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Background. Diffuse large B-cell lymphoma (DLBCL) is one of the largest lymphoma subcategories. Usually, 50%-70% of DLBCL
patients can be cured by the standard treatment. But, at least one third have bad prognosis. Based on this situation, the research on
DLBCL therapy strategy is still indispensable. Methods. A prognostic signature was built according to the public data and bioinfor-
matics methods, the stability and reliability was assessed and validated. GSEA was performed to explore the difference in different
groups. Consensus clustering and immune infiltration analysis were conducted comprehensively. Resulfs. In this work, a signature
based on multiple metabolism-associated genes (MTGs) was established, containing 16 MTGs, to predict the prognosis of DLBCL
patients. The accuracy and effectiveness of this signature have been verified by three external validation sets. According to the risk
formula, DLBCL patients were divided into high- and low-risk groups, and the survival rate of the low-risk group was significantly
higher than that of the high-risk group. Furthermore, gene set enrichment analysis (GSEA) demonstrated that beta-alanine
metabolism and regulation of actin cytoskeleton signal pathways were enriched in the low-risk group. The actual survival and
nomogram-predicted survival matched well both in the training cohort and verification cohorts. Conclusion. In general, our
prognostic signature can provide reliable and valuable information for medical workers in predicting the prognosis of DLBCL. A
preprint was made available by the research square in the following link: “https://www.researchsquare.com/article/rs-1468741/v2.”

1. Introduction

As one of the largest lymphoma subcategories, the diffuse large
B-cell lymphoma (DLBCL) with heterogeneous in clinical man-
ifestations and prognosis is a malignant tumor originating from
B lymphocytes [1-3]. Shipp classified two categories’ patients,
critical serine/threonine phosphorylation pathways and apopto-
sis, through supervised learning and some genes responses to B-
cell-receptor signaling [4]. The research of Dr. Staudt reviewed
that DLBCL could be identified two clusters (germinal center B-
cell-like (GCB-1ike) and activated B-cell-like (ABC-like)) and
GCB-like expressed genes characteristic of germinal center B
cells, whereas ABC-like expressed the characteristic of plasma
cells [5, 6]. In the latest framework, ABC cluster is split into
MCD, BN2, N1, and A53 four genetic subtypes, and GCB cluster
is divided into EZB-MYC+, EZB-MYC~, ST2, and BN2 [7-9].
However, there are still 10%—20% of DLBCL cases that cannot be

classified into these two types mentioned above [6, 10, 11], the
new research showed that the unclassified DLBCL was enriched
in BN2 subtypes [7-9].

In the past 20 years, the results of many phase III clinical
trials have established the regimen of rituximab, cyclophospha-
mide, doxorubicin, vincristine, and prednisone (R-CHOP) as the
standard treatment for DLBCL patients, usually 50%—70% of
which are cured by this treatment method [12-14]. However,
the vast majority of the remaining patients is either intractable to
this treatment, or relapse after remission [10]. Therefore, the
research on DLBCL is absolutely essential.

A couple of prognosis models had been built, based on
immune-related genes (IRGs), epigenetic modifications, IncRNA,
or miRNA [15-19]. More than two signatures were built
based on IRGs, whereas the prognostic signatures were incon-
sistent, data sources and analytical methods may account for
the inconsistent results, but the complexity of the pathogenic
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TasLE 1: The detailed information of GEO cohorts.

GEO ID The number of samples used Containing survival data or not Attribute Role
GSE8762 10 N Normal tissue DEA
GSE11318 198 Y DLBCL DEA, training model
GSE32918 189 Y DLBCL Validation
GSE53786 119 Y DLBCL Validation
GSE10846 395 Y DLBCL Validation

DEA: differential expression analysis

mechanism may be the main reason. It is essential to establish
a prognosis signature from multiangle.

The attention of the researchers has been attracted by the
intricate connection between metabolic disorders and tumor-
igenesis. Metabolic pathways are evolutionarily conserved in
cells. So, metabolic reprograming has been regarded as a core
feature of cancer cells [20-23]. So far, several specific meta-
bolic pathways have been found to be directly involved in the
tumor metastasis and development [24]. The phosphatidyli-
nositol-3-kinase (PI3K), protein kinase B (PKB/AKT), and
mammalian target of rapamycin (mTOR) pathways play key
roles in the proliferation and cell death of DLBCL [25, 26].
PI3K6 signaling is overactive in many B-cell malignancies and
has been shown to drive proliferation and transport to lym-
phatic tissues [26]. Glutamine metabolism can regulate vari-
ous pathways in brain tumor cells, including macromolecule
synthesis, energy production, epigenetic regulation, and redox
homeostasis [27]. Inhibition of glutamine metabolism in vivo
can interrupt the blood supply for tumors and may the
increase treatment response [28, 29]. Therefore, inhibiting
metabolic pathways or restoring those altered pathways is a
promising therapeutic target strategy [30].

A single metabolic marker is not enough to reveal the
complex metabolic environment [16]. So, it is urgently
needed to find a feature based on multiple metabolism-
associated genes (MTGs) to provide more reliable informa-
tion for medical worker to effectively predict characteristics
of a tumor microenvironment and prognosis of DLBCL
patients. In this research, we combined the clinical informa-
tion and expression profile of MTGs to assess overall survival
(OS) for DLBCL patients. The prognostic model of MTGs
was conducted, and its prognostic value was validated by the
gene expression omnibus (GEO) databases (GSE32918,
GSE10846, and GSE53786). This work could provide valu-
able information for clinicians in the process of DLBCL
patients diagnosis, prognosis, and treatment guidance. A
preprint has previously been published [31].

2. Materials and Methods

2.1. Collection of MTGs and Datasets. MTGs were collected
from the GeneCards online database (https://www.genecards.
org), which provided universal human genetic information
[32, 33]. “Metabolism” was selected as the search keyword
from main menu, the noncoding RNA or uncategorized
gene Ids were deleted, then the left genes with relevance scores
>8 were regarded as MTGs.

We adopted a GEO database (https://www.ncbinlm.nih.
gov/geo/) to complete the following tasks: obtain the gene-
expression profile matrixes of DLBCL from GSE11318 (203
tumor samples) and GSE8762 (10 common samples) for dif-
ferential expression analysis (DEA), and the data from
GSE11318 for training, whereas data from GSE32918,
GSES53786, and GSE10846 for validation [34—41]. Log2 trans-
formation and canonicalization were performed on the
expression profile. Packages, affyPLM, and afty were used to
standardize the gene expression matrix [42]. R software 4.1.0
was used in this work. The information of GEO cohorts was
summarized in Table 1 and the clinicopathological character-
istics of each series had been displayed in Supplementary 1.
More detail information was included in GEO database.

All data comes from the public databases; no ethics com-
mittee approval is required.

2.2. Differential Expression Analysis. DEA of those MTGs
mentioned above in GEO cohorts was performed using the
limma and gplots package [43]. Identifying statistical signifi-
cance of differential expression genes (DEGs) was consid-
ered, while, the genes that the statistical significance reaches
adjusted p-value (adj. p) <0.05 and |fold change (FC)| >0.5
were determined as the candidate DEG. At the same time, we
also downloaded the DEGs ID of DLBCL patients from the
gene expression profiling interactive analysis (GEPIA: http://
gepia.cancer-pku.cn/index.html) [39]. Finally, the union of
differentially expressed (DE)-MTGs obtained in the above
two ways were taken for subsequent analysis.

