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Abstract

Background
Colon cancer (CC) is one of the most common gastrointestinal malignant tumors with high mortality rate.
Because of malignancy and easily metastasis feather, and limited treatments, the prognosis of CC
remains poor. Glycolysis is a metabolic process of glucose in anoxic environments which is an important
way to provide energy for tumor. The role of glycolysis in CC largely remains unknown and is necessary
to be explored.

Method
In our study, we analyzed glycolysis related genes expression in CC, patients gene expression and
corresponding clinical data were downloaded from GEO dataset, glycolysis related genes sets were
collected from Msigdb. Through COX regression analysis, prognosis model based on glycolysis-related
genes was established. The efficacy of gene model was tested by Survival analysis, ROC analysis and
PCA analysis. Furthermore, the relationship between risk scores and clinical characteristic was
researched.

Results
Our findings identified 13 glycolysis related genes (NUP107, SEC13, ALDH7A1, ALG1, CHPF, FAM162A,
FBP2, GALK1, IDH1, TGFA, VLDLR, XYLT2 and OGDHL) consisted prognostic prediction model with
relative high accuracy. The relationship between prediction model and clinical feathers were specifically
studied, results showed age > 65years, TNM III-IV, T3-4, N1-3, M1 and high-risk score were independent
prognostic risk factors with poorer prognosis. Finally, model genes were significantly expressed and EMT
were activated in CC patients.

Conclusion
This study provided a new aspect to advance our understanding in the potential mechanism of glycolysis
in CC.

Background
Colon cancer (CC) is third of gastrointestinal malignant tumor which derived from glandular epithelial
cells with high mortality and increased incidence[1]. Despite the improvement of diagnosis and treatment
for colon cancer in recent years, including surgery, radiotherapy, chemotherapy, neoadjuvant
chemotherapy and immunotherapy, the 5-year relative survival rate remains poor, distant metastasis is
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the main causes of colon cancer-associated death[2, 3]. Therefore, explore potential useful diagnosis and
prognostic biomarkers of colon cancer patients are urgent needed.
Glycometabolism is a vital pathway in the living cells which is far different from the normal cells; The
transformation of glucose utilization that from tumor cells oxidative phosphorylation to glycolysis is now
regard as a major feature of cancer. This kind of energy metabolism change is regulated by gene
changes and tumor microenvironment pressure, thus maintaining cell higher proliferation rate and resist
to cells[4]. Activation of glycolysis can affect other phenotypic changes, for example glycolysis has a
closely relationship with epithelial-to-mesenchymal transition (EMT)[5], Zhao et al reported that actived
glycolysis promotes the pancreatic cancer cells stemness and epithelial to mesenchymal transition [6].
Hence, understanding the underlying interplay between glycolysis and caner progression is a critical goal
in cancer research which can clear cancer pathogenesis and facilitate effective therapeutic approaches
development.
In our study, GSEA of glycolysis-related pathway were conducted with 566 colon cancer and 19 normal
control array data from GEO to identify different expressed glycolysis genes in CC patients. Then, Cox
regression split patient into low- and high- risk groups according to glycolysis-related expression and risk
score. A signature consisting of 13 genes were constructed and was closely related to poor patients’ OS
and high EMT environment. Risk score could serve as an independent pathological factor. Finally, the
expression of the 13 signature genes were validated in our patient samples. Overall, our data uncovered a
strong association between glycolysis metabolism and clinical prognosis in colon cancer.

Materials And Methods

Database download
The Affymetrix Human Genome U133 Plus 2.0 Array gene expression profile and corresponding clinical
information data of 566 CC patients and 19 normal control tissue were downloaded from the GEO
database (GSE143985). The clinical information includes survival time, survival status, sex, age, TNM
staging, clinical T stage, clinical N stage and clinical M stage.

