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1 | INTRODUCTION

Hepatocellular carcinoma (HCC) is a highly aggressive solid malig-
nancy accounting for 90% primary liver cancer and is the fourth
leading cause of cancer death worldwide.! Unfortunately, HCC
is always diagnosed at advanced stage with extreme hepatic dys-
function, resulting in poor prognosis of HCC patients.2 Moreover,
current clinical tools to predict prognosis are limited to a set of clin-
ical and pathologic variables, such as the TNM stage, which mainly
relies on anatomical information without biological characteristics.
Therefore, there is an urgent need to further elucidate the molecular
mechanisms of HCC and identify specific prognostic and predictive
biomarkers, which would be of great importance to improve the
prognosis of HCC patients.

Metabolic reprogramming has been reported to be involved in

t.3’4

tumorigenesis and developmen Metabolic dysregulation is asso-

ciated with the various progressions of different cancers, including
tumour growth, metastasis, angiogenesis and drug resistance.>®
Recently, several metabolic rate-limiting enzymes in glycolysis, glu-
coneogenesis, pentose phosphate pathway (PPP), and fatty acid
oxidation (FAO) and tricarboxylic acid (TCA) cycles’® have been
identified as biomarkers and drug targets, such as phosphofructoki-
nase platelet (PFKP),’ fructose-1,6-bisphosphatase 1 (FBP1)™ and
UDP-glucose 6-dehydrogenase (UGDH).™ Therefore, identification
of the enzymes from metabolic rate-limiting enzyme database sys-
tematically may provide more prognostic biomarkers and therapeu-
tic targets in HCC.

Several studies have kept tabs on the systematic analysis of the
role of metabolism in glioblastoma, gastric cancer and endometrial
cancer.?'3 However, the comprehensive analysis of the interrelation
between rate-limiting enzymes and clinical prognosis of HCC patients
has not been reported yet. In this study, we found that metabolic
pathways were more enriched in diethylnitrosamine (DEN) and CCL,
induced HCC animal model. Meanwhile, by conjointly analysing the
RNA sequencing (RNA-seq) data of animal model and TCGA data of
HCC, we found a series of abnormal metabolic rate-limiting enzymes
involved in HCC progression. Then, we established a signature based
on RRM1, UCK2 and G6PD, which was also validated by an indepen-
dent HCC cohort. Taken together, our study demonstrated abnormal
metabolic pathways were involved in HCC development and provides
a novel signature based on metabolic rate-limiting enzyme for pre-

dicting the clinical outcome of HCC patients.

score. Moreover, a comprehensive nomogram including the signature and clinico-
pathological aspects resulted in significantly predict the individual outcomes.

Conclusions: Our results highlighted the prognostic value of rate-limiting enzymes
in HCC, which may be useful for accurate risk assessment in guiding clinical manage-

ment and treatment decisions.

2 | MATERIALS AND METHODS
2.1 | Mouse models for HCC

The C57BL/6 background mice were purchased from Nanjing
Biomedical Research Institute of Nanjing University (Nanjing,
Jiangsu, China) and maintained in SPF facilities. At 14 days, the mice
were injected with the carcinogen DEN (25 mg/kg, Sigma-Aldrich),
and flowing by intraperitoneal injections of 10% CCl, (5 mg/kg, once
a week, Sigma-Aldrich) at age of 4 weeks. The ultrasonic inspec-
tion was performed at indicated time. The mice were sacrificed at
5 months finally. Part of the tumour tissues and normal tissues was
fixed in 4%paraformaldehyde for H&E analysis, and the remaining
tissues were placed in liquid nitrogen for RNA-seq, qRT-PCR and
Western blotting.

2.2 | RNA-seq analysis

Total RNA was extracted from mouse liver tumour tissues (n = 3)
and paired normal tissues (n = 3). The quality and quantity of the
RNA were assessed by a NanoDrop TM ND-1000. Denaturing
agarose gel electrophoresis was used to assess RNA integrity.
The mRNA extraction was performed using a NEB Next RPoly(A)
mRNA Magnetic Isolation Module. RNA libraries were constructed
using a KAPA Stranded RNA-Seq Library Prep Kit (lllumina).
Libraries were sequenced using Illumina HiSeq 4000 platforms.
The RNA sequencing service was provided by ShuPu (Shanghai,
China) BIOTECHNOLOGY LLC. R packages were used to screen
the differentially expressed genes between tumour and normal tis-
sues, Gene Ontology (GO) and KEGG pathway analyses were per-
formed to explore the biological functions using ‘clusterprofiler’
R package, and enrichment analysis was presented by R packages
‘ggplot2’ and ‘GO plot’.

