated using the metabolic
gene-based model compared with those from other factors such

as stage, IPl, ECOG, LDH level, number of the extranodal sites and


https://portals.broadinstitute.org/ccle
http://www.cbioportal.org/
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE4732
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE23501
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FIGURE 4 Heatmap of the 13-gene signature and
clinicopathological characteristics in different metabolic risk
levels for training cohort (A) and validation cohorts of GSE4732
(B) and GSE23501 (C). Each column showing gene expression

or clinicopathological state represents a sample, and each

row represents one characteristic or gene in the model. The
expression levels of the 13 genes are shown in different colours.
Blue and yellow indicate low- and high-risk levels. ECOG, Eastern
Cooperative Oncology Group; IPI, International Prognostic Index;
ABC, activated B cell; GCB, germinal centre B cell

subtype (all P < .05, Figure 6A-C). Furthermore, the metabolic gene-
based model produced AUCs for 1-, 3- and 5-year OS values that
were higher than that for standard IPI scores, but were not signifi-
cant for the GSE4732 and GSE23501 cohorts (Figure 6D-I).

3.8 | Validation of a predictive nomogram

Next, we constructed a nomogram to estimate 1-, 3- and 5-year OS
for all patients in this study, using three independent prognostic
factors: IPI score, risk score and the AUC merge score (Figure 7A).
According to the calibration plot, our designed nomogram correctly
estimated 1- and 3-year OS (Figure 7B). The AUCs of the ROC curves
for 1-, 3- and 5-year OS generated using the merged score were
0.786 (95% Cl: 72.34-84.89),0.798 (95% Cl: 74.24-85.26) and 0.762
(95% Cl: 69.29-83.09), respectively, higher than the standard IPI
scores and genetic risk category in the training cohort (Figure 7C).
Similarly, the AUCs for 1-, 3- and 5-year OS generated using the
combined risk score for the GSE4732 cohort were higher than the
standard IPI scores (Figure 7D). Based on these data, nomograms
incorporating combined risk scores from metabolic gene signatures
and other prognostic factors are superior to single factor-based
prediction models. Though our nomogram was better at estimating
short-term survival (1-3 years) than long-term survival (=5 years), it
may provide crucial information for DLBCL diagnosis and treatment
(Figure 7C).

4 | DISCUSSION

Multiple researchers have demonstrated the contribution of meta-
bolic pathways in the malignancy of lymphomas.*®? This led to new
approaches for lymphoma diagnosis, characterization and treat-
ment. However, there are currently no prognostic tools that include
metabolic factors. Therefore, we generated a metabolic gene panel,
using DLBCL-related metabolic pathways to aid in the prognosis es-
timation of DLBCL.

In this study, data from the training cohort were used to generate
a unique 13-gene metabolic prognostic model, which was externally
validated using two separate cohorts. The model can be employed
to assign patients with DLBCL into one of two risk groups: HR or LR.

We demonstrated that the metabolic gene expression model can be


http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE4732
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE23501
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE4732
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FIGURE 5 Significantly enriched KEGG pathways in three cohorts by GSEA. Genetic alterations of the 13 genes based on GSEA. A, B,
Top 20 representative KEGG pathways in high-risk patients in the training cohort and the cohort of GSE23501 (P <.05). C, D, Representative
metabolic pathways in high-risk patients in the training cohort and the cohort of GSE23501. E, Genetic alterations of the 13-gene panel

in CCLE, obtained from the cBioportal for cancer genomics. F, The protein-protein interactions between the metabolic model-related
proteins and the other proteins. The model-related proteins are shown in blue circles, and the size of which is determined by the number of

interacting proteins. MPI has no known interactions with other proteins
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FIGURE 6 Time-dependent receiver operating characteristic (ROC) analysis of 1-, 3- and 5-year overall survival (OS) of metabolic risk
model compared with other potential prognostic factors. A-1, Time-dependent ROC analysis for 1-, 3- and 5-year OS of metabolic risk model
in the training cohort and the validating cohorts. A, B and C display GSE10846; D, E and F display GSE4732; G, H and | display GSE23501.
ECOG, Eastern Cooperative Oncology Group; IPI, International Prognostic Index

reliably used to predict prognosis of DLBCL, especially in terms of
short-term. Moreover, our metabolic gene panel exhibited enhanced
prognostic value relative to the standard IPI score.