De Glycolysis Related Genes Identification
A total of 301 mRNAs of the 6 glycolysis related gene sets were selected from GSEA database
(WP_COMPUTATIONAL_MODEL_OF_AEROBIC_GLYCOLYSIS, WP_GLYCOLYSIS_IN_SENESCENCE,
REACTOME_REGULATION_OF_GLYCOLYSIS_BY_FRUCTOSE_2_6_BISPHOSPHATE_METABOLISM,
REACTOME_GLYCOLYSIS, HALLMARK_GLYCOLYSIS, GO_GLYCOLYTIC_PROCESS). Then, the prognostic
genes model was constructed based on the 217 differentially expressed glycolysis-related genes. We
used the Wilcoxon to filtered differential expressed genes. The cut-offs were set as Log2(fold change) > 1
and pValue < 0.05. Heatmap were conducted by Pheatmap package.
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Construction Of The Glycolysis Related Genes Risk Model
Based on the 217 differently expressed glycolysis related genes of GSE143985, uniCOX and multiCOX
analysis was conducted for identifying model genes. The risk score was obtained from the results of the
multiplication between the Cox coefficient of multiCOX analysis and gene expression value. The
calculating formula was listed: Risk score = (Cox coefficient of model gene A* A gene expression + Cox
coefficient of model gene B* B gene expression+……).
Then, all patients were spilited into low- and high-risk subgroups on the basis of median risk score.
Cbioportal (http://www.cbioportal.org/) were used to screen model gene mutation statue and gene
mutation site. Survival and survminer package were used for survival analysis. The ROC analysis was
performed by survival ROC package. AUC value > 0.65 was regarded as an acceptable cutoff value. Risk
score plots, PCA, survival status plots were also conducted to assume the prediction model between the
low- and high-risk groups.

Independent Prognostic Value Of Risk Score
To assess the model prognostic value, we used univariate and multivariate Cox regression analyses for
prognostic factors. Factors (Age, Garden, TNM stage, risk score) of which univariate and multivariate Cox
regression analyses p value were all less than 0.05 were considered as an independent factor.

Clinical Application Of Gene Model
To exam our model efficiency in CC, we analyzed the correlation between the gene model and the clinical
feather (age, gender, clinical TNM stage, clinical T stage, clinical N stage, and clinical M stage). All
patients were clarified into two subgroups based on age (> 65and < = 65 years old), gender (female and
male), TNM stage (TNM stage I-II and TNM stage III-IV), clinical T stage (T1–2 and T3–4), clinical M
stage (M0 and M1), and clinical N stage (N0 and N1–3). Survival analyses were carried out between the
two groups.

Function Enrichment Analyses Between Low- And High- Risk
Group
Gene ontology (GO) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis were
conducted by org.Hs.eg.db R package and clusterProfiler R package. value. p.adjust < 0.05 were identified
as significantly enriched.

Model Gene Validation By Western Blot Analysis
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Model gene validation by Western blot analysis
CC patients’ tissues and control were collected from Affiliated Kunshan Hospital of Jiangsu University.
Patients’ tissues were preserved in liquid nitrogen and lysed with RIPA Lysis Buffer (Strong)
(MedChemExpress, China). BCA Protein Quantification Kit (Vazyme, China) was used to measure protein
concentration. Proteins were transferred to nitrocellulose membrane (Millipore, USA) after separated by
10% SDS-PAGE. Then, incubated with primary antibodies:
NUP107/SEC13/ALDH7A1/ALG1/CHPF/FAM162A/FBP2/GALK1/IDH1/TGFA/VLDLR/XYLT2/OGDHL
(Abcam, USA, 1:1000), GAPDH (Abcam, USA, 1:3000). The membrane was washed and was incubated
with HRP-labeled goat anti- rabbit IgG (1:5000, Sigma). Signals were visualized with BIO-RADXR.

Results

CC Patients Data Basic information
Overall, 566 colon cancer and 19 normal controls data on Affymetrix Human Genome U133 Plus 2.0
Array platform was downloaded from GEO datasets. The corresponding clinical characteristics data of
the samples were shown in Table 1. The clinical feathers include gender, age, survival status, survival
time, clinical tumor-node-metastasis (TNM) staging, clinical T stage, clinical N stage and clinical M stage.
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Table 1
Clinical information of CC
patients from TCGA.
Vriables

Patients (566)

Fustat
Alive

370

Death

191

unknow

5

Age (year)
<=65

222

>65

344

Gender
Male

256

Female

310

TNM Stage
I

33

II

264

III

205

IV

60

0

4

T stage
T1

11

T2

45

T3

367

T4

119

Tis

3

T0

1

unknow

20

M stage
M0

482
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Vriables

Patients (566)

