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Abstract  30 

Background: Emerging evidence has demonstrated roles of glycolysis in the 31 

tumorigenesis and progression of human tumors. However, their underlying clinical 32 

implications have not been well elucidated in breast cancer. In present study, we aimed 33 

to generate a risk-score from glycolysis-related signatures to predict prognosis of 34 

patients with breast cancer. 35 

 36 

Methods: We acquired mRNAs expression and clinical datasets in patients with breast 37 

cancer from The Cancer Genome Atlas (TCGA), then identifying glycolysis-related 38 

mRNAs by Gene Set Enrichment Analysis (GSEA), followed by construction of 39 

prognostic risk-score. The altered expression of glycolysis-related mRNAs was 40 

identified as candidates for further investigation. We constructed a risk-score from the 41 

prognostic glycolysis-related mRNAs by Cox regression. Receiver Operating 42 

Characteristic (ROC) and clinical subgroups analysis were performed to evaluate the 43 

values of risk-score to predict prognosis of breast cancer. Besides, we also compared 44 

the expression patterns of the signatures in breast cancer tissues and cell lines. 45 

 46 

Results: Total of 1208 cases were obtained, including 112 normal tissues and 1096 47 

tumor tissues. We found 4 glycolysis-related pathways significantly involved in breast 48 

cancer. And 298 mRNAs involved in the 4 pathways were defined as glycolysis-related 49 

mRNAs; of these, 241 dysregulated mRNAs were candidates for further exploration. 50 

Then we constructed a risk-score from the 5 candidates (IL13RA1, PGK1, SDC3, 51 

NUP43 and SDC1). The area under the curve (AUC) for the risk-score to predict 52 

prognosis was 0.729. Patients with high-risk score had poor prognosis among overall 53 

or clinical subgroups (P<0.05). And IL13RA1, PGK1, NUP43 and SDC1 were up-54 

regulated in tumor tissues and cell lines (MDA-MB-231 and BT474) as compared to 55 

normal tissues and cell line (MCF-10A), while SDC3 was down-regulated. 56 

 57 

Conclusions: We construct a risk-score based on 5 glycolysis-related signatures, which 58 
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can well predict prognosis in breast cancer. Additionally, our findings further unveil the 59 

molecular mechanisms of glycolysis in cancer, providing promising directions for the 60 

prognostic and therapeutic biomarkers for breast cancer. 61 

 62 

Keywords: Glycolysis, Prognosis, Breast cancer, Risk-score, TCGA 63 
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Background 65 

Breast cancer remains the leading lethal and most frequent diagnosed cancer among 66 

females worldwide. According to the global cancer statistics, approximately 2.1 million 67 

new cases are diagnosed with breast cancer, accounting for approximately 1 in 4 cancer-68 

cases in females[1]. Breast cancer is defined as a heterogeneous disease, which is 69 

generally classified as Normal-like, Luminal A, Luminal B, HER2-enriched and Basal-70 

like subtypes[2, 3]. Currently, multiple risk factors have been identified, including age at 71 

menarche, reproduction, intaking of exogenous hormone, nutrition according to cancer 72 

statistic 2018. Although great efforts dedicated to the  early diagnosis and therapy, 73 

including surgery, targeted therapy, chemotherapy and radiotherapy, the 5-year survival 74 

rate of breast cancer remains unsatisfactory[4]. Statistically, the 5-year survival rate of 75 

patients with metastasis is less than 30%, as compared to that of 90% in overall breast 76 

cancer cases[5]. Therefore, it is of great significance to investigate the underlying 77 

molecular mechanisms of breast cancer and exploit promising prognostic and 78 

therapeutic biomarkers. 79 

 80 

Altered energy metabolism is considered as one of the hallmarks of cancer, constituting 81 

the complexities of malignant tumor disease[6]. Of which, it is well accepted that tumor 82 

cells prefer to metabolize glucose by glycolysis, which is known as the Warburg effect 83 

(or aerobic glycolysis)[7, 8]. Briefly, tumor cells primarily acquire energy by processing 84 

the glucose into pyruvate even with sufficient oxygen, which produces large amounts 85 

of lactic acid and a small quantity of adenosine triphosphate (ATP). Emerging evidence 86 

has demonstrated that the Warburg effect exists in various types of tumors, favoring the 87 

proliferation, invasion and migration of tumor cells, or even inhibiting the efficiency of 88 

therapy[9, 10]. Although glycolysis produced ATP at low efficiency, the rate is faster than 89 

oxidative phosphorylation, which may contribute to the proliferation of tumor cells. 90 

