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Abstract
The reprogramming of cellular metabolism is a hallmark of tumorigenesis. However, the prognostic value of metabolism-
related genes in colon cancer remains unclear. This study aimed to identify a metabolic gene signature to categorize colon 
cancer patients into high- and low-risk groups and predict prognosis. Samples from the Gene Expression Omnibus database 
were used as the training cohort, while samples from The Cancer Genome Atlas database were used as the validation cohort. 
A metabolic gene signature was established to investigate a robust risk stratification for colon cancer. Subsequently, a prog-
nostic nomogram was established combining the metabolism-related risk score and clinicopathological characteristics of 
patients. A total of 351 differentially expressed metabolism-related genes were identified in colon cancer. After univariate 
analysis and least absolute shrinkage and selection operator-penalized regression analysis, an eight-gene metabolic signature 
(MTR, NANS, HADH, IMPA2, AGPAT1, GGT5, CYP2J2, and ASL) was identified to classify patients into high- and low-risk 
groups. High-risk patients had significantly shorter overall survival than low-risk patients in both the training and validation 
cohorts. A high-risk score was positively correlated with proximal colon cancer (P = 0.012), BRAF mutation (P = 0.049), 
and advanced stage (P = 0.027). We established a prognostic nomogram based on metabolism-related gene risk score and 
clinicopathologic factors. The areas under the curve and calibration curves indicated that the established nomogram showed 
a good accuracy of prediction. We have established a novel metabolic gene signature that could predict overall survival in 
colon cancer patients and serve as a biomarker for colon cancer.
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Introduction

Colorectal cancer (CRC) is one of the most common intes-
tinal malignancies worldwide. It has the third highest inci-
dence among cancers and remains the second most common 
cause of cancer mortality [1]. Due to new understanding of 
genetic factors in cancer, the introduction of screening tests, 
and the improvement of treatment, the morbidity and mor-
tality of CRC have declined [2]. However, CRC is a highly 

heterogeneous disease [3]. The postoperative survival rates 
of CRC patients with different stages vary widely. For exam-
ple, the 5-year survival rate for patients with stage IV CRC is 
< 10%, while that for patients with stage I CRC is > 90% [4]. 
Therefore, it is very crucial to identify effective methods to 
improve strategies for CRC diagnosis and prognosis.

Evidence suggests that tumorigenesis involves various 
changes in cellular metabolism. Rapidly growing cancer 
cells produce ATP at a high rate of glycolysis, independ-
ent of the availability of oxygen, in a process known as the 
Warburg effect [5]. This change in the metabolic pathway 
is a hallmark of cancer because it helps the absorption of 
large amounts of nutrients into cellular building blocks 
(nucleotides, amino acids, and lipids), causing excess pro-
duction of the antioxidant glutathione and thereby produc-
ing new cells [6, 7]. In most cases, metabolic changes are 
driven by oncogene-directed metabolic reprogramming 
[8], which seems to be a common feature of highly malig-
nant tumors [9], independent of their carcinogenic origin 
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[10]. Therefore, it is necessary to study the characteri-
zation of metabolic pathways to understand how tumors 
regulate metabolic phenotypes. Recent papers describe 
several abnormally expressed metabolic genes in CRC 
that are associated with survival [11, 12]. However, the 
expression patterns and mechanisms of these genes that 
mediate metabolic reprogramming are unclear.

This study aimed to identify differentially expressed 
metabolic genes and establish a useful signature from 
these genes to predict clinical outcomes and guide treat-
ment decisions in patients with colon cancer. Particularly, 
we established and validated an eight-gene metabolic sig-
nature based on data from the Gene Expression Omnibus 
(GEO) and The Cancer Genome Atlas (TCGA) databases. 
Additionally, associations between the risk score and clin-
icopathological features were evaluated. The signature 
predicted not only survival but also aggressive clinical 
outcomes in colon cancer patients.

Materials and methods

Data source

We downloaded the GSE39582 gene expression profile 
from the GEO database (https​://www.ncbi.nlm.nih.gov/
geo/) and RNA sequencing (RNA-seq) data from the 
TCGA database (https​://porta​l.gdc.cance​r.gov/). The GEO 
dataset included 566 colon cancer samples and 19 normal 
renal tissue samples, while the TCGA dataset included 473 
colon cancer samples and 41 normal colon tissue samples. 
Seventy-one patients in the GEO cohort were excluded 
due to unknown tumor stage (n = 5), KRAS mutation status 
(n = 26), and BRAF mutation status (n = 40). Among the 
437 colon cancer patients in the TCGA cohort, 34 were 
excluded as the number of survival months (n = 23) and 
tumor stage (n = 11) was unknown. Overall, 495 samples 
from the GEO dataset were used as the training cohort, 
and 403 samples from the TCGA dataset were used as 
the validation cohort. This study did not require ethics 
approval as all data were downloaded from the GEO and 
TCGA, which are publicly available databases.