MI

61

unknow

23

N stage
N0

302

N1

134

N2

98

N3

6

unknow

26

Filtered significant differences glycolysis gene between the CC samples and normal control
Six glycolysis-related genesets were collected from the MsigDB, including REACTOME_GLYCOLYSIS,
WP_COMPUTATIONAL_MODEL_OF_AEROBIC_GLYCOLYSIS, WP_GLYCOLYSIS_IN_SENESCENCE,
REACTOME_REGULATION_OF_GLYCOLYSIS_BY_FRUCTOSE_2_6_BISPHOSPHATE_METABOLISM,
HALLMARK_GLYCOLYSIS and GO_GLYCOLYTIC_PROCESS. A total of 301 glycolysis-related gene in the 6
genesets were selected for the additional research, and 217 glycolysis-related genes were significant
differentially expressed in CC samples compared with normal controls (Fig. 1).
Construction of the Glycolysis-Related Genes prognostic prediction model in CC Patients.
To construct the novel biomarkers model for predicting the CC patients’ prognosis, uniCox and multiCox
regression analysis on the differentially expressed glycolysis-related genes were performed. 13 risk genes
(NUP107, SEC13, ALDH7A1, ALG1, CHPF, FAM162A, FBP2, GALK1, IDH1, TGFA, VLDLR, XYLT2, OGDHL)
were identified (P < 0.05, Table 2). Then, prognostic gene model based on the 13 glycolysis-related genes
divided patients into low- and high-risk group was established as follows: Risk score = (-0.29×NUP107
Expression + -0.35×SEC13 Expression + 0.30×ALDH7A1 Expression + -0.29×ALG1 Expression +
0.45×CHPF Expression + -0.46×FAM162A Expression + 0.91×FBP2 Expression + -0.65×GALK1 Expression
+ -0.34×IDH1 Expression + 0.36×TGFA Expression + 0.18×VLDLR Expression + -1.28×XYLT2 Expression +
-0.41×OGDHL Expression). Then, the 13 gene alterations statue in CC tissue were analyzed, results
showed that alterations of NUP107, SEC13, ALDH7A1, ALG1, CHPF, FAM162A, FBP2, GALK1, IDH1, TGFA,
VLDLR, XYLT2, OGDHL were 3%, 0.8%, 1.9%, 1%, 1.9%, 0.2%, 2.3%, 1.5%, 1.7%, 0.4%, 4%, 4% and 4%,
respectively (Fig. 2A). Many mutation occurred in gene domains, and the specific mutation sites were
presented in Fig. 2B. Finally, these 13 genes expression in the CC patients and normal tissues was further
analyzed, NUP107, SEC13, ALDH7A1, ALG1, CHPF, GALK1, XYLT2 and OGDHL were highly expressed in
CC, however, FAM162A, FBP2, IDH1, TGFA and VLDLR showed downregulated (P < 0.05, Fig. 2C).
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Table 2
13 genes were selected via uniCox regression analysis.
ID