Mechanically, the high glycolysis rate may produce large amounts of lipids, nucleotides 91 

and amino acids to aid the growth of tumor cells[9]. In addition, the metabolic molecules 92 

cause a consistent acidification of microenvironment to promote invasion[11]. 93 
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Understanding the underlying mechanisms will allow us to generate novel diagnostic, 94 

prognostic and therapeutic biomarkers via modulating glycolytic pathways in human 95 

cancers. Currently, experimental evidence has demonstrated that glycolytic competence 96 

negatively impacts prognosis of patients treated with salvage paclitaxel-ramucirumab 97 

in gastric adenocarcinomas[12]. Korga et al. observed that inhibition of glycolysis may 98 

disrupt cellular antioxidant defense and sensitize human hepatocellular carcinoma cells 99 

(HepG2) to doxorubicin treatment[13]. However, a single gene signature cannot well 100 

meet the demands of diagnosis or therapeutic demands for human cancers. Herein, it is 101 

intriguing to exploit the comprehensive and efficient glycolysis-related gene signatures. 102 

 103 

In the present study, we performed a comprehensive analysis of glycolysis-related 104 

mRNAs in breast cancer using the public available The Cancer Genome Atlas (TCGA) 105 

database[14]. We acquired mRNA expression dataset from TCGA database and 106 

identified the glycolysis-related mRNA involved in breast cancer using Gene Set 107 

Enrichment Analysis (GSEA). Of these, the dysregulated mRNAs were candidate for 108 

constructing the systematic risk signatures to predict the prognosis and diagnosis in 109 

patients with breast cancer. Interestingly, we found that the expression of these 110 

signatures was altered in breast tumor tissues and cell lines, and the glycolysis-related 111 

risk score can well predict patients with poor prognosis cases in breast cancer. 112 

 113 

Materials and methods 114 

Data collection from TCGA 115 

We firstly consulted the public available TCGA database 116 

(https://portal.gdc.cancer.gov/database) to download the mRNA expression in breast 117 

cancer except for the expression data of males, and then sorted the expression files into 118 

matrix using Perl. The data downloaded were normalized with FPKM. Meanwhile, the 119 

level-3 clinical data were extracted (age, overall survival time, survival status T, N, M 120 

and clinical stage). We acquired the data from public available database, so informed 121 

consent was not required.  122 
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Cell lines and culture 123 

Human normal breast epithelial cell line (MCF10A) and breast cancer cell lines (MDA-124 

MB-231 and BT474) were obtained from the Chinese Academy of Sciences (Shanghai, 125 

China). MCF-10A cell lines were cultured in DMEM/F12 media (5% HS, 20 ng/mL 126 

EGF, 0.5 μg/mL Hydrocortisone, 10 μg/mL Insulin, 1% NEAA, 1% P/S). The cancer 127 

cell lines were cultured in DMEM media (10% FBS, 1% P/S) at 37 °C with 5% CO2. 128 

 129 

RNA extraction and qRT-PCR 130 

Total RNA was extracted from cells with TRIzol reagent (Takara, Dalian, China) 131 

followed by the manufacturer’s protocols. The concentration of total RNA was 132 

measured by Nanodrop 2000 (Thermo Fisher Scientific, USA) and then reversed into 133 

cDNA using PrimeScript™ RT reagent Kit with gDNA Eraser (Takara, Dalian, China). 134 

qRT-PCR was performed with SYBR Premix Ex Taq™ (Yeasen, Shanghai，China). 135 

The relative expression of mRNAs was normalized to the internal control ACTB and 136 

calculated by 2-ΔΔCT. The primers sequences involved in this study were showed in 137 