2.3 | Data collection

111 human rate-limiting metabolic enzymes were selected from the
rate-limiting enzymes database according to previous study,**and
the complete list of these genes encoding the enzymes is included
in Table S1.
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All the human RNA expression data and corresponding clinical
information of 374 HCC patients were downloaded from TCGA
(PanCancer Atlas)(https://tcga-data.nci.nih.gov/tcga/), and differen-
tially expressed metabolic rate-limiting enzymes were screened by
R package ‘limma’ with a cut-off criterion of |logFC| > 1 and P < .05.
The clinical characteristics of enrolled patients from the three HCC
cohorts were included in Table S2. The expression level of prognos-
tic associated rate-limiting metabolic enzymes between cancerous
and normal samples was displayed via package ‘pheatmap’ and ‘gg-

plot’ respectively.

2.4 | Human specimens

All HCC patients in our independent cohort were included from the
Nanjing Drum Tower Hospital, the Affiliated Hospital of Nanjing
University Medical School (Nanjing, Jiangsu, China). The cohort
included 90 cases including HCC and associated non-cancerous
tissues, which were embedded with paraffin to make the tissue
microarray (TMA) and clinicopathological features, which included
age, sex, TNM stage (American Joint Committee on Cancer classi-
fication, AJCC). Meanwhile, 20 pathologically confirmed HCC and
associated non-cancerous fresh-frozen tissues from recent patients
from the Nanjing Drum Tower Hospital were obtained for gqRT-PCR
and Western blotting after informed consent was signed. This study
was approved by the Institutional Review Boards of Nanjing Drum

Tower Hospital.

2.5 | RNA extraction and gRT-PCR analysis

Total RNAs were extracted from human and mouse HCC tis-
sues and associated non-cancerous tissues using TRIzol reagent
(Invitrogen) according to the manufacturer's instructions. The re-
verse transcription reaction (RT) was performed with Reverse
Transcription kit (Vazyme). The RT-PCR reactions were performed
with a SYBR Green PCR Kit (Vazyme), measured in triplicate and
performed on an Applied Biosystems 7900HT sequence detection
system (Applied Biosystems). GAPDH was used as an internal con-
trol for mRNA. The relative expression levels of the RRM1, UCK2
and G6PD were calculated using the comparative 2722 method.

The primers and sequences used were listed below:

Primer sequence

RRM1-Forward
RRM1-Reverse
UCK2-Forward
UCK2-Reverse
G6PD-Forward
G6PD-Reverse
GAPDH-Forward
GAPDH-Reverse

GCCGCCAAGAACGAGTCAT
AGCAGCCAAAGTATCTAGTTCCA
GCCCTTCCTTATAGGCGTCAG
CTTCTGGCGATAGTCCACCTC
CGAGGCCGTCACCAAGAAC
GTAGTGGTCGATGCGGTAGA
GGAGCGAGATCCCTCCAAAAT
GGCTGTTGTCATACTTCTCATGG

Proliferation
2.6 | Western blotting

The Western blot protocol was performed as previously described.*®
The antibodies used were as follows: anti-RRM1 (Protein tech,
1:1000); anti-UCK2 (Protein tech, 1:1000); anti-G6PD (Protein tech,
1:1000); anti-GAPDH (Beyotime, 1:2000). Universal antibody dilu-
ent (WB100D) was purchased from New Cell & Molecular Biotech.

2.7 | Immunohistochemistry

The immunohistochemistry staining of formalin-fixed, paraffin-
embedded tissue sections was performed following the manufac-
turer's instructions.® Briefly, formalin-fixed, paraffin-embedded
tissue sections were deparaffinized with xylene and decreasing
concentrations of ethanol. After antigen retrieval and protein block-
ing steps, tissue sections were incubated with primary antibodies
(anti-RRM1 (Protein tech, 1:100); anti-UCK2 (Protein tech, 1:250);
anti-G6PD (Protein tech, 1:100), with the horseradish peroxidase-
coupled polymer secondary antibodies. Secondary antibodies were
revealed with the liquid DAB Substrate Chromogen System. The im-
munohistochemical staining results were assigned an index consid-
ering both the intensity of staining and the proportion of tumour cell
with an unequivocal positive reaction. For UCK2, G6PD and RRM1,
a staining index was determined by multiplying the score for staining
intensity with the score for positive area.