HR

HR.95L

HR.95H

coxPvalue

NUP107

0.64

0.49

0.85

0.00

SEC13

0.64

0.43

0.95

0.03

ALDH7A1

0.70

0.50

0.97

0.03

ALG1

0.60

0.44

0.82

0.00

CHPF

1.38

1.03

1.85

0.03

FAM162A

0.59

0.40

0.88

0.01

FBP2

2.41

1.33

4.38

0.00

GALK1

0.38

0.24

0.60

0.00

IDH1

0.54

0.36

0.80

0.00

TGFA

1.75

1.26

2.43

0.00

VLDLR

1.17

1.02

1.35

0.03

XYLT2

0.28

0.13

0.61

0.00

OGDHL

0.56

0.41

0.75

0.00

Efficacy of Risk Score in GC Patients.
Based on the gene model, 280 CC patients and 281 CC were clarified into the high- and low-risk group by
the median risk score (Fig. 3A). KM analysis were carried out between low- and high-risk group, high-risk
group had obviously poorer prognosis (P < 0.05, Fig. 3B). ROC analysis was carried out, AUC were
calculated which was 0.716 showed good prediction effect (Fig. 3C). The expression of the 13 genes
were calculated, TGFA FBP2, CHPF, VLDLR were significant higher expressed in high-risk group, and
NUP107, OGDHL, SEC13, IDH1, GALK1, FAM162A, ALG1, XYLT2 ALDH7A1 were downregulated (P < 0.05,
Fig. 3D). Risk plot indicated that high-risk group was closely related with poor prognosis (Fig. 3E). PCA
presented that high- and low-risk groups can be significantly distinguished via our model reduce the
dimension of multiple genes expression (Fig. 3F). All the analysis results indicated that our gene model
based on risk score had a good efficacy.
The Independent risk factor of Risk Score in CC patients and the its’ relationship with patients Clinical
Characteristics.
Univariate and multivariate independent prognostic analysis were carried out to identify independent
prognostic factor including age, gender, TNM staging and risk score. Data showed that age, TNM staging
and risk score were independent prognostic factors in CC patients, which all positively correlated to the
poor survival prognosis. (P < 0.05, Fig. 4A-B). For more accuracy analysis the relationship between risk
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factors and patient OS, firstly, a series Kaplan-Meier curve analysis were carried out. Results reveal that
age > 65years, TNM III-IV, T3-4, N1-3 and M1 were positive with poor OS (P < 0.05, Fig. 4C). Then, the
relationship between patients Clinical Characteristics and patient OS in low- and high-risk group were
performed, the high-risk patients were positively associated with poor overall survival in the age < =
65years, age > 65years, Female, Male, TNM I-II, TNM III -IV, T1-2, T3-4, M0, M1, N0, N1-3 subgroups (P <
0.05, Fig. 4D). These results once again prove the reliability of our glycolysis-related genes model in CC.
Enrichment analysis of different genes between low- and high-risk group
9656 different expressed genes were screened out between low- and high-risk group. Then, Go and KEGG
Enrichment analysis were conducted. Results of GO analysis indicated that genes were enrichened on
mitochondrion and ATP related pathway (P < 0.05, Fig. 5A). The results of KEGG were enrichened on
Carbon and Oxidative metabolism (P < 0.05, Fig. 5B). These results show that the gene model can
correctly distinguish high-risk group from low-risk group, and verify the correctness of our model.

Role Of Emt In High Glycolysis Tumor Environment
Researches had demonstrated that glycolysis could promote EMT in cancers. For preliminary explore the
role of EMT in CC, the expression of the biomarker of EMT (SNAI1, SNAI2, TWIST1, TWIST2 and ZEB2)
were analysis in our study. SNAI1 and TWIST1 showed significantly higher expression in CC tissue (P <
0.05, Fig. 6A). Whereas, and SNAI1, SNAI2, TWIST1, TWIST2 and ZEB2 were all upregulated in high-risk
group (P < 0.05, Fig. 6B). It suggested that EMT may play a role in high glycolysis tumor environment of
CC patients. The relationship between glycolysis and EMT in CC need further deeper research.

Validation Of Model Genes Expression In Cc Patients’
Samples
To lay the foundation for the next step of basic research, we validated the expression of all the model
genes WB. Our results showed that NUP107, SEC13, ALDH7A1, ALG1, CHPF, GALK1, XYLT2 and OGDHL
were highly expressed, whereas, FAM162A, FBP2, IDH1, TGFA and VLDLR were lowly expressed in CC
patients (P < 0.05, Fig. 7). These gene expression level was consistent with the genes’ expression in
GSE143985.