2.3. Constructing a 16-MTGs Prognostic Signature. Univariate
Cox proportional hazard regression analysis was performed for
each DE-MTG to screen genes that were significantly related to
the overall survival (OS) in GSE32918 and GSE11318, and then
the common survival-related genes in the two data sets were
taken. The least absolute shrinkage and selection operator
(LASSO) Cox regression analysis was performed for those
screened genes in GSE11318, then a multivariable prognostic
signature with MTGs was founded by multivariate Cox
proportional hazards regression analysis. We estimated the
risk score of those genes with nonzero coefficients and
generated a prognostic risk score for each patient according
to the following formula: risk score = expression level of
genel X j1 4 expression level of gene2 X2+ ... 4+ expression
level of genex X jx, where j represents the coefficient. The
GEO DLBCL patients from GSE11318 were divided into
high- and low-risk groups with the median risk score as the
cutoff value. The same formula was used to calculate the risk
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value of the validation sets. Because the data comes from
different sequencing platforms and the standardization
methods are different, respective median values were taken
as cutoff values for the training and validation datasets.

Univariate and multivariate Cox proportional hazards
regression analyses were performed to test whether the prog-
nostic model based on MTGs was an independent prognostic
factor. The Kaplan—Meier survival curve (K-M curve) was
constructed, and the log-rank test was performed to evaluate
the survival differences between high- and low-risk groups.
Receiver operating characteristic (ROC) curve analysis was
used to evaluate the sensitivity and specificity of the prognos-
tic model. Calibration plots were applied to detect the differ-
entiation between the actual and predicted OS probability.
Decision curve analysis (DCA) was used to assess the utility
of metabolism-associated prognostic signature and compare
with the immune model established by Feng et al. [16].

2.4. Functional Enrichment Analysis and the Identification of
Potential Drugs. Gene functional analysis is a considerable step
to transform the molecular discovery of high-throughput meth-
ods into the biological significance. GSEA evaluates the expres-
sion profile of the whole genome at the level of gene sets, instead
of focusing on only a few genes that are mostly changed [44]. To
identify the relevant pathways and molecular mechanisms,
GSEA was conducted between the gene expression data of
high- and low-risk groups in the GSE11318 cohort. After
1,000 permutations, gene sets with p<0.05 and false discovery
rate (FDR) less than 0.25 were considered significantly enriched.
The R package “ClusterProfiler” and “org.Hs.eg.db” were used
for statistical analysis and visualizing the functional profiles of
the DE-MTGs, including gene ontology (GO) and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) analysis. Adj. p-value
<0.05 was taken as the critical value of significance. GDSC
(https://www.cancerrxgene.org/) was used to screen the potential
drugs for DLBCL patients [45].

2.5. Cluster and PCA Analysis. The expression data of MTGs
from GSE11318 were grouped by the “ConsensusCluster-
Plus” package, and principal component analysis (PCA)
was conducted to verify the cluster results [46]. PCA is a
multivariate data analysis tool that can be used to reorganize
the variables of a large multivariate data set, and reconstruct
the first few variables accounting for most of the data differ-
ences [47]. Lastly, we used “survival” package to estimate the
survival difference of subgroups.

2.6. Correlation Analysis between MTGs and Immune-
Related Genes (IRGs). IRGs were retrieved from the analysis
Portal (ImmPort) (https://immport.niaid.nih.gov) and immu-
nology database [48]. We conducted a correlation analysis
between MTGs and IRGs using the “Hmisc” package. Genes,
satisfying the correlation coefficient R>3 and p<0.05, were
selected for this analysis. Finally, we visualized the values of R
using pandas, seaborn, and matplotlib in python.

2.7. Immune Infiltration Analysis. We used CIBERSORT from
Sangerbox (http://sangerbox.com/home.html) to detect the
abundance of tumor-infiltrating immune cells. Pearson’s
correlation coefficient and the estimated p value were utilized

to evaluate the relationship between IRGs and immune
infiltrating cells.

3. Results

3.1. Identification of DE-MTGs. Samples with survival time less
than 50 days were kicked out to make model more reliable and
reduce errors. Total of, 198 DLBCL patients with complete and
qualified survival statistics from GSE11318 were used as training
group. Total of, 1,937 MTGs were screened from the Genecards
database. Total of, 750 MTGs differentially expressed in GEO
cohort were shown in heatmap figure, and 749 of which were
upregulated and 1 was downregulated (Supplementary 2). Total
of, 982 DE-MTGs were obtained from GEPIA. The union of
DE-MTGs (contain GEO and GEPIA cohorts) are shown by the
Venn diagram. We conducted this research following the
flowchart (Figure 1).

3.2. Construction of the 16-MTGs Prognostic Signature. There
were 616 common genes among GEPIA, MTG, and
differential expression MTG. Univariate Cox proportional
hazard regression filtered out 28 MTGs significantly relating
to OS from the 616 DE-MTGs (Figure 2). LASSO Cox
regression analysis was performed to construct the
prognostic signature and 16 MTGs were obtained. The
LASSO coefficient profiles are shown in Figure 3(a). When
16 MTGs (ABCB7, CBX5, CHDH, FBXW7, GYGI, IFIHI,
MPI, MYC, NOTCH3, POLG, PPAT, PRPS2, RARRES?2,
RBI, TREM2, and UMPS) were included, the prognostic
signature performed best (Figure 3(b)). The prognostic risk
score of each patient was calculated based on an mRNA
expression level of these 16 MTGs, and patients were
divided into high- and low-risk groups, according to the
median risk score as the cutoff value (Figure 3(c)), and as
the risk score increased, so did the number of patient deaths
(Figure 3(d)). The detailed information of regression
coefficients and the risk formula were shown successively in
Table 2 and as follows.

The applicability of the prognostic model was tested via
integrating the results of K-M curve, ROC curve, and decision
curve. The time-dependent ROC curves of the prognostic genes
signature in GSE11318 training cohort according to single gene
was shown in Figure 4(a). The results of K-M analysis had
revealed that the high expression of CHDH, GYGI, MPI,
POLG, and PPAT increased the risk of death, while IFIHI,
NOTCH3, RARRES2, and TREM?2 have diametrically opposite
effects (Supplementary 2). The K-M curve also suggested that the
survival probability of the low-risk group was higher than that of
the high-risk group (p<0.05; Figure 4(d)). The actual survival
and nomogram-predicted survival matches well, as shown by the
calibration curves (Figure 4(b)) and decision curves. The prog-
nostic signature established in this study has a higher net benefit
than the default strategies and outperforms the immune gene-
related model established by Feng et al. [16] across the relevant
threshold range (Figure 4(c)).

3.3. Verification of the 16-MTGs Prognostic Signature in GEO
Cohort. The GSE32918, GSE10846, and GSE53786 cohorts
were used to verify the prognostic value of this model. The
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Differential expression analysis Obtained 1,937 metabolism-
using GSE8762 and GSE11318 related genes (MTG) from genecard
Obtained the matrix of 616
differential expression
MTG and performed
univariate cox
[
28 Survival-related MTG
Consistent clustering and genes were obtained
PCA |
| LASSO cox analysis ‘
Kaplan—Meier survival [
analysis Screened 16 MTG
signature
I ‘ GSE32918 validation ‘
Multivariate cox regression |
analysis | GSE53786 validation |
Kaplan-Meier survival I I
’ analysis _‘ Built a risk score formula }—{ GSE10846 validation ‘
[ [
| Decision curve analysis | Assess the prognostic effect
[ using time ROC
| Calibration curve | [
[ . . ESTIMATE and
| Screening potential drugs | GSEA enrichment analysis CIBERSORT
FiGURE 1: The flowchart of this research.
750 nomogram-predicted survival in which matched well. AUC
was defined as the area under the ROC curve enclosed by the
© 600 o axes, which is used to evaluate the accuracy of the model. In
§ general, 16-MTGs prognostic signature is valuable for the
£ 400 4 prognostic  prediction of DLBCL patients. Similarly,
g through DCA, for the three validation sets, the 16-MTGs
g el B T prognostic signature is better than the prognostic model of
IRGs previously reported (Supplementary 2).
3.4. Exploration of Related Signal Pathways and Potential
sl 11318 Cox Drggs. We d'etected that betatalanine metabolisrp and'regu—
e lation of actin cytoskeleton signal pathway enriched in the
210 32,918_Cox low-risk group from the GEO cohort by GSEA (Supplemen-
982 — tary 2). At the same .time, the GO fl.mction enrichment and
Lo3g MG id I KEGG pathway enrichment analysis were also performed.
’ : The results revealed that 29 GO terms and 7 KEGG pathways
20,135 DEG were significantly enriched. The GO function enrichment