Differentially expressed analyses

We used the “limma” package to test all the data to iden-
tify metabolic genes that were differentially expressed 
by an absolute log fold change (|log FC|) of > 1 and an 
adjusted P value of < 0.05 in the tumor samples compared 
with the normal samples.

Functional analysis of metabolic genes

The functions of the metabolic genes were analyzed using 
the Gene Ontology (GO) tool and the Kyoto Encyclopedia of 
Genes and Genomes (KEGG) and using the “clusterProfiler” 
package (Bioconductor) [13]. A P-value of < 0.05 was con-
sidered significant.

Development and validation of the metabolic gene 
signature

On univariate Cox regression analysis, genes with P < 0.01 
were defined as candidate genes for further least absolute 
shrinkage and selection operator (LASSO)-penalized Cox 
regression analysis. The regression coefficients of each related 
gene were reserved for developing the following formula for 
the risk score: risk score = (mRNA1 coefficient × mRNA1 
expression) + (mRNA2 coefficient × mRNA2 expres-
sion) + ··· + (mRNAn coefficient × mRNAn expression). Based 
on the median risk score, we divided the colon cancer patients 
into high- and low-risk groups. Differences in overall survival 
(OS) were compared and analyzed using the Kaplan–Meier 
method and log-rank test. The predictive ability of the meta-
bolic gene signature was assessed based on the time-dependent 
receiver operating characteristic (ROC) curve and was vali-
dated using data from the TCGA database. The risk score for 
each patient was calculated with the same formula as the train-
ing cohort.

Construction of a prognostic nomogram

To explore whether the metabolic gene signature was inde-
pendent of other clinicopathological parameters (including 
age, gender, tumor location, KRAS mutation, BRAF mutation, 
and tumor stage), univariate and multivariate Cox regression 
analyses were conducted. Based on the results of the multivari-
ate Cox regression analysis, we constructed a nomogram for 
predicting 3-year and 5-year OS through the use of the “rms” 
package. Discrimination and calibration were measured to 
determine the validity of the nomogram. Discrimination was 
evaluated using the area under the ROC curve (AUC) [14]. 
The AUC ranged from 0.5 to 1.0, with 0.5 indicating a totally 
random outcome and 1.0 indicating perfect discrimination. We 
compared the nomogram and the American Joint Committee 
on Cancer (AJCC) TNM staging system based on the AUC. A 
calibration map was generated by comparing the nomogram’s 
prediction probability and the observation for the 3-year and 
5-year OS rates.

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://portal.gdc.cancer.gov/
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Statistical analyses

Continuous variables are presented as means and standard 
deviations, as appropriate. The χ2 test and t-tests were used 
to compare differences between two groups. The predictive 
performances of the metabolic gene signature and nomo-
gram were assessed based on the AUC using the “survival-
ROC” package in R. All statistical analyses were performed 
with SPSS (version 23.0; Chicago, IL, USA) and R software 
(version 3.5.3). A P-value of < 0.05 was defined to be sta-
tistically significant.

Results

Patient characteristics

Table 1 presents the clinical characteristics of colon cancer 
patients. A total of 898 eligible patients with colon cancer 
were included in the study—495 patients were in the train-
ing cohort and 403 were in the validation cohort. In both 
cohorts, most of the patients were male and aged > 60 years. 

In the training cohort, the most common tumor site was the 
distal colon (59.8%), and most patients did not have KRAS 
(60.6%) or BRAF mutation (90.1). In the validation cohort, 
data on KRAS and BRAF mutation status were missing in 
> 90% of patients. In both cohorts, the most common stage 
was stage II, followed by stage III and stage I or IV.

Identification of differentially expressed metabolic 
genes

After intersecting with metabolic genes in the TCGA data-
base, a total 863 metabolic genes remained. In the expres-
sion profiles of colon cancer compared with the normal 
colon tissues in the GSE39582 dataset, we identified 351 
differentially expressed metabolic genes with |log FC| > 2 
and P < 0.01. Of these genes, 176 were downregulated and 
175 were upregulated (Fig. 1).