Table 1. 138 

 139 

Gene Set Enrichment Analysis 140 

To further identify the glycolysis-related mRNA involved in breast cancer, we 141 

performed GSEA (http://www.broadinstitute.org/gsea/index.jsp) based on the 142 

expression datasets in normal tissues and cancer tissues. Briefly, we divided cases into 143 

normal and cancer subgroups to perform GSEA. Total of 5 pathways, including 144 

GO_GLYCOLYTIC_PROCESS, KEGG_GLYCOLYSIS_GLUCONEOGENESIS, 145 

HALLMARK_GLYCOLYSIS, REACTOME_GLYCOLYSIS and 146 

BIOCARTA_GLYCOLYSIS_PATHWAY, were defined as glycolysis-related pathways. 147 

Afterwards, the mRNAs enriched in the significant glycolysis-related pathways were 148 

candidates for further analysis. 149 

 150 

Statistical analysis 151 

http://www.broadinstitute.org/gsea/index.jsp
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We applied the univariate Cox regression to identify the prognostic glycolysis-related 152 

mRNAs and then used multivariate Cox regression to select the candidates for further 153 

construction of a risk-score. After that, we defined the patients with risk-score more 154 

than median value as high-risk group, the rest as low-risk group. Next, we used Kaplan–155 

Meier curves and log-rank test to validate the prognostic value of the risk-score and 156 

utilized the ROC curve to explore the risk-score to predict the prognosis of patients 157 

with breast cancer. The association between risk-score and the expression of candidate 158 

mRNA was displayed by heatmap. Besides, both univariate Cox regression and 159 

multivariable Cox regression analysis were performed to validate the risk-score to 160 

predict the prognosis of patients with breast cancer using predict function. we validated 161 

the risk-score model among different subtypes based on clinical characteristics. 162 

Additionally, we compared the expression levels of glycolysis-related genes in breast 163 

tissues and cell lines using Wilcox rank test. All statistical analysis was conducted using 164 

R software 3.6.1 and P < 0.05 was defined as statistically significant. 165 

 166 

Results 167 

Identification of altered glycolysis-related genes in breast cancer 168 

To obtain the expression dataset and clinical characteristics of patients with breast 169 

cancer, we quired for TCGA database. In brief, total of 1208 cases were obtained, 170 

including 112 normal tissues and 1096 tumor tissues, and 1085 cases of clinical 171 

characteristics were acquired. To identify the glycolysis-related mRNA involved in 172 

breast cancer, we performed GSEA. The results indicated that 173 

GO_GLYCOLYTIC_PROCESS (NES=1.65, P=0.028), HALLMARK_GLYCOLYSIS 174 

(NES=2.07, P=0.002), BIOCARTA_GLYCOLYSIS_PATHWAY (NES=1.50, P=0.016) 175 

and REACTOME_GLYCOLYSIS (NES=2.05, P<0.001) were significantly enriched in 176 

tumor subgroup (Figure 1). And the 298 mRNAs involved in the four glycolysis-related 177 

pathways were defined as glycolysis-related mRNAs; of which, total of 241 mRNAs 178 

were dysregulated in patients with breast cancer and selected as candidates for further 179 

exploration.  180 
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 181 

Construction of prognostic glycolysis-related risk-score in breast cancer 182 

To explore the values of glycolysis-related mRNAs in breast cancer, we dedicated to 183 

construct the prognosis model based on glycolysis-related signatures. Briefly, nine 184 

mRNAs were related to the prognosis in breast cancer by univariate Cox regression 185 

(IL13RA1, P4HA2, PGK1, SDC3, NUP43, SDC1, PGAM1 and RARS, P<0.05). These 186 

eight mRNAs were further selected to construct prognostic risk model. Afterwards, we 187 

applied the multivariable Cox regression to construct prognostic model, and then the 188 

highly correlated genes were removed using step function for optimization. Ultimately, 189 

five signatures (IL13RA1, PGK1, SDC3, NUP43 and SDC1) were recruited to 190 

construct risk-score. The coefficients for these five signatures in the model were: 0.007 191 

for IL13RA1, 0.006 for PGK1, -0.024 for SDC3, 0.043 for NUP43 and 0.002 for SDC1, 192 

respectively. We finally generated a risk-score based this model for each patient. 193 

Meanwhile, patients with their risk-score more than median were classified into high-194 

risk group, the rest into low-risk group (Figure 2A). As shown in Figure 2B, number of 195 

deaths grew as the risk-score increased. As compared to low-risk group, we also found 196 

that the expression of SDC3 were down-regulated in high-risk group, but NUP43, 197 