20,000 0

FiGure 2: The inclusion relationship of several gene sets (differential
expression genes from GEPIA and from GEO, MTG gene ID and
survival related gene from GSE11318 and GSE32918).

verification results were the same as expected, the low-risk
group has a higher probability of survival and longer survival
time than the high-risk group, the high-prognostic value of
the signature was also observed as ROC curves showed (area
under curve, AUC=0.792 at 3 years and AUC=0.737 at 5
years in GSE32918; AUC = 0.639 at 5 years and AUC=0.679
at 10 years in GSE10846; AUC =0.639 at 5 years and AUC =
0.657 at 10 years in GSE53786) and the actual survival and

showed that the MTGs were mainly associated with coen-
zyme binding, lyase activity, transferase activity, transferring
alkyl or aryl (other than methyl) groups, modified amino
acid binding, electron transfer activity, iron—sulfur cluster
binding, metal cluster binding, flavin adenine dinucleotide
binding, oxidoreductase activity, acting on the CH-CH
group of donors, NAD or NADP as acceptor, glutathione
transferase activity, nuclear receptor activity, transcription
factor activity, direct ligand regulated sequence-specific
DNA binding, promoter-specific chromatin binding, gluta-
thione binding, and oligopeptide binding in molecular func-
tion (Figure 5(a)). The result of KEGG pathways enrichment
analysis demonstrated that MTGs were mainly enriched in
pathways of biosynthesis of cofactors, drug metabolism-
other enzymes, biosynthesis of amino acids, valine, leucine,
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FiGure 3: Construction of the prognostic metabolic gene signature and characteristics of the risk score. (a) LASSO coefficient profiles of 28
survival-related MTGs. (b) A coefficient distribution map for the log (1) sequence was generated in the LASSO model. The best parameter (1)
was chosen as the first black dashed line shown. (c) The distributions of the risk score. (d) The distributions of survival time, and status of

patients in GEO training cohort.

and isoleucine degradation, cysteine and methionine metab-
olism, N-Glycan biosynthesis, and glutathione metabolism
(Figure 5(b)).

There were 162 compounds found for DLBCL based on
differentially expressed genes between healthy and DLBCL
patients. Among 398 DEG, between high- and low-level patients,
were used to searching potential drugs, only 6 were identified as
target genes and 17 potential drugs were found. DNA replica-
tion, mitosis, EGFR signaling, apoptosis regulation, chromatin
histone acetylation, ABL signaling, ERK MAPK signaling, PI3K/
MTOR signaling, genome integrity, kinases, protein stability and
degradation, RTK signaling, cell cycle, and WNT signaling may
be the major target pathways. The detailed information of target
genes, target pathways, and genome feature of patients were
summarized in Supplementary 1 and Supplementary 2.

3.5. Identification of Two Clusters for DLBCL Patients. All
MTGs from GSE11318 were used for consensus clustering
analysis. The result illustrated that decreasing delta data from
2t0 9 of k, k=2 was selected as an optimal cluster based on

consensus CDF, and two different subgroups were identified
(Figure 6(a)-6(d)). To validate the result of the cluster, we
conducted PCA analysis and found that the expression of
prognosis-related MTGs showed obvious group segregation
(Figure 6(e)). Furthermore, the K—M survival analysis of
cluster samples illustrated that the OS of Group 2 was sig-
nificantly lower than that of Group 1 (Figure 6(f)).

3.6. Correlation between MTGs and Survival-Related Immune
Genes at Transcription Levels in DLBCL Patients. To better pres-
ent the relationship between MTGs from GSE11318 and
survival-related immune genes, correlation analysis was per-
formed. As the correlation heatmap was shown in Figure 7,
most MTGs were correlated with survival-related immune
genes, especially CBX5, MPI, and PPAT. Besides, CBX5 and
MPI were positively correlated with these genes mostly, while
PPAT is negatively correlated with them. On the contrary,
CHDH and POLG have no significant correlation with
survival-related immune genes (Supplementary 2).
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TaBLE 2: The unadjusted hazard ratios are expressed as 95% Cls.

Coef. Exp (coef.) Se (coef.) z Pr (>|2])
ABCB7 —3.31521 0.036327 2.458541 —1.348 0.177516
CBX5 —6.41051 0.001644 1.922207 —3.335 0.000853***
CHDH 1.191047 3.290523 0.543121 2.193 0.02831*
FBXW?7 0.862844 2.369891 1.727097 0.5 0.617362
GYGI1 1.399984 4.055137 1.915406 0.731 0.464836
IFIH1 —1.07609 0.340927 0.919523 -1.17 0.241893
MPI 1.196945 3.30999 2.071136 0.578 0.56332
MYC 0.205369 1.227978 1.390967 0.148 0.882623
NOTCH3 —1.22966 0.292392 1.471355 —0.836 0.403305
POLG 2473132 11.85953 1.51988 1.627 0.103697
PPAT 2.753012 15.68982 2.139887 1.287 0.198261
PRPS2 —3.22631 0.039704 1.775708 —1.817 0.06923
RARRES2 —1.56748 0.20857 0.780879 —2.007 0.044715*
RB1 0.837596 2.310804 0.966283 0.867 0.386039
TREM2 —0.39228 0.675513 0.306536 —-1.28 0.200641
UMPS 1.14927 3.155889 1.651583 0.696 0.486517

Note. *p <0.05, *p <0.01, and ***p <0.001.) Risk score= (expression of ABCB7x 0.0363) + (expression of CBX5 X 0.0016) + (expression of CHDH X
3.2905) + (expression of FBXW7 X 2.3699) + (expression of GYGI X 4.0551) + (expression of IFIHI X 0.3409) + (expression of MPIx 3.3100) + (expression
of MYCx1.2280) + (expression of NOTCH3x 0.2924) + (expression of POLG X 11.8595) + (expression of PPAT X 15.6898) + (expression of PRPS2X
0.0397) + (expression of RARRES2 % 0.2086) + (expression of RBI X 2.3108) + (expression of TREM2 X 0.6755) + (expression of UMPS X 3.1559).

3.7. Immune Infiltration. To explore the differences between
high- and low-risk groups on the cellular level and the
genome level, 24 types of infiltrating immune cell scores
were compared, and the same as immune gene-sets. The
results showed big differences between high- and low-risk
groups in terms of immune cell infiltration and immune
gene-set activity. We found that the expression levels of naive
B cells, memory B cells, plasma cells, monocytes, MO macro-
phages, M1 macrophages, M2 macrophages, resting den-
dritic cells, activated dendritic cells, resting mast cells, and
activated mast cells are higher in the high-risk group. While
various types of T cells, containing CD8 T cells, naive CD4 T
cells, resting memory CD4 T cells, activated memory CD4 T
cells, and follicular helper T cells are higher in the low-risk
group (Figure 7).