Most of the 13 genes, in our study, have previously been re-
ported to contribute to cancer. PTGDS was reported to serve im-
portant roles in lipids and lipoprotein metabolism. Consistent with
our analysis, low PTGDS expression was shown to be related to
poor prognosis in patients with DLBCL.'2° ITPKB, implicated in
actin remodelling, was previously shown to control haematopoi-
etic stem cell homeostasis through AKT and mTOR signalling.?*
Similarly, DNMT1 was reported to be involved in cysteine and
methionine metabolism and linked to DNA replication in DLBCL
cells.?? Additionally, DNMT1 has been shown to be ubiquitously

expressed in primary DLBCL cells, where it increased cell prolifer-
ative and was predictive of OS in patients with DLBCL.% Likewise,
the CTH gene has also been reported to be involved in cysteine and
methionine metabolism and was found to promote progression and
metastasis of prostate cancer?* and bladder cancer.?®> Owing to the
essential role of LDHA in glucose metabolism, it has been impli-
cated in tumour maintenance, alteration in tumour microenviron-
ment and promotion of tumour growth and metastasis.?®?’ Taken
together, our new metabolic gene panel suggests strong metabolic
dysregulation in DLBCL and may, therefore, provide additional tar-
gets that can be used to develop effective therapy against the dis-
ease. However, further investigations into the metabolic genes and

DLBCL are necessary.
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FIGURE 7 Building and validation of the nomogram to predict the overall survival of patients combining the training cohort and
validation cohorts. A, Nomogram plot was built based on age, IPI score, metabolic risk score and total points combining the training cohort
and validation cohorts. B, Calibration plot of the nomogram. C, D, Time-dependent receiver operating characteristic (ROC) curves of
nomograms were compared based on 1-, 3- and 5-year OS of the training cohort and the cohort of GSE4732

Our GSEA data revealed numerous significantly enriched met-
abolic pathways, especially in the HR patient group, providing fur-
ther confirmation of the importance of targeting metabolic genes
in DLBCL therapy. It is known that an increase in the number of ge-
nome copies, among other mutations, may reduce the expression of
a gene 28 and approximately 212% of human genetic mutations can
be attributed to changes in copy number.?’ These metabolic charac-
teristics can be predicted to some extent and may hold therapeutic
value. However, these findings remain to be validated in a large pop-
ulation randomized trial.

While our metabolic gene panel has clinical significance, certain

limitations of this study must be considered. The estimation power

of our risk-scoring model was higher than that of the standard IPI
score. However, the clinical features extracted from the GEO data-
bases sometimes included limited or incomplete data. As such, data
from these databases were not used in this study. Second, further
investigation is warranted to determine the importance of these

metabolic factors in the pathogenesis of DLBCL.

5 | CONCLUSION

We generated a metabolic gene-based model to predict the progno-

sis of DLBCL. The fact that our model, based only on genes involved
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in metabolism, had a high accuracy in predicting survival, reflects
the disorder in the metabolic networks in the cancer cells and can
potentially be used as biomarkers for the diagnosis and prognosis of
DLBCL. Furthermore, this gene signature, whose prognostic perfor-
mance can be used in clinical practice and functional experiments,
should be further investigated to ensure its true significance in per-
sonalized therapeutic strategies.

ACKNOWLEGEMENTS

The authors thank the platforms of GEO for sharing the huge
amount of data. This work was supported by the following funds:
National Natural Science Foundation of China under grant (Number
30471976 and 81272620) and Science and Technology Projects of
Guangdong Province under grant (Number 2016A020215086).