2.8 | Cell culture and siRNAs reagents

HepG2, Hep3B, MHCC-97H, Huh-7, and HCCLM3 human hepatoma
and normal LO2 cell lines were obtained from Nanjing KeyGen
Biotech Co. Ltd. All cells were cultured with 5% CO2 in Dulbecco's
modified Eagle's medium (DMEM, Invitrogen Life Technologies),
supplemented with 100 U/ml penicillin, 100 pg/ml streptomycin and
10% foetal bovine serum. RRM1 siRNA, UCK2 siRNA, G6PD siRNA
or their respective negative controls were synthesized by Riobio,
and sequences of siRNAs were listed below:

siRNA sequence

si-RRM1#1 5-UCUUAAUCGCGUAUAAGGCTT-3'
si-RRM1#2 5-CCCAACAGGAGGACAGCUUTT-3’
si-UCK2#1 5-GCGGCGAGCCCUUCCUUAUTT-3'
si-UCK2#2 5-GCCAGAAGCAGGUGGUCAUTT-3'
si-G6PD#1 5-GCUCUACGAAGAUCUGGAATT-3'
si-G6PD#2 5-GCAUUGCACAUCAACGGAUTT-3'

2.9 | Clonogenic survival assay

Hep3B cells were transfected with indicated siRNAs of RRM1, UCK2
and G6PD for 48h; then, the cells were trypsinized and cultured in
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12-well plates with 500 cells/well for 2 weeks respectively. For scor-

ing colonies, the cells were fixed in 1ml methanol for 15 min and
stained with Giemsa for 10 min. and the number of colonies was

quantified, and each colony containing cells >50 were counted.

2.10 | Statistical analysis

Statistical analysis was performed with the R software (ver-
sion3.6.1). We used chi-square test for categorical variables and
chi-square or Fisher's exact test for contingency tables. Univariate
Cox regression analysis was performed to identify prognostic associ-
ated rate-limiting metabolic enzymes. Package ‘glmnet’ was used to
perform LASSO Cox regression model to select optimal weighting
coefficients via penalized maximum likelihood and build a prognostic
signature. The formula of the risk score for the prediction of HCC
patients’ prognosis was as follows: risk score = the sum of the mul-
tivariate Cox regression coefficient ratio of each mRNA multiplied
by the expression level of each mRNA. For survival analysis, overall
survival was defined as the time from first treatment to death for
any cause, and Kaplan-Meier method and log-rank test were used
to detect potential prognostic factors. For clarify relationship of sig-
nature, clinicopathological characteristics and prognosis, univariate
Cox regression analysis was performed to find out the independ-
ent factors correlated with OS, and then these incorporated signifi-
cantly factors into the multivariate regression model to foresee the
comprehensive effect of these factors. AUC was employed to dem-
onstrate the sensitivity and specificity of different variables by risk
estimation and AUC at different cut-off time was used to measure
the predictive accuracy. The ‘pROC’ package was used to perform
ROC curve and analyse AUC. The ‘survival ROC’ package was used
to perform the time-dependent ROC curve analysis, the ‘rms’ pack-
age to consolidate the risk score and clinical characteristics for nom-
ogram construction. All statistical tests were two-sided, and P < .05

was considered to be significant.