4. Discussion

The altered energy metabolism is one of the most important
signs of cancer development. The famous Warburg effect
exists in majority of cancers [49-51]. More and more evidence
proved that the chaotic energy metabolism played a signifi-
cant role in occurrence and development of DLBCL. The high
expression of lactate dehydrogenase (LDH) is a dangerous
signal for patients [52—54]. The inhibitor of monocarboxylate
transporter 1 (MCT1) suppressed the growth of DLBCL sig-
nificantly when combining with mitochondrial respiratory
Complex I inhibitor [55, 56]. The inhibition of mitochondrial
oxidative phosphorylation by OPB-111077 or metformin
could improve the clinical outcome of DLBCL [57, 58].
Many previous studies have shown that multiple MTGs
can be used as a diagnostic tool and provide medical workers
to predict values for many types of cancer, such as prostate

cancer, lung adenocarcinoma, low-grade glioma, oral squa-
mous cell carcinoma, and so on [30, 59, 60]. In this work, a
prognosis signature was established using 16-MTGs. Further-
more, unsupervised cluster analysis was performed, that result
demonstrated that DLBCL patients could be identified two
clusters and the overall survival rates of the two subgroups
were different. The new classification subtype is not exactly
the same as the previous one, but it provides energy-related
molecular characteristics. This result can deepen our under-
standing of the changes in energy metabolism during the
pathogenesis of DLBCL. An IRG signature was conducted
for DLBCL in the previous research, and we compared these
two models by DCA and found that the metabolic-related
prognostic model we established, perform better.

All of these genes were involved in the regulation of
cellular metabolism in a direct or indirect manner. Some
are directly involved in the TCA cycle (PPAT), some in lipid
metabolism (CBX5, FBXW7, and TREM2), some in glucose
metabolism (RB1), some in nucleotide metabolism (PRPS2),
and some in regulating mitochondrial function (ABCB7 and
POLG). The expression of ABCB7 was critical in regulating
iron metabolism and maintaining mitochondrial function
[61, 62]. One of the main functions of CBXS5 is to participate
in gene silencing. The loss of CBX5 confers EGFR inhibitor
resistance in lung cancer cells [63]. CBX5 plays different
roles in different cancers, such as increased CBX5 transcrip-
tion causes carcinogenesis in gliomas [64], but its expression
product HPla in breast cancer can inhibit the metastasis of
cancer cells [65]. Cholesterol dehydrogenase (CHDH) regu-
lates lipid metabolism by catalyzing cholesterol oxidation in
an oxygen-independent manner [66]. FBXW7 determines
cell fate by modulating lipid metabolism and glutamine
metabolism [67, 68]. Glycogenin-1 (GYG1) is involved in
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glycogen synthesis [69]. Mannose phosphoisomerase (MPI)
is the first enzyme that leads to the production of GDP-
Mannose [70]. POLG is critical to the mitochondrial func-
tion and mitophagy in astrocytes [71, 72]. Phosphoribosyl-
pyrophosphate synthetase 2 (PRPS2) promotes nucleotide
biosynthesis [73]. The function of RAPPES2 in regulating
lipid metabolism has been investigated in breast cancer
[74]. The loss of RB1 promotes a glycolytic phenotype
[75]. TREM2 affects the metabolism of cholesterol, myelin,
and phospholipids [76-79]. MYC is usually overexpressed in
almost all cancers, and its ability to alter metabolism had
been well-established. MYC could induce aberrant choline
metabolism by transcriptionally activating the key enzyme
phosphate cytidylyltransferase 1 choline-a (PCYT1A) [80].
Minoacyl-tRNA_biosynthesis pathway was significantly
influenced by NOTCH3 [81].

Through survival analysis, we found the prognosis of
DLBCL significantly correlated with nine MTGs, containing
CHDH, GYGI, MPI, POLG, PPAT, IFIHI, NOTCH3,
RARRES2, and TREM2. Through literature review, we found
these genes are all related to the occurrence and development
of cancers or tumors. The high expression of IFIHI,
NOTCH3, RARRES2, and TREM2 shows satisfactory progno-
sis for DLBCL. While the high expression of CHDH, GYGI,
MPI, POLG, and PPAT is negatively correlated with the

prognosis of DLBCL. Consistent with our results, the high
expression of NOTCH3 is positively correlated with the
good prognosis of metastatic medullary thyroid cancer [82].
As a tumor suppressor gene, RARRES?2 increases its expres-
sion in breast cancer and inhibits tumor growth by recruiting
NK and T cells [83]. Similarly, our results also showed that
high expression of RARRES2 was beneficial to the survival of
DLBCL. However, some of our results were not consistent
with the previous. The high expression of CHDH and
POLG has a poor prognosis in DLBCL, while, there are anti-
thetical outcomes for the research of estrogen receptor (ER)—
positive breast cancer and gastric cancer [84, 85]. Overexpres-
sion of NOTCH3 is associated with poor prognosis in human
ovarian epithelial cancer [86]. Moreover, the high expression
of TREM2 is related to the poor prognosis of gastric cancer
[86]. In a word, our research results were basically consistent
with the previous research results and proved that the
screened genes are valuable.

GEAs were conducted to gain insight into the molecular
mechanism of the occurrence and development of DLBCL.
Beta-alanine metabolism and regulation of actin cytoskele-
ton signaling pathway were enriched in the low-risk DLBCL
group by GSEA. The actin cytoskeleton is a highly dynamic
network composed of actin polymers and a large number of
related proteins. The remodeling and function of the actin
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cytoskeleton are regulated by signal pathways [87]. Resibu-
fogenin, as a traditional Chinese medicine for the treatment
of a variety of malignant tumors, inhibits the growth of
ovarian clear cell carcinoma (OCCC) by downregulating
the actin cytoskeleton signaling pathway [88]. Studies have
found that the actin cytoskeleton signaling pathway is signif-
icantly affected in patients with cervical cancer [89]. Previous
studies have shown that the stromal supply of alanine sup-
ports the metabolism, growth, and treatment resistance of
pancreatic ductal adenocarcinoma [90, 91].

KEGG pathways enrichment analysis indicated that these
pathways contained biosynthesis of amino acids, valine, leu-
cine, and isoleucine degradation, cysteine, and methionine
metabolism. Almost all enriched pathways have been con-
firmed to be closely related to cancer. Glutathione metabolism
is essential for normal cell function [71, 72, 92-96]. Many
cancer types, including breast, liver, colon, and gastric cancers,
have increased glutathione content in cancer stem cells and
counteract the activity of antineoplastic agents through the
detoxification ability of glutathione [97, 98]. In the study of
esophageal cancer, it has been confirmed that inhibiting gluta-
thione metabolism can slow down the progression of cancer
syndrome [99]. Oncogene-driven cell growth activation is
linked to the increased amino acid uptake and biosynthesis
[100]. When cysteine synthesis is upregulated in cancer, the
upregulation of catabolic pathways and the expression of cys-
teine transporters are often observed [100]. Tumor cells enthu-
siastically consume methionine by expressing high levels of the

methionine transporter SLC43A2, and then T cells cannot
obtain methionine, resulting in impaired T cell immunity
[101]. The change of N-glycan biosynthesis can interfere with
cell proliferation, differentiation contributes to tumor develop-
ment and enhance the metastasis and spread of primary
tumors [102].

Considering the vital role of immunity, we conducted the
correlation analysis between MTGs and IRGs and immune
infiltration analysis. Interestingly, among the 16 genes in this
prognostic signature, the genes that had the weaker impact on
the prognosis of DLBCL, such as CBX5, MPI, and PPAT, was
more closely related to the immune genes. However, their inner
connection needs further research. At the same time, a study
has found that there is a significant correlation between the
expression of CBX and the infiltration of immune cells (B cells,
CD8+ T cells, CD4+ T cells, macrophages, neutrophils, and
dendritic cells) [103]. These immune cells are highly consistent
with those extracted from our immune infiltration analysis.
The expression level of follicular helper T cells was higher in
the low-risk DLBCL group, indicating that cancer patients with
a high proportion of helper T cells have a higher survival rate,
which has been verified in acute myeloid leukemia and mela-
noma [104, 105]. The presence of M2 macrophages was con-
ducive to the growth and spread of tumors, which was
indirectly verified by our result that M2 macrophages are
highly expressed in the high-risk DLBCL group.

Although our results have clinical prognostic signifi-
cance, their limitations also exist. First, compared with
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widely studied cancer types, the sample size of DLBCL is not
big enough. Second, the development of 16-MTGs prognos-
tic signature depended on the RNA-seq series, and the pro-
cedures of sample processing, RNA extraction, reverse
transcription, and detection needs to be standardized and
normalized. Third, we have verified the prognostic value of
this signature through three external data sets, but in vivo or
in vitro experimental verification were not conducted.