CONFLICT OF INTEREST

The authors declare no conflicts of interest in this work.

AUTHOR CONTRIBUTION

Huizhong Wang: Conceptualization (equal); Data curation (equal);
Formal analysis (equal); Methodology (equal); Resources (equal);
Software (equal); Writing-original draft (equal). Ruonan Shao:
Conceptualization (equal); Data curation (equal); Formal analysis
(equal); Methodology (equal); Resources (equal); Software (equal).
Wenjian Liu: Formal analysis (equal); Methodology (equal); Resources
(equal); Software (equal); Validation (equal); Writing-original draft
(equal). Hailing Tang: Project administration (equal); Supervision
(equal); Writing-review & editing (equal). Yue Lu: Funding acquisition
(lead); Project administration (equal); Supervision (equal); Writing-

review & editing (equal).

ORCID

Huizhong Wang https://orcid.org/0000-0002-1469-714X

REFERENCES

1. Lauren RT, DeSantis CE, Cerhan JR, et al. 2016 US lymphoid malig-
nancy statistics by World Health Organization subtypes. CA Cancer
J Clin. 2016;6(66):443-459.

2. Swerdlow S. WHO Classification of Tumours of Haematopoietic and
Lymphoid Tissues. 2017. Lyon, France: World Health Organization

3. Coiffier B, Lepage E, Briére J, et al. CHOP chemotherapy plus ritux-
imab compared WITH CHOP alone in elderly patients with diffuse
large-B-Cell Lymphoma. N Engl J Med. 2002;346:235-242.

4. Mareschal S, Ruminy P, Bagacean C, et al. Accurate classi-
fication of germinal center B-Cell-Like/Activated B-Cell-
Like diffuse large B-Cell lymphoma using a simple and rapid
reverse transcriptase-multiplex ligation-dependent probe ampli-
fication assay: a CALYM Study. Journal of Molecular Diagnostics.
2015;15(51525-1578):273-283.

5. International Non-Hodgkin's Lymphoma Prognostic Factors
Project.A predictive model for aggressive non-Hodgkin's lym-
phoma. The International Non-Hodgkin's Lymphoma Prognostic
Factors Project. N Engl J Med. 1993;14(329):987-994.

6. Alizadeh AA, Eisen MB, Davis RE, et al. Distinct types of diffuse
large B-cell lymphoma identified by gene expression profiling.
Nature. 2000;6769(403):503-511.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Lacy SE, Barrans SL, Beer PA, et al. Targeted sequencing in DLBCL,
molecular subtypes, and outcomes: a Haematological Malignancy
Research Network report. Blood. 2020;20(135):1759-1771.

Galai G, Ben-David H, Levin L, et al. Pan-cancer analysis of mito-
chondria chaperone-client co-expression reveals chaperone func-
tional partitioning. Cancers. 2020;4(12(4)):825.

Levine AJ, Puzio-Kuter AM, et al. The control of the metabolic
switch in cancers by oncogenes and tumor suppressor genes.
Science. 2010;6009(330):1340-1344.

Li H-J, Li W-X, Dai S-X, et al. Identification of metabolism-associated
genes and pathways involved in different stages of clear cell renal
cell carcinoma. Oncol Lett. 2018;15:2316-2322.

Vander Heiden MG, DeBerardinis RJ Understanding the
Intersections between Metabolism and Cancer Biology. Cell.
2017;4(168):657-669.

Broecker-Preuss M, Becher-Boveleth N, Bockisch A Regulation
of glucose uptake in lymphoma cell lines by c-MYC- and PI3K-
dependent signaling pathways and impact of glycolytic pathways
on cell viability. J Transl Med. 2017;1(15):158.

Doughty CA, Bleiman BF, Wagner DJ, et al. Antigen receptor-
mediated changes in glucose metabolism in B lymphocytes: role of
phosphatidylinositol 3-kinase signaling in the glycolytic control of
growth. Blood. 2006;11(107):4458-4465.