3 | RESULTS

3.1 | Abnormal expression of metabolic rate-limiting
enzymes in HCC

The detailed flow chart of the study design is displayed in Figure 1A.
To investigate the functional pathways in hepatocellular carcinogen-
esis, we first constructed DEN and CCL, induced HCC mice model.
At 135 days, ultrasonic inspection indicated the formation of HCC,

and the morphological and H&E staining confirmed the formation

of HCC at 5 months (Figure 1B). The mouse HCC tissues and paired
normal tissues (n = 3) were then analysed by RNA-seq. Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway analyses of differentially expressed genes from
RNA-seq data clustered the majority genes in metabolic pathways,
indicating metabolic pathways played a key role in the occurrence
and development of HCC (Figure 1C,D). The metabolic pathways in-
cluded lipid, fatty acid metabolic progress, retinol metabolism and
PAR signalling pathway (Figure 1D). Furthermore, we compared the
transcriptome profiling of 111 rate-limiting enzymes between the
tumour and matched normal tissues from a database of rate-limiting
enzymes reported previously14 and found that 31 transcripts were
significantly differentially expressed, including 16 up-regulated and
15 down-regulated transcripts (Figure 1E).

In addition, we systematically screened the 111 metabolic rate-
limiting enzymes using TCGA databases (including 374 HCC samples
and 50 normal samples) and identified 30 differentially expressed
transcripts (P < .05). Among them, 23 genes were up-regulated and
7 were down-regulated in HCC patients (Figure 1F and Figure S1A).
GO and KEGG pathway analyses also showed enrichment in
genes involved in multiple metabolic processes (Figure S2A-C and
Figure S3A-C). These results accordingly indicated metabolic rate-
limiting enzymes and relative pathways were enriched in the devel-
opment of HCC.

3.2 | Identification of clinical prognosis of the
metabolic rate-limiting enzymes

Intriguingly, by conjointly analysing the differentially expressed
metabolic rate-limiting enzymes from RNA-seq data of HCC ani-
mal model and TCGA data, 12 transcripts were overlapped (RRM1,
SQLE, PCK1, PYGB, G6PD, PLAT, ACSL1, RRM2, UCK2, ASS1, FBP1
and IMPDH1) (Figure 2A). To better understand the correlation be-
tween these overlapped genes and prognostic significance of HCC
patients, we utilized univariate Cox regression analysis to screen
out 7 rate-limiting enzymes with a significant overall prognosis
(RRM1, SQLE, PCK1, G6PD, RRM2, UCK2 and IMPDHZ1) (Figure 2B).
Furthermore, the LASSO Cox regression analysis was used to dissect
their effect on clinical prognosis. The regularization path was com-
puted for the LASSO at a grid of values for the regularization param-
eter lambda, three genes (RRM1, G6PD and UCK2) were sorted out
from seven genes and optimal weighting coefficients were selected
(Figure 2C,D). As shown in Figure 2E-G, high expression of RRM1
(P = .03), UCK2 (P = 3.4e-05) and G6PD (P = 6.8e-05) transcript
in HCC tissues from TCGA was significantly associated with poor

overall survival (OS) respectively. We also analysed the correlation

FIGURE 1 Metabolic rate-limiting enzymes were differentially expression in HCC. (A) Flow chart of this study. (B) Schematic diagram

of DEN+CCL, induced HCC animal model. (C) GO enrichment analysis of differentially expressed rate-limiting enzymes between mouse
liver cancer and paired normal tissues. D, KEGG pathway enrichment analysis of differentially expressed rate-limiting enzymes between
mouse liver cancer and paired normal tissues. (E) Heat map of differentially expressed rate-limiting enzymes in between mouse liver cancer
and paired normal tissues(n = 3). (F) Heat map of differentially expressed rate-limiting enzymes between TCGA HCC tumour (n = 374) and

normal tissues(n = 50)
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among the RRM1, UCK2 and G6PD using TCGA data and found that
there was significant correlation between RRM1, UCK2 and G6PD
(RRM1 vs UCK2: R =0.43; RRM1 vs G6PD: R =0.37; UCK2 vs G6PD:
R = 0.51) (Figure 2H-J).

3.3 | RRM1, UCK2 and G6PD are highly expressed
in HCC and are associated with overall survival

To detect the expression of RRM1, UCK2 and G6PD in RNA-seq
data from HCC animal model, we first detect their expression in the
mouse liver cancer tissues and paired normal tissues, and the results
showed that the mRNA and protein levels of RRM1, UCK2 and G6PD
were significantly higher in tumour tissues compared with those in
normal tissues by gRT-PCR and Western blotting assays (Figure 3A-
B). Consistently, the high levels of them were also confirmed in 20
human HCC tissues compared to the corresponding normal tissues
(Figure 3C-D).