5. Conclusion

In summary, 6-MTGs prognostic signature was established
and verified, the 3-, 5-, and 10-year survival rate of DLBCL
patients can be well predicted. This signature provides
potential clinical application value for the precise treatment
strategy of DLBCL.

Abbreviations

DLBCL:  Diffuse large B-cell lymphoma

MTGs: Metabolism-related genes

GSEA: Gene set enrichment analysis

GCB-1like: Germinal center B-cell-like

ABC-like:  Activated B-cell-like

R-CHOP: Regimen of rituximab, cyclophosphamide,
doxorubicin, vincristine, and prednisone

PI3K: Phosphatidylinositol-3-kinase

PKB/AKT: Protein kinase B

mTOR: Mammalian target of rapamycin

OS: Overall survival

GEO: Gene expression omnibus

GEPIA: Gene expression profiling interactive analysis
DE-MTGs: Differentially expressed-MTGs

LASSO: Least absolute shrinkage, and selection operator
K-M: Kaplan—Meier

ROC: Receiver operating characteristic

DCA: Decision curve analysis

FDR: False discovery rate

GO: Gene ontology

KEGG: Kyoto encyclopedia of genes and genomes
PCA: Principal component analysis

IRGs: Immune-related genes

ImmPort: Immunology database and analysis portal

ER: Estrogen receptor
MPL:

Mannose phosphate isomerase
OCCC: Ovarian clear cell carcinoma.
Data Availability

All the original data in this study were obtained from the
online repository. Please see the text for the name of the
specific repository/repositories and accession number(s).

Disclosure

This paper is already published in the preprint given in the
following link: “https://www.researchsquare.com/article/rs-
1468741/v2.”

Analytical Cellular Pathology

Conflicts of Interest

The authors declare that they have no conflicts of interest.

Authors’ Contributions

SJ W was responsible for conceptualization, writing—original
draft, and writing—review and editing. PC F and XQ W had
contributed to the software visualization and writing—review
and editing. GX L was responsible for the software validation
and editing. All authors contributed to this article and agreed
to the submitted version.

Acknowledgments

We thank the Department of Chemistry in Changzhi Uni-
versity, and the Departments of Anesthesiology and Basic
Medicine in Changzhi Medical College. This study is finan-
cially supported by the Basic Research Program of Shanxi
Province (202103021223382) and the Chunhui Project of
Changzhi Medical College (QD201918).

Supplementary Materials

Supplementary 1. Table S1: detailed information of clinico-
pathological characteristics of each series. Table S2: detailed
information of enrichment analysis. Table S3: potential
drugs for DLBCL patients.

Supplementary 2. Figure S1: the differential expression genes
of GSE11318 and GSE8762 shown in heatmap. Figure S2:
Kaplan—Meier plotters showed overall survival of MTGs in
DLBCL. Figure S3: verification of the prognostic 16-MTGs
signature in GEO cohorts. Figure S4: the legends at the top of
the image showed the results of analyzing the differences
between the high- and low-risk groups using T-tests. Figure
S5: GSEA depicts the biological pathways related to the risk
score value of the prognostic 16-MTGs signature and path-
ways enriched in the low-risk group. Figure S6: the correla-
tion between 16 MTGs and survival-related immune genes.

References

[1] S. Dubois and F. Jardin, “Novel molecular classifications of
DLBCL,” Nature Reviews Clinical Oncology, vol. 15, no. 8,
pp. 474-476, 2018.

[2] S. H. Swerdlow, E. Campo, and N.L. Harris, WHO

Classification of Tumours of Haematopoietic and Lymphoid

Tissues, vol. 4, pp. 88-93, IARC, Lyon, 2008.

Y. Miao, L. J. Medeiros, Y. Li, J. Li, and K. H. Young,

“Genetic alterations and their clinical implications in

DLBCL,” Nature Reviews Clinical Oncology, vol. 16, no. 10,

pp. 634-652, 2019.

M. A. Shipp, K. N. Ross, P. Tamayo et al., “Diffuse large B-

cell lymphoma outcome prediction by gene-expression

profiling and supervised machine learning,” Nature Medi-

cine, vol. 8, no. 1, pp. 68-74, 2002.

[5] G. Wright, B. Tan, A. Rosenwald, E. H. Hurt, A. Wiestner,
and L. M. Staudt, “A gene expression-based method to
diagnose clinically distinct subgroups of diffuse large B cell
lymphoma,” Proceedings of the National Academy of Sciences

(3

—_

[4

—


https://www.researchsquare.com/article/rs-1468741/v2
https://www.researchsquare.com/article/rs-1468741/v2
https://www.researchsquare.com/article/rs-1468741/v2
https://www.researchsquare.com/article/rs-1468741/v2
https://downloads.hindawi.com/journals/acp/2024/4619644.f1.docx
https://downloads.hindawi.com/journals/acp/2024/4619644.f2.zip

Analytical Cellular Pathology

of the United States of America, vol. 100, no. 17, pp. 9991-
9996, 2003.

[6] A. A. Alizadeh, M. B. Eisen, R. E. Davis et al., “Distinct types
of diffuse large B-cell lymphoma identified by gene
expression profiling,” Nature, vol. 403, pp. 503-511, 2000.

[7] W. H. Wilson, G. W. Wright, D. W. Huang et al., “Effect of
ibrutinib with R-CHOP chemotherapy in genetic subtypes of
DLBCL,” Cancer Cell, vol. 39, no. 12, pp. 1643-1653, 2021.

[8] G. W. Wright, D. W. Huang, J. D. Phelan etal, “A
probabilistic classification tool for genetic subtypes of diffuse
large B cell lymphoma with therapeutic implications,” Cancer
Cell, vol. 37, no. 4, pp. 551-568, 2020.

[9] H. F. P. Runge, S. Lacy, S. Barrans et al., “Application of the
LymphGen classification tool to 928 clinically and
genetically-characterised cases of diffuse large B cell
lymphoma (DLBCL),” British Journal of Haematology,
vol. 192, no. 1, pp. 216-220, 2021.

[10] B. Coiffier and C. Sarkozy, “Diffuse large B-cell lymphoma:
R-CHOP failure—what to do?” Hematology Am Soc Hematol
Educ Program, vol. 2016, no. 1, pp. 366-378, 2016.

[11] R.Schmitz, G. W. Wright, D. W. Huang et al., “Genetics and
pathogenesis of diffuse large B-cell lymphoma,” New England
Journal of Medicine, vol. 378, no. 15, pp. 1396-1407, 2018.

[12] H. Q. Huang, “Long-term results of the R-CHOP study in the
treatment of elderly patients with diffuse large B-cell
lymphoma—a study by the Groupe d’ETude des Lymphoma
de 'Adulte,” The Journal of Evidence-Based Medicine, vol. 7,
pp. 23-25, 2007.

[13] M. Pfreundschuh, L. Triimper, A. Osterborg et al., “CHOP-
like chemotherapy plus rituximab versus CHOP-like
chemotherapy alone in young patients with good-prognosis
diffuse large-B-cell lymphoma: a randomised controlled trial
by the MabThera International Trial (MInT) Group,” The
Lancet Oncology, vol. 7, no. 5, pp. 379-391, 2006.

[14] M. Pfreundschuh, J. Schubert, M. Ziepert et al., “Six versus
eight cycles of bi-weekly CHOP-14 with or without rituximab
in elderly patients with aggressive CD20+ B-cell lymphomas:
a randomised controlled trial (RICOVER-60),” The Lancet
Oncology, vol. 9, no. 2, pp. 105-116, 2008.

[15] Z. Wu, Q. Guan, X. Han et al., “A novel prognostic signature
based on immune-related genes of diffuse large B-cell
lymphoma,” Aging, vol. 13, no. 19, pp. 22947-22962, 2021.