SDC1, IL13RA1 and PGK1 were up-expressed (Figure 2C). Besides, we found that 198 

expression of SDC3 were lower in tumor tissues and cell lines when compared to 199 

normal tissues and normal cell line, but that of NUP43, SDC1, IL13RA1 and 200 

PGK1were upregulated, which were consistent with expression patterns of patients 201 

with high and low risk (Figure 3). Furthermore, the area under the curve (AUC) was 202 

0.729, indicating that our risk-score could well predicting the prognosis of patients with 203 

breast cancer (Figure 4A). Patients with high risk-score had poor prognosis as compared 204 

to that with low-risk score (Figure 4B). 205 

 206 

Validation of risk-score from glycolysis-related genes based on clinical indicators  207 

To further investigate the risk-score derived from five glycolysis-related signatures for 208 

predicting prognosis in breast cancer, we performed subgroup survival analysis. We 209 
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firstly found that age, T, N, M and clinical stage, were associated with prognosis and 210 

patients with high-risk score had poor prognosis (P<0.05, Figure 5). To well 211 

characterize the value of risk-score to predict prognosis in breast cancer, we performed 212 

subgroup analysis on basis of these clinical features. We found that cases of high-risk 213 

score in age subgroups, N subgroup, T subgroup, with-metastasis subgroup and clinical 214 

stage subgroup all had poor prognosis (P <0.05). However, the survival rate of patients 215 

with high-risk and low-risk-score were comparable in patients without-metastasis 216 

(P=0.660) (Figure 6). In addition, the univariate Cox regression suggested that higher 217 

age, clinical stage, T stage, N stage, M stage and risk-score were predicted with poor 218 

prognosis (P<0.05, Figure 7A). Also, the risk-score based glycolysis-related mRNAs 219 

was independent risk factors for prognosis in breast cancer according to multivariable 220 

Cox regression analysis indicated. (HR=1.395, 95%CI: 1.235-1.577, Figure 7B). 221 

 222 

Comparison of the risk-score in different clinical subgroups 223 

In this part of the analysis, we extracted the datasets of patients with complete clinical 224 

characteristics. Total of 897 patients were included, then we divided these cases of risk-225 

score higher than median into high-risk group and that lower than median into low-risk 226 

group. As shown in Table 2, among patients older than 65 years, the number of high-227 

risk cases was more than the low-risk. While, the risk-score distribution in T, N, M and 228 

clinical stage were consistent. 229 

 230 

Discussion 231 

Although the diagnosis and treatment of breast cancer have been widely investigated in 232 

recent years, its prognosis is still unsatisfactory. Statistically, approximately 30 to 40% 233 

of patients with early-stage breast cancer will undergo recurrence and metastasis after 234 

operation and progress to advanced cancer[15]. Hence, it is worthy to establish 235 

prognostic model for postoperative monitoring and treatment. To date, several 236 

prognostic factors have been identified, including age, clinical stage, and the type of 237 

breast cancer[16]. Advances in high-throughput sequencing techniques have accelerated 238 
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the understanding of the molecular roles in human cancers, suggesting that molecular 239 

indicators can be used as other indicators for diagnosis, prognosis and treatment. In this 240 

study, we constructed a prognostic risk-score based on glycolysis-related mRNAs in 241 

breast cancer by comprehensive bioinformatics analysis. Information of mRNA 242 

expression in breast cancer were acquired from TCGA database, then the glycolysis-243 

related mRNAs were identified by GSEA. We constructed a risk-score derived from 244 

glycolysis-related mRNAs, which can well predict the prognosis of breast cancer. 245 

Additionally, these molecular indicators that were altered expressed in breast tumors 246 

and cell lines, are also expected to be targets for the treatment of breast cancer via 247 

inhibiting the glycolytic-related pathway. 248 

 249 

It is well accepted that tumor cells rewire their metabolism to satisfy metabolic demands 250 

and adapt to environmental changes, especially for glucose metabolism[17, 18]. 251 

Accumulating evidence has demonstrated that dysregulated glucose metabolism is 252 

associated with carcinogenesis, progression and treatment of various cancers[19]. Firstly, 253 

tumor cells preferentially utilize the glycolysis for energy even with abundant 254 

oxygen[20]. Meanwhile, experimental evidence has suggested that the absorption of 255 

glucose in tumor cells is dramatically increased when compared to that of normal cells 256 