Considering the rate-limiting enzyme performs important bio-
logical function based on its protein levels, we then utilized a blinded
external independent validation cohort (n = 90) to further investi-
gate the RRM1, UCK2 and G6PD expression and their relationship
with clinical outcome using immunohistochemistry (IHC) staining
in HCC TMA. Similarly, the results showed that the protein levels
of RRM1, UCK2 and G6PD were significantly increased in HCC tis-
sues compared to those in matched normal tissues (n = 90, P < .01;
Figure 3E and Figure S4A). Simultaneously, univariate Cox regres-
sion analysis demonstrated that the protein levels of RRM1, UCK2
and G6PD were significantly correlated with OS in HCC patients
(Figure S4B). Furthermore, multivariate Cox regression analysis also
revealed that RRM1, UCK2 and G6PD could act as an independent
predictive marker for the prognosis of HCC (Figure S4C). Meanwhile,
Kaplan-Meier survival analyses showed that HCC patients with high
levels of RRM1, UCK2 and G6PD had worse OS (P = 7.36e-05;
P =1.687e-02; P = 1.492e-03 respectively) (Figure 3F-H). Taken to-
gether, these results suggest that the expression of RRM1, UCK2
and G6PD are up-regulated in HCC and all of them could act as an
independent prognostic factor for HCC.

3.4 | Construction of a signature based on the
metabolic rate-limiting enzymes

Based on the expression levels of RRM1, UCK2 and G6PD from
entire TCGA data cohort, the following formula was derived
to calculate prediction model risk score for each patient: Risk

score = (0.006 x expression value of RRM1) + (0.075 x expression

value of UCK2) + (0.005 x expression value of G6PD). Then, we
randomly divided the 235 HCC patients from TCGA into the train-
ing cohort (n = 116) and the internal cohort (n = 119). With the risk
score formula, patients in the training cohort were stratified into
high-risk (n = 54) and low-risk (n = 62) subgroups according to mean
risk score (Figure 4A), and the expression levels of RRM1, UCK2 and
G6PD were higher in the high-risk group (Figure 4D). Furthermore,
it showed that the patients in high-risk group had shorter OS than
those in the low-risk group (Figure 4G, J).

To further validate the efficiency of this signature, the inter-
nal cohort (n = 119) and the total HCC patients from TCGA data
(n = 235) were used to assess (Figure 4B and Figure S5A), as shown
in Figure 4E and Figure S5B, the expression of these three genes
was higher in the high-risk subgroup. Survival analysis of the two
cohorts also showed that HCC patients in the high-risk group had
worse prognosis than those in the low-risk group (Figure 4H, K and
Figure S5C, D), which further confirmed the results in the training
cohort.

We then further assess the predictive ability of the signature in
external independent validation cohort (Figure 4C). Intriguingly, it
showed that HCC patients with high-risk scores generally had higher
protein levels of RRM1, UCK2 and G6PD than those with low scores
(Figure 4F), and HCC patients in the low-risk group had a better
prognosis than those in the high-risk group (Figure 4l, L).

3.5 | The prognostic value of the signature in three
cohorts of HCC

To further clarify the relationship between the signature and clin-
icopathological characteristics and prognosis in HCC patients,
we performed univariate and multivariate Cox regression analy-
sis. Univariate Cox regression analyses indicated that TNM stage
(HR = 1.865, 95% Cl: 1.456-2.388) and our signature (HR = 2.794,
95% Cl: 1.991-3.920) were independent risk factors for OS in
the entire TCGA cohort, similar with that of a published 10-
gene metabolic signature (Weng_ signature, HR = 3.203, 95% Cl:
2.383-4.304).”Furthermore, our signature had a relatively better
predictive output than a 4-gene metabolic signature (Liu_ signa-
ture, HR = 1.597, 95% Cl: 1.125-2.267) (Figure S5E).*®Subsequent
multivariate Cox regression analyses also revealed that the signa-
ture was an independent risk factor for poor OS in HCC patients
(Our signature, HR = 2.512, 95% Cl: 1.754-3.598; Weng_ signature,
HR = 3.194, 95% ClI: 2.271-4.492; Liu_signature, HR = 1.510, 95%
Cl: 1.040-2.193) (Figure S5F). And in the training cohort and internal
cohort, univariate Cox regression analysis showed that TNM stage,