[16] P.Feng, H.Li,J. Pei, Y. Huang, and G. Li, “Identification of a 14-
gene prognostic signature for diffuse large B cell lymphoma
(DLBCL),” Frontiers in Genetics, vol. 12, pp. 1-7, 2021.

[17] X. Wang, Y. Hong, S. Meng et al., “A novel immune-related
epigenetic signature based on the transcriptome for
predicting the prognosis and therapeutic response of patients
with diffuse large B-cell lymphoma,” Clinical Immunology,
vol. 243, Article ID 109105, 2022.

[18] X. Wang, Y. Lu, Z. Liu et al., “A 9-LncRNA signature for
predicting prognosis and immune response in diffuse large B-
cell lymphoma,” Frontiers in Immunology, vol. 13, 2022.

[19] A. Beheshti, K. Stevenson, C. Vanderburg et al., “Identifica-
tion of circulating serum multi-microrna signatures in
human DLBCL models,” Scientific Reports, vol. 9, no. 1,
2019.

[20] X. Sun, M. Wang, M. Wang et al., “Metabolic reprogram-
ming in triple-negative breast cancer,” Frontiers in Oncology,
vol. 10, 2020.

[21] B. Liu and X. Zhang, “Metabolic reprogramming underlying
brain metastasis of breast cancer,” Frontiers in Molecular
Biosciences, vol. 8, 2022.

13

[22] L. Xia, L. Oyang, J. Lin et al, “The cancer metabolic
reprogramming and immune response,” Molecular Cancer,
vol. 20, no. 1, 2021.

[23] J. Liu, G. Zhou, X. Wang, and D. Liu, “Metabolic
reprogramming consequences of sepsis: adaptations and
contradictions,” Cellular and Molecular Life Sciences, vol. 79,
no. 8, p. 456, 2022.

[24] L. He,J. Chen, F. Xu, J. Li, and J. Li, “Prognostic implication of a
metabolism-associated gene signature in lung adenocarcinoma,”
Molecular Therapy—Oncolytics, vol. 19, pp. 265-277, 2020.

[25] R. E. Davis, V. N. Ngo, G. Lenz et al., “Chronic active B-cell-
receptor signalling in diffuse large B-cell lymphoma,” Nature,
vol. 463, pp. 88-92, 2010.

[26] R. S. Schwartz, G. Lenz, and L. M. Staudt, “Aggressive
lymphomas,” New England Journal of Medicine, vol. 362,
no. 15, pp. 1417-1429, 2010.

[27] S. K. Natarajan and S. Venneti, “Glutamine metabolism in
brain tumors,” Cancers, vol. 11, no. 11, 2019.

[28] Y.-K. Choi and K.-G. Park, “Targeting glutamine metabolism
for cancer treatment,” Biomolecules & Therapeutics, vol. 26,
no. 1, pp. 19-28, 2018.

[29] G. Ma, Z. Zhang, P. Li et al., “Reprogramming of glutamine
metabolism and its impact on immune response in the tumor
microenvironment,” Cell Communication and Signaling,
vol. 20, no. 1, Article ID 114, 2022.

[30] M. V. Heiden and R. J. Deberardinis, “Understanding the
intersections between metabolism and cancer biology,” Cell,
vol. 168, pp. 657-669, 2017.

[31] X. Wang and P. Feng, “Identification of a 16-MTGs
prognostic signature in diffuse large B-cell lymphoma,” 2022.

[32] G. Stelzer, N. Rosen, I. Plaschkes et al., “The GeneCards suite:
from gene data mining to disease genome sequence analyses,”
Current Protocols in Bioinformatics, vol. 54, no. 1, 2016.

[33] M. Safran, N. Rosen, M. Twik et al., “The GeneCards suite,”
in Practical Guide to Life Science Databases, 1. Abugessaisa
and T. Kasukawa, Eds., pp.27-56, Springer Nature
Singapore, Singapore, 2021.

[34] H. Runne, A. Kuhn, E. J. Wild et al., “Analysis of potential
transcriptomic biomarkers for Huntington’s disease in
peripheral blood,” Proceedings of the National Academy of
Sciences, vol. 104, no. 36, pp. 14424-14429, 2007.

[35] G. Lenz, G. W. Wright, N. C. T. Emre et al, “Molecular
subtypes of diffuse large B-cell lymphoma arise by distinct
genetic pathways,” Proceedings of the National Academy of
Sciences, vol. 105, no. 36, pp. 13520-13525, 2008.

[36] G.Lenz, G. Wright, S. S. Dave et al., “Stromal gene signatures
in large-B-cell lymphomas,” New England Journal of
Medicine, vol. 359, no. 22, pp. 2313-2323, 2008.

[37] T. M. Cardesa-Salzmann, L. Colomo, G. Gutierrez et al.,
“High microvessel density determines a poor outcome in
patients with diffuse large B-cell lymphoma treated with
rituximab plus chemotherapy,” Haematologica, vol. 96,
no. 7, pp. 996-1001, 2011.

[38] S. L. Barrans, S. Crouch, M. A. Care et al., “Whole genome
expression profiling based on paraffin embedded tissue can
be used to classify diffuse large B-cell lymphoma and predict
clinical outcome,” British Journal of Haematology, vol. 159,
no. 4, pp. 441-453, 2012.

[39] D. W. Scott, G.W. Wright, P. M. Williams et al,
“Determining cell-of-origin subtypes of diffuse large B-cell
lymphoma using gene expression in formalin-fixed paraffin-
embedded tissue,” Blood, vol. 123, no. 8, pp. 1214-1217,
2014.



14

(40]

(41]

[42]

(43]

(44]

(45]

(46]

(47]

(48]

(49]

(50]

(51]

(52]

(53]

(54]

(55]

M. A. Care, M. Cocco, J. P. Laye et al., “SPIB and BATF
provide alternate determinants of IRF4 occupancy in diffuse
large B-cell lymphoma linked to disease heterogeneity,”
Nucleic Acids Research, vol. 42, no. 12, pp. 7591-7610, 2014.
R. Ta, C. Santini, P. Gou et al., “Molecular subtyping of
diffuse large B-cell lymphoma using a novel quantitative RT-
PCR assay,” The Journal of Molecular Diagnostics, vol. 23,
no. 3, pp. 323-340, 2021.

L. Gautier, L. Cope, B. M. Bolstad, and R. A. Irizarry, “Affy—
analysis of Affymetrix GeneChip data at the probe level,”
Bioinformatics, vol. 20, no. 3, pp. 307-315, 2004.

M. E. Ritchie, B. Phipson, D. Wu et al., “Limma powers
differential expression analyses for RNA-sequencing and
microarray studies,” Nucleic Acids Research, vol. 43, no. 7,
2015.

J. Zhu, Y. Liu, H. Ao, M. Liu, and J. Ma, “Comprehensive
analysis of the immune implication of ACK1 gene in non-
small cell lung cancer,” Frontiers in Oncology, vol. 10, 2020.
W. Yang, J. Soares, P. Greninger et al., “Genomics of drug
sensitivity in cancer (GDSC): a resource for therapeutic
biomarker discovery in cancer cells,” Nucleic Acids Research,
vol. 41, no. 1, pp. 955-961, 2012.

M. D. Wilkerson and D. N. Hayes, “ConsensusClusterPlus: a
class discovery tool with confidence assessments and item
tracking,” Bioinformatics, vol. 26, no. 12, pp. 1572-1573, 2010.
J. Xue, C. Lee, S. G. Wakeham, and R. A. Armstrong, “Using
principal components analysis (PCA) with cluster analysis to
study the organic geochemistry of sinking particles in the
ocean,” Organic Geochemistry, vol. 42, no. 4, pp. 356-367,
2011.