Discussion
Colon cancer is a kind of common carcinomas in gastrointestinal tumor which jeopardizes human health
and responsible for 1,148,515 new cases and 576,858 deaths in 2020 worldwide[7]. In the recent years,
great strides have been occurred in the field of treatment in CC patients, including surgery, radiation,
chemotherapy, adjuvant chemotherapy and immunotherapy, but the mortality of CC still remains high [7,
8]. Thus, it is necessary to discover novel biomarkers as potential therapeutic targets to improve the
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prognosis of CC. Glycolysis is highly activated in tumor cells, more and more evidence has revealed that
glycolysis metabolism reprogramming is closely related to the occurrence and development of tumor. [9]
In this study, we collected 6 glycolysis related gene sets from GSEA database for a total of 301 mRNAs
expressions in 566 CC patients were selected for further analysis. Then, 217 differentially expressed
glycolysis-related genes were screened out for prognostic genes model construction. After Cox regression
analyses, a signature of 13 (NUP107, SEC13, ALDH7A1, ALG1, CHPF, FAM162A, FBP2, GALK1, IDH1,
TGFA, VLDLR, XYLT2, OGDHL) glycolysis-related genes which all were independent risk factor with OS
was established between CC patients and normal tissues. The mentioned signature could be considered
as novel potential therapeutic targets. Reports reported that NUP37 promoted lung cancer cell
proliferation and inhibited apoptosis[10], overexpressed TGFA, HPF induce cell proliferation and invasion
in lung cancer [11, 12] Downregulated ALDH7A1 increased hepatocellular and renal clear carcinomas cell
migration and invasiveness [13]. FBP2 over expression inhibits sarcoma cell growth [14]. VLDLR overexpression inhibited CC cells proliferation and migration[15]. Silencing of OGDHL contributed to
hepatocellular carcinomas patients’ survival by regulating glutamine metabolic pathways[16]. IDH1
mutation promotes glioma cells proliferation and migration of via EMT [17]. However, the specific role of
SEC13, ALG1, FAM162A, GALK1 and XYLT2 in cancer have not been clear at present.
Prediction capability of the model was assessed though PCA, Kaplan-Meier curve analysis and ROC.
Clinical variables and the risk score were also analyzed. PCA results showed our model specifically
clarified samples into low- and high-risk group base on risk score. Kaplan-Meier curve analysis reveals
high-risk score was related to poorer patients’ prognosis. The expression of the signature genes was
validated by PCR and WB which results were consentient with the genes’ expression in GSE143985.
These results suggested that our model based on risk score might be useful for predicting CC patients’
prognosis. Our gene expression signature might serve as a workable tool for classification of CC patients
and might provide the basis for personalized treatment.
For clinical variables, age > 65years, TNM III-IV, T3-4, N1-3, M1 and high-risk score were identified as
independent prognostic risk factors. For evaluating the clinical efficacy of the model, the relationships
between risk score and clinical feathers were analyzed. We found that high risk score in the age < =
65years, age > 65years, Female, Male, TNM I-II, TNM III -IV, T1-2, T3-4, M0, M1, N0, N1-3 subgroups was
highly correlated with poor patiebts’ OS. These results once again prove the gene model reliability in CC.
Study reported that EMT promotes CC cell invasion and migration, meanwhile involved in invasion and
metastasis of colon cancer patients [18]. However, glycolysis also has a closely relationship with EMT in
cancers[5]. In our study, we found that the risk score was positively associated with the expression of the
EMT biomarker (SNAI1, SNAI2, TWIST1, TWIST2 and ZEB2). These results might suggest that high
glycolysis metabolism is accompanied by changes in other regulatory pathways in tumor
microenvironment.

Conclusions
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To sum up, we identified and validated a 13 glycolysis related genes model of CC, including NUP107,
SEC13, ALDH7A1, ALG1, CHPF, FAM162A, FBP2, GALK1, IDH1, TGFA, VLDLR, XYLT2 and OGDHL. This
model could be positively related to CC poorest prognosis and EMT activation, which was a prognosis
prediction instrument and provide novel aspects for CC therapy.
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Figures

Figure 1
Significantly different expressed glycolysis-related genes between CC and normal controls.
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Figure 2
model genes mutation and expression level in CC. (A) Mutation frequency of model genes. (B) Model
gene specific mutation domains. (C) Model gene expression between CC and normal control.
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Figure 3
Text efficacy of gene model in CC Patients. (A) CC Patients distribution according to median risk score.
(B) KM analysis between low- and high-risk group. (C) ROC analysis of risk score. (D) Model genes
expression in low- and high- risk group. (E) The relationship between patients’ survival statue and risk
score. (F) PCA analysis between low- and high-risk group.
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Figure 4
Analysis of risk factors. Univariate Cox (A) and Multivariate Cox regression analysis (B) of the
relationship between risk core and other clinical feathers. (C) KM analysis of clinical features, included
age, gender, TNM stage, T stage, N stage, M stage. (D) KM analysis of clinical features in low- and highrisk subgroup.
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Figure 5
Enrichment analysis between low- and high-risk group. Go (A) and KEGG (B) Enrichment analysis.
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Figure 6
The expression of EMT biomarkers. (A) SNAI1 and TWIST1 expression in CC patients and normal control.
(B) SNAI1, SNAI2, TWIST1, TWIST2 and ZEB2 expression in low and high-risk group.
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Figure 7
Model genes expression was confirmed by western blot.
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