tumour burden and signature were significantly correlated with OS

FIGURE 2 Selection of metabolic rate-limiting enzymes related to clinical prognosis. (A) RNA-seq and TCGA data identified differentially
expressed rate-limiting enzymes. (B) Univariate Cox analysis identified seven rate-limiting enzymes associated with HCC patient's prognosis.
(C) Plots of the cross-validation error rates. Each dot represents a lambda value along with error bars to give a confidence interval for the
cross-validated error rate. (D) LASSO coefficient profiles of the rate-limiting enzymes associated with the overall survival of HCC. (E-G)
Kaplan-Meier survival curve of RRM1, UCK2 and G6PD in TCGA HCC data were performed. (H-J) Spearman's correlation among the RRM1,
UCK2 and G6PD in TCGA HCC data was performed (http://gepia.cancer-pku.cn/)
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FIGURE 3 \Verification the expression and clinical prognosis of RRM1, UCK2 and G6PD in HCC. (A-B) The expression level of RRM1,
UCK2 and G6PD in mouse liver cancer and paired normal tissues was determined by gRT-PCR and Western blotting (n = 3). (C) The
expression level of RRM1, UCK2 and G6PD in cancerous tissues and corresponding normal tissues from HCC patients was determined

by gRT-PCR (n = 20). (D) Western blotting was applied to determine the expression of RRM1, UCK2 and G6PD in cancerous tissues and
corresponding normal tissues (n = 6). The data are the mean + SD of three independent experiments. (E) Representative IHC images from
HCC cohort probed with the anti-RRM1, UCK2 and G6PD antibody (scale bars: 50 or 500 um respectively) were shown. (F-H) Kaplan-Meier
survival curve of RRM1, UCK2 and G6PD was performed in the HCC cohort. The data are the mean + SD of three independent experiments.
**P <.01; ***P <.001

in HCC patients (Figure S6A,B), while multivariate Cox regression univariate Cox regression analysis also showed that TNM stage, dif-
analysis showed only the signature had an independent prognostic ferentiation grade, tumour burden, lymph node metastasis and sig-

ability (Figure 5A,B). In the external independent validation cohort, nature were substantially associated with survival in HCC patients
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FIGURE 4 Construction and Validation of a metabolic rate-limiting enzymes signature. Validation of the efficacy of the risk signature

in three cohorts. (A-D) The distribution, heat maps, survival status and Kaplan-Meier survival curve in the TCGA testing cohort. (E-H) The
distribution, heat maps, survival status and Kaplan-Meier survival curve in the TCGA internal cohort. (I-L) The distribution, heat maps,
survival status and Kaplan-Meier survival curve in the independent cohort

(Figure S6C), while multivariate Cox regression analysis showed
that the signature and lymph node metastasis were indicated as
independent predictive marker for the prognosis of HCC patients
(Figure 5C). Next, we compared our classifier with the existing
clinicopathological features, it showed that, in the training cohort,
TNM stage and tumour burden were significantly associated with
risk score (Figure 5D), which were confirmed in the internal cohort
(Figure 5E). Consistently, in the independent validation cohort, more
patients with advanced TNM stage, serous tumour burden and high
grade were seen in high-risk group compared with low-risk group
(Figure 5F).

To further assess the accumulative effects of the metabolic rate-

limiting enzymes signature on the prediction of OS, we calculated

the area under the receiver operating characteristic curve (AUC) in
the training, internal and independent cohorts respectively. Time-
dependent receiver operating characteristic (ROC) analysis showed
that the AUC at 1-, 3- and 5-year OS of the signature were 0.745,
0.71 and 0.732 in training cohort (Figure 6A), 0.84,0.85 and 0.754 in
internal cohort (Figure 6B), and 0.767, 0.744 and 0.803 in indepen-
dent cohort, respectively (Figure 6C), indicating that this signature is
a stable predictor along with censored survival data. Next, we com-
pared the prognostic efficacy of the signature with each of the sin-
gle clinicopathological risk factor, and the results showed that AUC
of the signature was significantly higher than any other single clin-
icopathological risk factors (AUC of signature was 0.746 in training

cohort, 0.825 in internal cohort, and 0.766 in independent cohort
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respectively) (Figure 6D-F). To improve the predictive efficacy, the
risk scores of the signature and clinical variable (TNM stage and
grade) were combined. It was shown that combination of the clinical
risk score (TNM stage, histologic type and tumour diameter) and the
signature contributed much more than either one alone in all of three
cohorts. For example, in the independent cohort, the AUC at year
5 was 0.715 (95% Cl: 0.653-0.777) for clinical risk score, whereas
it was significantly increased to 0.852 (95% Cl: 0.798-0.906) when
combination of the clinical risk score with the signature risk score
(Figure 6G-I).