P. J. Dunn, E. Thomson, J. Campbell et al., “ImmPort: shared
research data for bioinformatics and immunology,” in 2015
IEEE International Conference on Bioinformatics and
Biomedicine (BIBM), pp. 607-610, IEEE, Washington, DC,
USA, December, 2015.

Y. Yuan, S. Ni, A. Zhuge, B. Li, and L. Li, “Iron regulates the
Warburg effect and ferroptosis in colorectal cancer,”
Frontiers in Oncology, vol. 11, 2021.

R. Fu, P. Yang, S. Amin, and Z. Li, “A novel miR-206/
hnRNPA1/PKM2 axis reshapes the Warburg effect to
suppress colon cancer growth,” Biochemical and Biophysical
Research Communications, vol. 531, no. 4, pp. 465-471, 2020.
S. Zhang, M. Pei, Z. Li, H. Li, Y. Liu, and J. Li, “Double-
negative feedback interaction between DNA methyltransfer-
ase 3A and microRNA-145 in the Warburg effect of ovarian
cancer cells,” Cancer Science, vol. 109, no. 9, pp. 2734-2745,
2018.

M. S. Painschab, E. Kasonkanji, T. Zuze et al, “Mature
outcomes and prognostic indices in diffuse large B-cell
lymphoma in Malawi: a prospective cohort,” British Journal
of Haematology, vol. 184, no. 3, pp. 364-372, 2019.

C. Pontoizeau, A. Girard, H. Mesbah et al., “Prognostic value
of baseline total metabolic tumor volume measured on FDG
pet in patients with richter syndrome,” Clinical Nuclear
Medicine, vol. 45, no. 2, pp. 118-122, 2020.

I. Vieira, M. Quintela, Cdudia Moreira et al., “The magnitude
of lactate dehydrogenase elevation as a predictive factor for
central nervous system relapse in diffuse large B-cell
lymphoma,” Blood, vol. 134, pp. 5342-5342, 2019.

R. A. Noble, H. Thomas, Y. Zhao et al., “Simultaneous
targeting of glycolysis and oxidative phosphorylation as a
therapeutic strategy to treat diffuse large B-cell lymphoma,”
British Journal of Cancer, vol. 127, no. 5, pp. 937-947, 2022.

[56]

(57]

(58]

(59]

(60]

[61]

[62]

(63]

(64]

[65]

[66]

[67]

(68]

Analytical Cellular Pathology

S. E. R. Halford, H. Walter, P. McKay et al., “Phase I
expansion study of the first-in-class monocarboxylate
transporter 1 (MCT1) inhibitor AZD3965 in patients with
diffuse large B-cell lymphoma (DLBCL) and Burkitt
lymphoma (BL),” Journal of Clinical Oncology, vol. 39,
no. 15 suppl, 2021.

N. Ohi, M. Okuno, H. Tanaka, and T. Ohtani, “Combination
therapy strategy for lymphoma based on cancer energy
metabolism of OPB-111077, a novel antitumor agent
inhibiting mitochondrial oxidative phosphorylation,” Blood,
vol. 138, 2021.

A. Singh, J. Gu, V. Yanamadala, M. S. Czuczman, and
F. J. Hernandez-Ilizaliturri, “Metformin lowers the mito-
chondrial potential of lymphoma cells and its use during
front-line rituximab-based chemo-immunotherapy improves
the clinical outcome of diffuse large B-cell lymphoma,” Blood,
vol. 122, no. 21, 2013.

Y. Zhang, R. Zhang, F. Liang, L. Zhang, and X. Liang,
“Identification of metabolism-associated prostate cancer
subtypes and construction of a prognostic risk model,”
Frontiers in Oncology, vol. 10, pp. 1-17, 2020.

X. Wu, Y. Yao, Z. Li, H. Ge, D. Wang, and Y. Wang,
“Identification of a transcriptional prognostic signature from
five metabolic pathways in oral squamous cell carcinoma,”
Frontiers in Oncology, vol. 10, 2020.

C. Clough, J. Pangallo, M. Sarchi et al., “Coordinated mis-
splicing of multiple mitochondrial iron metabolism genes
causes ring sideroblast formation in SF3B1-mutant MDS,”
Blood, vol. 136, 2020.

V. Kumar, A.K. Aneesh, R. Sanawar, A. Jaleel,
T.R. S. Kumar, and C.C. Kartha, “Chronic pressure
overload results in deficiency of mitochondrial membrane
transporter ABCB7 which contributes to iron overload,
mitochondrial dysfunction, metabolic shift and worsens
cardiac function,” Scientific Reports, vol. 9, 2019.

S. Bugide, Y. J. K. Edwards, R. Gupta, M. R. Green, and
N. Wajapeyee, “CBX5 loss drives EGFR inhibitor resistance
and results in therapeutically actionable vulnerabilities in
lung cancer,” Proceedings of The National Academy of
Sciences of The United States of America, vol. 120, no. 4,
2023.

J. Vad-Nielsen, K.R. Jakobsen, T.F. Daugaard et al,
“Regulatory dissection of the CBX5 and hnRNPA1 bi-
directional promoter in human breast cancer cells reveals
novel transcript variants differentially associated with HP1a
down-regulation in metastatic cells,” BMC Cancer, vol. 16,
pp. 1-21, 2016.

Y. Sun, X. Wang, and X. Bu, “LINC02381 contributes to cell
proliferation and hinders cell apoptosis in glioma by
transcriptionally enhancing CBX5,” Brain Research Bulletin,
vol. 176, pp. 121-129, 2021.

M. del Barrio, E. Martinez-Perindn, C. Gutiérrez-Sdnchez
et al, “Carbon nanodots modified-electrode for peroxide-
free cholesterol biosensing and biofuel cell design,” Sensors
and Actuators B: Chemical, vol. 375, 2023.

X. Mo, X. Shen, X. Mo et al., “CEMIP promotes small cell
lung cancer proliferation by activation of glutamine
metabolism via FBXW7/c-Myc-dependent axis,” Biochemical
Pharmacology, vol. 209, 2023.

I. Onoyama, A. Suzuki, A. Matsumoto et al, “Fbxw?7
regulates lipid metabolism and cell fate decisions in the
mouse liver,” The Journal of Clinical Investigation, vol. 121,
no. 1, pp. 342-354, 2011.



Analytical Cellular Pathology

[69] J. Pitcher, C. Smythe, D. G. Campbell, and P. Cohen,
“Identification of the 38-kDa subunit of rabbit skeletal
muscle glycogen synthase as glycogenin,” European Journal
of Biochemistry, vol. 169, no. 3, pp. 497-502, 1987.

[70] C. DeRossi, K. Bambino, J. Morrison et al., “Mannose
phosphate isomerase and mannose regulate hepatic stellate
cell activation and fibrosis in zebrafish and humans,”
Hepatology, vol. 70, pp. 2107-2122, 2019.

[71] A. Chen, C. K. Kristiansen, Y. Hong et al., “Nicotinamide
riboside and metformin ameliorate mitophagy defect in
induced pluripotent stem cell-derived astrocytes with POLG
mutations,” Frontiers in Cell and Developmental Biology,
vol. 9, 2021.

[72] X. Chen, R. Kang, G. Kroemer, and D. Tang, “Ferroptosis in
infection, inflammation, and immunity,” Journal of
Experimental Medicine, vol. 218, no. 6, 2021.

[73] J. T. Cunningham, M. V. Moreno, A. Lodi, S. M. Ronen, and
D. Ruggero, “Protein and nucleotide biosynthesis are coupled
by a single rate-limiting enzyme, PRPS2, to drive cancer.”
Cell, vol. 157, no. 5, pp. 1088-1103, 2014.

[74] Y.-Q. Li, F.-Z. Sun, C.-X. Li et al., “RARRES2 regulates lipid
metabolic reprogramming to mediate the development of
brain metastasis in triple negative breast cancer,” Military
Medical Research, vol. 10, Article ID 34, 2023.