[21]. Currently, differences in glucose uptake rates between normal and tumor cells have 257 

been translated into clinical applications, of which Positron Emission Tomography 258 

involving 2-deoxy-2(18F)-fluoro-glucose glucose has been routinely performed to 259 

identify and classify tumors[22-25]. On basis of these observations, efforts to explore the 260 

glycolysis have facilitated the treatment of various tumors. Intriguing, some glycolytic 261 

inhibitors have been identified as direct anti-cancer activity at the bench or reached 262 

clinical trials. For instance, some antimetabolites, including fluorouracil, cytarabine 263 

(Ara-C) and methotrexate have been routinely used as chemotherapeutic agents for 264 

several years[26-29]. However, these direct anti-cancer agents lacks of specificity. Some 265 

indirect inhibitions of tumor metabolism have been identified, targeting at upstream 266 

regulators of metabolic pathways. For example, the hyper-activated 267 
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PTEN/PI3K/AKT/mTOR pathway, acting as central regulator of aerobic glycolysis, 268 

contributes to cancer metabolic switch and proliferation in bladder cancer[30]. Hu et al. 269 

found that AMPK inhibitor partly attenuates the malignant phenotype of pancreatic 270 

cancer cells by suppressing aerobic glycolysis[31]. In this study, we successfully 271 

identified four glycolysis-related pathways involved in breast cancer, of which 272 

expression of 241 mRNAs were altered including IL13RA1, P4HA2, PGK1, SDC3, 273 

NUP43, SDC1, PGAM1 and RARS, etc. Among which, PGK1 was also found to be 274 

upregulated in human colon cancers, whose O-GlcNAcylation coordinates glycolysis 275 

and TCA cycle to promote tumor growth[32]. Consistently, Sayyad et al. suggest that 276 

SDC1 promotes the migration of breast cancer across the blood-brain barrier through 277 

regulation of cytokines[33].  278 

 279 

Many studies have revealed the clinical and molecular indicators for predicting the 280 

prognosis in human cancers. For example, the extent of the cancer at diagnosis is a key 281 

factor used to define treatment and to assess the chance of successful treatment 282 

outcome[34]. Of which, clinical stage codifies the extent of cancer, based on primary 283 

tumor (T), regional lymph nodes (N), and distant metastasis (M), providing the means 284 

to quantify prognosis for individual patients. Generally, it has been recognized that 285 

cancers with local, regional, and metastatic cancers have a worsening prognosis. In 286 

breast cancer, the molecular subtypes significantly affect the occurrence and prognosis 287 

of patients with brain metastasis[35]. However, these clinical factors cannot fully predict 288 

the prognosis of cancers. Increasing studies reveal that some molecules were 289 

independent risk factors for tumor prognosis. Sengal et al. reported that altered 290 

expression of FGFR2c appears as an independent prognostic indicator in endometroid 291 

endometrial cancers. They also found that FGFR2c can predict the prognosis of patients 292 

within grade 3 tumors, ESMO high-risk groups, as well as within the MMRd and p53wt 293 

subtypes, respectively[36]. Notably, the prediction of tumor prognosis by single mRNA 294 

is limited, so it is of great significance to construct comprehensive predict model. For 295 

example, the risk model based on systematic immune-related genes shows a superior 296 
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prognostic values in non-small cell lung cancer[37]. In our work, we constructed a risk-297 

score model according to glycolysis-related mRNAs in breast cancer. Of which, the 298 

included signatures were screened by cox regression, including IL13RA1, PGK1, 299 

SDC3, NUP43 and SDC1. And multivariate Cox regression showed that the risk-score 300 

is an independent risk factor for prognosis in breast cancer. Meanwhile, our results also 301 

pointed out that age at the time of diagnosis is an independent risk factor for prognosis 302 

in breast cancer.  303 

 304 

Conclusions 305 

In all, we identified 241 glycolysis-related mRNAs with altered expression in breast 306 

cancer, and constructed risk-score based on 5 prognostic mRNAs to predict the 307 

outcomes of breast cancer patients. Additionally, our findings provided a novel insight 308 

to the target therapy of breast cancer.  309 
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Figure legends 457 

Figure 1 The enrichments of glycolysis-related pathways significantly differ 458 

between normal and neoplastic tissues in breast cancer. (P<0.05) 459 

 460 

Figure 2 A risk-score based on five glycolysis-related signatures to predicts overall 461 

survival in patients with breast cancer. A) The risk-score distribution. B) Overall 462 

survival distribution of patients with different risk-score. C) Visualization expression 463 

pattern of the five glycolysis-related signatures in high-risk and low-risk patients. 464 