3.6 | Development of a prognostic nomogram to
predict the individual outcomes of HCC patients

Based on the signature and clinicopathological characteristics, we
built a comprehensive prognostic nomogram to estimate overall
survival probability for 5 years in HCC patients using the independ-
ent cohort. Two independent prognostic parameters (metabolic
rate-limiting enzymes signature and lymph node metastasis) were
integrated into the nomogram, which showed that higher total
score was associated with shorter OS of HCC patients (Figure Sé6D).

Furthermore, we found the predicted value was more consistent

e —

with the actual value, which were confirmed by the calibration
curve of the nomogram for the survival probability at 3 or 5 years
(Figure S6E,F).

3.7 | RRM1, UCK2 and G6PD promote HCC
proliferation in vitro

To further elucidate the function of these three rate-limiting en-
zymes in HCC cells, we first investigated RRM1, UCK2 and G6PD
expression levels in HCC cell lines and normal hepatocytes by
Western blot analysis. Our data suggested that RRM1 and UCK2
were preferentially expressed in most HCC cell lines, except for
Huh7 cell, whereas high expression of G6PD was observed in Hep3B
and Huh7 cells (Figure 7A). Subsequently, we transfected Hep3B cell
with two specific siRNAs of RRM1, UCK2 and G6PD, and the pro-
tein level of RRM1, UCK2 and G6PD was markedly reduced respec-
tively (Figure 7B,D,F). We also performed colony formation studies
to elucidate the functional roles of the three in vitro, and the results
showed that knockdown of RRM1, UCK2 and G6PD significantly
suppressed the clonogenic ability of HCC cells (Figure 7C,E,G). Taken
together, these data suggested that RRM1, UCK2 and G6PD may act

as oncogene that promotes HCC proliferation.
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FIGURE 6 ROC curves and AUC values. (A-C) Time-dependent ROC curve in the TCGA testing cohort, TCGA internal cohort and
independent cohort to assess prognostic accuracy. (D-F) Comparisons of the prognostic accuracy for signature and clinicopathological
characteristics (Age, gender, grade, stage, tumour, metastasis, lymph node metastasis) in the TCGA testing cohort, TCGA internal cohort and
independent cohort. (G-1) Time-dependent ROC curve for signature, clinical variable (TNM stage and grade) and the combined signature and
clinical variable in the TCGA testing cohort, TCGA internal cohort and independent cohort

4 | DISCUSSION in colorectal cancer.?! Sterol O-acyltransferase 1 (SOAT1) is a key
enzyme which could convert endoplasmic reticulum (ER) cholesterol
Recently, accumulating investigations have demonstrated that to cholesterol esters (CE) to store in lipid droplets (LDs), and inhibi-
metabolic dysregulation plays a critical role in the malignant pro- tion of SOAT1 could effectively suppress SREBP-1 and block glio-
cess of various cancers.'??° Metabolic rate-limiting enzymes are the blastoma growth.22 In our study, we found RRM1, UCK2 and G6PD
executive medium of energy metabolism to drive the occurrence are significantly increased in HCC and closely associated with poor
and development of cancer. For instance, Polo-like kinase 3 (PLK3) prognosis of HCC patients.
could inhibit glucose metabolism by targeting HSP90/STAT3/HK2 RRM1 could regulate metabolization and activity of mitotane.?