[75] L. R. Conroy, S. Dougherty, T. Kruer et al., “Loss of Rbl
enhances glycolytic metabolism in Kras-driven lung tumors
in vivo,” Cancers, vol. 12, no. 1, 2020.

[76] A. A.Nugent, K. Lin, B. van Lengerich et al., “TREM2 regulates
microglial cholesterol metabolism upon chronic phagocytic
challenge,” Neuron, vol. 105, no. 5, pp. 837-854, 2020.

[77] K. Shirotani, Y. Hori, R. Yoshizaki et al, “Aminopho-
spholipids are signal-transducing TREM2 ligands on
apoptotic cells,” Scientific Reports, vol. 9, 2019.

[78] C. Cantoni, B. Bollman, D. Licastro et al., “TREM2 regulates
microglial cell activation in response to demyelination in
vivo,” Acta Neuropathologica, vol. 129, pp. 429-447, 2015.

[79] X. Li, J. Long, T. He, R. Belshaw, and J. Scott, “Integrated
genomic approaches identify major pathways and upstream
regulators in late onset Alzheimer’s disease,” Scientific
Reports, vol. 5, 2015.

[80] J. Xiong, L. Wang, X. C. Fei etal, “MYC is a positive
regulator of choline metabolism and impedes mitophagy-
dependent necroptosis in diffuse large B-cell lymphoma,”
Blood Cancer Journal, vol. 7, no. 7, pp. e0-e582, 2017.

[81] Y. Guo,J. Tan, W. Xiong, S. Chen, L. Fan, and Y. Li, “Notch3
promotes 3T3-L1 pre-adipocytes differentiation by up-
regulating the expression of LARS to activate the mTOR
pathway,” Journal of Cellular and Molecular Medicine,
vol. 24, no. 1, pp. 1116-1127, 2020.

[82] I Lou, S. Odorico, X.-M. Yu, A. Harrison, R. Jaskula-Sztul,
and H. Chen, “Notch3 as a novel therapeutic target in
metastatic medullary thyroid cancer,” Surgery, vol. 163,
no. 1, pp. 104-111, 2017.

[83] R. K. Pachynski, P. Wang, N. Salazar et al, “Chemerin
suppresses breast cancer growth by recruiting immune
effector cells into the tumor microenvironment,” Frontiers in
Immunology, vol. 10, 2019.

[84] Z. Wang, S. Dahiya, H. Provencher et al., “The prognostic
biomarkers HOXB13, IL17BR, and CHDH are regulated by
estrogen in breast cancer,” Clinical Cancer Research, vol. 13,
no. 21, pp. 6327-6334, 2007.

[85] M. Lv, S. Zhang, Y. Dong, L. Cao, and S. Guo, “PolG inhibits
gastric cancer glycolysis and viability by suppressing PKM2

15

phosphorylation,” Cancer Management and Research,
vol. 13, pp. 1559-1570, 2021.

[86] L. Zhaoxia, Y. Rongna, Y. Xiaolin et al., “Overexpression of
Notch3 and pSé6 is associated with poor prognosis in human
ovarian epithelial cancer,” Inflammatory Biomarkers in
Cancer, vol. 2016, 2016.

[87] A. Schmidt and M. N. Hall, “Signaling to the actin
cytoskeleton,” Annual Review of Cell and Developmental
Biology, vol. 14, pp. 305-338, 1998.

[88] G. Zhou, Z. Zhu, L. Li, and J. Ding, “Resibufogenin inhibits
ovarian clear cell carcinoma (OCCC) growth in vivo, and
migration of OCCC cells in vitro, by down-regulating the
PI3K/AKT and actin cytoskeleton signaling pathways,”
American Journal of Translational Research, vol. 11, no. 10,
pp. 6290-6303, 2019.

[89] K. I. Pappa, V. Lygirou, G. Kontostathi et al., “Proteomic
analysis of normal and cancer cervical cell lines reveals
deregulation of cytoskeleton-associated proteins,” Cancer
Genomics & Proteomics, vol. 14, no. 4, pp. 253-266, 2017.

[90] C. M. Sousa, D. E. Biancur, X. Wang et al., “Pancreatic
stellate cells support tumour metabolism through autophagic
alanine secretion,” Nature, vol. 536, pp. 479-483, 2016.

[91] S.J. Parker, C. R. Amendola, K. E. R. Hollinshead et al,,
“Selective alanine transporter utilization creates a targetable
metabolic niche in pancreatic cancer,” Cancer Discovery,
vol. 10, no. 7, pp. 1018-1037, 2020.

[92] A. Katia, B. Sara, and M. R. Ciriolo, “Glutathione: new roles
in redox signaling for an old antioxidant,” Frontiers in
Pharmacology, vol. 5, 2014.

[93] A. Scire, L. Cianfruglia, C. Minnelli et al, “Glutathione
compartmentalization and its role in glutathionylation and
other regulatory processes of cellular pathways,” Biofactors,
vol. 45, no. 2, pp. 152-168, 2018.

[94] H. Wang, Y. Cheng, C. Mao et al,, “Emerging mechanisms
and targeted therapy of ferroptosis in cancer,” Molecular
Therapy, vol. 29, no. 7, pp. 2185-2208, 2021.

[95] J. Gao, T. Luo, and J. Wang, “Gene interfered-ferroptosis
therapy for cancers,” Nature Communications, vol. 12, 2021.

[96] C. Espinosa-Diez, V. Miguel, D. Mennerich et al., “Antioxi-
dant responses and cellular adjustments to oxidative stress,”
Redox Biology, vol. 6, pp. 183-197, 2015.

[97] P. Jagust, S. Alcala, B. Sainz Jr, C. Heeschen, and P. Sancho,
“Glutathione metabolism is essential for self-renewal and
chemoresistance of pancreatic cancer stem cells,” World
Journal of Stem Cells, vol. 12, no. 11, pp. 1410-1428, 2020.

[98] M. P. Gamcsik, M. S. Kasibhatla, S.D. Teeter, and
O. M. Colvin, “Glutathione levels in human tumors,”
Biomarkers, vol. 17, no. 8, pp. 671-691, 2012.

[99] L. Peng, R. Linghu, D. Chen et al., “Inhibition of glutathione
metabolism attenuates esophageal cancer progression,”
Experimental & Molecular Medicine, vol. 49, pp. e318-
€318, 2017.

[100] S. Schworer, S. A. Vardhana, and C. B. Thompson, “Cancer
metabolism drives a stromal regenerative response,” Cell
Metabolism, vol. 29, no. 3, pp. 576-591, 2019.

[101] Y. Bian, W. Li, D. M. Kremer et al., “Cancer SLC43A2 alters
T cell methionine metabolism and histone methylation,”
Nature, vol. 585, pp. 277-282, 2020.

[102] A. K. Horst and C. Wagener, “Bitter sweetness of
complexity,” in Glycoscience and Microbial Adhesion,
T. Lindhorst and S. Oscarson, Eds., vol. 288 of Topics in
Current Chemistry, pp. 1-15, Springer, Berlin, Heidelberg,
2009.



16

[103] Y. Zhu, Z. Pu, Z. Li, Y. Lin, N. Li, and F. Peng,
“Comprehensive analysis of the expression and prognosis
value of chromobox family members in clear cell renal cell
carcinoma,” Frontiers in Oncology, vol. 11, 2021.

[104] L. Ruggeri, A. Mancusi, K. Perruccio, E. Burchielli,
M. F. Martelli, and A. Velardi, “Natural killer cell
alloreactivity for leukemia therapy,” Journal of Immunother-
apy, vol. 28, no. 3, pp. 175-182, 2005.

[105] W. H. Fridman, F. Pages, C. Sautés-Fridman, and J. Galon,
“The immune contexture in human tumours: impact on
clinical outcome,” Nature Reviews Cancer, vol. 12, pp. 298-
306, 2012.

Analytical Cellular Pathology