 465 

Figure 3 Expression patterns of the five glycolysis-related signatures in breast 466 

tissues and cell lines. A) Expression patterns in breast tissues. B) Expression patterns 467 

in breast cell lines by qRT-PCR. (*P<0.05, ** P<0.01, *** P<0.001) 468 

 469 

Figure 4 Values of a risk-score to predict the prognosis of patients with breast 470 

cancer. A) The Receiver Operating Characteristic Curve for the risk-score to predict 471 

prognosis of patients with breast cancer. B) Kaplan–Meier curves for prognostic value 472 

of the risk-score. (P<0.05) 473 

 474 

Figure 5 Kaplan–Meier survival analysis for patients with high and low risk-score 475 

in breast cancer. (stage: clinical stage; T: primary tumor; N: lymph nodes and M: 476 

distant metastasis, P<0.05) 477 

 478 

Figure 6 Kaplan–Meier survival analysis for patients with high and low risk-score 479 

among each clinical subgroup in breast cancer. (stage: clinical stage; T: primary 480 

tumor and N: lymph nodes, P<0.05) 481 

 482 

Figure 7 Validation of prognostic glycolysis-related risk score by Cox regression. 483 

A) The univariate Cox regression analysis. B) The multivariable Cox regression 484 

analysis. (P<0.05) 485 

486 
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Table 1 The primer sequence for qRT-PCR involved in this study. 487 

mRNAs Forward primers (5’→3’)  Reverse primers (5’→3’)  

IL13RA1 TGAGTGTCTCTGTTGAAAACCTC GGGGTACTTCTATTGAACGACGA 

PGK1 GACCTAATGTCCAAAGCTGAGAAG CAGCAGGTATGCCAGAAGCC 

NUP43 TGGAGGGTTTGAAGGAGACCA TGAAGCAGCGACAATTCTTTCC 

SDC1 CCACCATGAGACCTCAACCC GCCACTACAGCCGTATTCTCC 

SDC3 TGGCGCAGTGAGAACTTCG GAAGCGCATGGCTGTCTCA 

β-actin AGATGTGATCAGCAAGCAG GCGCAAGTTAGGTTTTGTCA 

  488 
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Table 2 The distribution of risk-score among clinical characteristics. 489 

Subgroup Low-risk High-risk P-value 

Age    

  ≤65 349 309 0.003   >65 100 139 

T stage    

  T1-2 381 383 0.789   T3-4 68 65 

N stage    

  N0 236 210 0.966   N1-3 238 213 

M stage    

  M0 441 440 0.996   M1 8 8 

Clinical stage    

  I-II 355 329 0.055   III-IV 95 119 

   490 
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Figures

Figure 1

The enrichments of glycolysis-related pathways signi�cantly differ between normal and neoplastic
tissues in breast cancer. (P<0.05)



Figure 2

A risk-score based on �ve glycolysis-related signatures to predicts overall survival in patients with breast
cancer. A) The risk-score distribution. B) Overall survival distribution of patients with different risk-score.
C) Visualization expression pattern of the �ve glycolysis-related signatures in high-risk and low-risk
patients.



Figure 3

Expression patterns of the �ve glycolysis-related signatures in breast tissues and cell lines. A) Expression
patterns in breast tissues. B) Expression patterns in breast cell lines by qRT-PCR. (*P<0.05, ** P<0.01, ***
P<0.001)

Figure 4



Values of a risk-score to predict the prognosis of patients with breast cancer. A) The Receiver Operating
Characteristic Curve for the risk-score to predict prognosis of patients with breast cancer. B) Kaplan–
Meier curves for prognostic value of the risk-score. (P<0.05)

Figure 5

Kaplan–Meier survival analysis for patients with high and low risk-score in breast cancer. (stage: clinical
stage; T: primary tumor; N: lymph nodes and M: distant metastasis, P<0.05)



Figure 6

Kaplan–Meier survival analysis for patients with high and low risk-score among each clinical subgroup in
breast cancer. (stage: clinical stage; T: primary tumor and N: lymph nodes, P<0.05)



Figure 7

Validation of prognostic glycolysis-related risk score by Cox regression. A) The univariate Cox regression
analysis. B) The multivariable Cox regression analysis. (P<0.05)
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