signalling, indicating it may serve as a potential therapeutic target Previous research has demonstrated that higher RRM1 expression is
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FIGURE 7 RRM1, UCK2 and G6PD promotes HCC proliferation in vitro. (A) Western blotting analysis of RRM1, UCK2 and G6PD
expression level in normal hepatocytes and five HCC cell lines (Hep3B, MHCC-97H, HepG3, Huh-7 and HCCLM3). (B) The protein level of
RRM1 in Hep3B cells with two specific siRNAs targeting RRM1 was measured by Western blotting. (C) The clonogenic ability in Hep3B cells
with RRM1 two specific siRNAs was determined (left). Quantification of the colony formation assay results (right). (D) The protein levels

of UCK2 in Hep3B cells with two specific siRNAs targeting UCK2 were measured by Western blotting. (E) The clonogenic ability in Hep3B
cells with UCK2 two specific siRNAs was determined (left). Quantification of the colony formation assay results (right). (F) The protein levels
of G6PD in Hep3B cells with two specific siRNAs targeting G6PD were measured by Western blotting. (G) The clonogenic ability in Hep3B
cells with G6PD two specific siRNAs was determined (left). Quantification of the colony formation assay results (right). The data are the

mean + SD of three independent experiments. **P < .01; ***P < .001

discovered to associated with shorter overall survival in non-small
cell lung cancer (NSCLC),** non-muscle-invasive bladder cancer
(NMIBC)?® and multiple myeloma patients.?® UCK2 could convert
uridine and cytidine to uridine monophosphate (UMP) and cytidine
monophosphate (CMP), promoting metastasis of HCC cells via the
STAT3/MMP2/MMP9 signal axis.?” UCK2 has also been recognized
as an indicator of unfavourable prognosis in HCC and breast cancer,
which was similar to our result.?®?? In addition, G6PD is the pro-
duction of ribose and the reducing equivalent nicotinamide adenine
dinucleotide phosphate (NADPH) via the PPP. G46PD could enhance
tumour growth by maintaining intracellular redox homeostasis.*°
G6PD activity is increased in several types of cancers, including
bladder cancer, breast cancer, prostate cancer and ovarian can-
cer.33% |n our study, we preliminary reveal knockdown of RRM1,
UCK2 and Gé6PD significantly suppressed the clonogenic ability of
HCC cells, which suggests that these three rate-limiting enzymes
may act as oncogene that promotes HCC proliferation.

However, increasing studies have indicated that single clinical
factor or single gene feature are susceptible to the multiple factors,
which makes it difficult to be true and reliable prognostic marker.®*
With the swift development of high-throughput sequencing tech-
nology, it may be conceivable to focus on systematic exploration of
a class of genes associated with prediction of patient’ survival.®® For

instance, Weng, et al'’

developed a prognostic signature based on
10 metabolic genes, which reflects the metabolic and immune char-
acteristics of tumours. Another study has identified a novel robust

four-gene metabolic signature to explain the dysregulated metabolic

microenvironment and pathways.*®In our study, by comparing the
differentially expressed metabolic rate-limiting enzymes from the
RNA-seq of animal model and TCGA data in HCC, 12 transcripts
were overlapped. Meanwhile, univariate Cox regression analysis
screened out seven rate-limiting enzymes with a significant over-
all prognosis of HCC patients. Furthermore, LASSO Cox regression
was performed to identify a combination of three-metabolic rate-
limiting enzyme signature (RRM1, UCK2 and G6PD) for prediction
of the prognosis of HCC patients. Subsequent survival analysis also
showed that high-risk score group was related to poorer prognosis
in three independent cohorts. In addition, metabolic rate-limiting
enzyme signature and clinical characteristics were identified as
independent overall survival-related variables, which were incor-
porated into the nomogram, indicating that the nomogram can be
regarded as a valid tool for clinical diagnosis and treatment of HCC
patients. Furthermore, we utilized univariate and multivariate Cox
regression analyses to compare our signature with the published sig-
natures, and the results indicated that our signature similar with that
of a published 10-gene metabolic signature (Weng_ signature) and
had a relatively better predictive output than the 4-gene metabolic
signature. These findings suggested that this signature had power-
ful capacity to predict the prognosis of HCC patients, which may
be helpful to guide significance for the decision-making of clinical
treatment.

In summary, for the first time, we identified and validated a novel
signature based on three-metabolic rate-limiting enzymes, which

was associated with the prognosis of HCC patients. Our study not
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only demonstrates abnormal metabolic pathways contribute to HCC
progression, but more importantly provides a new metabolic rate-
limiting enzyme prognostic signature for HCC, which was useful for
accurate risk assessment in guiding clinical management and treat-

ment decisions.
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