Cardesa-Salzmann TM, Colomo L, Gutierrez G High microves-
sel density determines a poor outcome in patients with diffuse
large B-cell lymphoma treated with rituximab plus chemotherapy.
Haematologica. 2011;7(96):996-1001.

Shaknovich R, Geng H, Johnson NA, et al. DNA methylation signa-
tures define molecular subtypes of diffuse large B-cell lymphoma.
Blood. 2010;20(116):e81-e89.

Lenz G, Nagel |, Siebert R, et al. Aberrant immunoglobulin class
switch recombination and switch translocations in activated B cell-
like diffuse large B cell ymphoma. J Exp Med. 2007;3(204):633-643.
Gao J, Aksoy BA, Dogrusoz U, et al. Integrative Analysis of Complex
Cancer Genomics and Clinical Profiles Using the cBioPortal. Science
Signaling. 2013;6:269.

Calvo-Vidal MN, Cerchietti L. The metabolism of lymphomas. Curr
Opin Hematol. 2013;4(20):345-354.

Caro P, Kishan AU, Norberg E. Metabolic signatures uncover dis-
tinct targets in molecular subsets of diffuse large B cell lymphoma.
Cancer Cell. 16(22):547-560.

Sun C, Cheng X, Wang C, et al. Gene expression profiles anal-
ysis identifies a novel two-gene signature to predict over-
all survival in diffuse large B cell lymphoma. Biosci Rep.
2019;1(39):BSR20181293.

Siegemund S, Rigaud S, Conche C, et al. IP3 3-kinase B controls
hematopoietic stem cell homeostasis and prevents lethal hemato-
poietic failure in mice. Blood. 2015;18(125):2786-2797.

Loo SK, Ab. hamid SS, Musa M, et al. DNMT1 is associated with
cell cycle and DNA replication gene sets in diffuse large B-cell lym-
phoma. Pathol Res Pract. 2017;1(214):134-143.

Loo SK, Ch'ng ES, Lawrie CH, et al. DNMT1 is predictive of survival
and associated with Ki-67 expression in R-CHOP-treated diffuse
large B-cell lymphomas. Pathology. 2017;7(49):731-739.

Wang YH, Huang JT, Chen WL, et al. Dysregulation of cystathionine
y-lyase promotes prostate cancer progression and metastasis.
EMBO Rep. 2019;10(20):e45986.

Moore LE, Malats N, Rothman N, et al. Polymorphisms in one-
carbon metabolism and trans-sulfuration pathway genes and sus-
ceptibility to bladder cancer. Int J Cancer. 2007;11(120):2452-2458.
Fantin VR, St-Pierre J, Leder P Attenuation of LDH-A expression
uncovers a link between glycolysis, mitochondrial physiology, and
tumor maintenance. Cancer Cell. 2006;6(9):425-434.

Zdralevi¢ M, Brand A, Di lanni L, et al. Double genetic disruption of
lactate dehydrogenases A and B is required to ablate the “Warburg


https://orcid.org/0000-0002-1469-714X
https://orcid.org/0000-0002-1469-714X

WANG ET AL.

WILEY-—7

28.

29.

effect” restricting tumor growth to oxidative metabolism. J Biol
Chem. 2018;41(293):15947-15961.

Pollack JR, Sorlie T, Perou CM, et al. Microarray analysis reveals a
major direct role of DNA copy number alteration in the transcrip-
tional program of human breast tumors. Proc Natl Acad Sci USA.
2002;99:12963-12968.

Hyman E, Kauraniemi P, Hautaniemi S, et al. Impact of DNA ampli-
fication on gene expression patterns in breast cancer. Cancer Res.
2002;62:6240-6245.

How to cite this article: Wang H, Shao R, Liu W, Tang H, Lu Y.
Identification of a prognostic metabolic gene signature in
diffuse large B-cell lymphoma. J Cell Mol Med. 2021;25:7066-
7077. https://doi.org/10.1111/jcmm.16720



https://doi.org/10.1111/jcmm.16720