Functional enrichment analysis

To uncover the biological processes of the 351 differen-
tially expressed metabolic genes in colon cancer patients, 
we performed a GO annotation. A total of 714 GO terms 
(including 547 biological processes, 30 cellular components, 
and 136 molecular functions) were enriched (Fig. 2a). The 
GO biological processes mainly comprised small-molecule 
catabolic processes; cellular components, the mitochondrial 
matrix; and molecular functions, cofactor binding. Further-
more, analysis of the KEGG pathways of these metabolic 
genes showed that 63 KEGG pathways were enriched, 
mainly including purine metabolism, carbon metabolism, 
glutathione metabolism, and drug metabolism (Fig. 2b).

Establishment of the metabolic gene signature 
in the GEO cohort

To identify which genes were related to OS, the 351 differ-
entially expressed metabolic genes were initially subjected 
to univariate Cox proportional hazards regression analysis 
in the GEO cohort. The results showed that 31 metabolic 
genes were significantly associated with OS (P < 0.01). 
Finally, eight genes were identified by the LASSO-penal-
ized Cox regression model and were used to establish the 
metabolic gene signature; these were MTR, NANS, HADH, 
IMPA2, AGPAT1, GGT5, CYP2J2, and ASL (Fig.  3). 
The risk score formula was (−0.0454 × MTR expres-
sion) + (−0.0191 × NANS expression) + (−0.0131 × HADH 
e x p r e s s i o n )  +  ( − 0 . 0 1 3 4  ×  I M PA 2  e x p r e s -
sion) + (0.0214 × AGPAT1 expression) + (0.0036 × GGT5 
e x p r e s s i o n )  +  ( − 0 . 0 1 1 7  ×  CYP 2 J 2  e x p r e s -
sion) + (−0.0241 × ASL expression). The risk scores of 
the 495 patients were calculated according to the for-
mula. All patients were assigned to high- (n = 248) and 

Table 1   Clinicopathologic characteristics of colon cancer patients in 
GEO and TCGA cohorts

Variables GEO cohort TCGA cohort
(n = 495) (n = 403)

N (%) N (%)

Age (M ± SD, years) 66.66 ± 13.10 66.74 ± 12.97
Age
 ≤ 60 140 (28.3) 124 (31.8)
 > 60 355 (71.7) 279 (69.2)

Gender
 Female 225 (45.5) 193 (47.9)
 Male 270 (54.5) 210 (52.1)

Tumor location
 Proximal 199 (40.2) –
 Distal 270 (59.8) –

KRAS mutation
 Wild-type 300 (60.6) 20 (5.0)
 Mutant 195 (39.4) 17 (4.2)
 Unknown – 366 (90.8)

BRAF mutation
 Wild-type 446 (90.1) 20 (5.0)
 Mutant 49 (9.9) 3 (0.7)
 Unknown – 380 (94.3)

Stage
 I 31 (6.3) 72 (17.9)
 II 240 (48.5) 166 (41.2)
 III 165 (33.3) 119 (29.5)
 IV 59 (11.9) 46 (11.4)
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low-risk (n = 248) groups based on median risk scores. 
The Kaplan–Meier analysis, risk score analysis, and time-
dependent ROC analysis in the GEO cohort are shown 
in Fig. 4a. According to the Kaplan–Meier log-rank test, 
there were significant differences in OS between the two 
groups (P < 0.007; Fig. 4a). The AUC value for OS was 
0.754, indicating a good ability of the signature to predict 
survival risk in colon cancer patients (Fig. 4a).

Fig. 1   Heatmap of differentially 
expressed metabolic genes in 
the Gene Expression Omnibus 
(GEO) cohort

Fig. 2   Enrichment of top 10 GO terms (a) and KEGG pathways (b) 
of differentially expressed metabolic genes. The node color changes 
gradually from red to blue in ascending order according to the 

adjusted P-values. The node size represents the number of counts. 
GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and 
Genomes (color figure online)

Fig. 3   Expression levels of eight differentially expressed metabolic 
genes in colon cancer
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Validation of the metabolic gene signature 
in the TCGA cohort

To validate the predictive ability of the metabolic gene sig-
nature, risk scores were calculated with the same formula 
for the TCGA cohort. Consistent with the results in the GEO 
cohort, patients in the high-risk group showed significantly 
worse OS (P = 0.032) (Fig. 4b). The risk score analysis, 
Kaplan–Meier analysis, and time-dependent ROC analysis 
in the GEO cohort are shown in Fig. 4b. For this validation 
cohort, the AUC for OS was 0.663. Taking both the training 
and validation cohorts together, we found that the metabolic 
gene signature was capable of predicting OS in colon cancer.

Correlation between the risk score 
and clinicopathological features

An analysis was performed to evaluate the association 
between the risk score and patient age, sex, tumor location, 
KRAS mutation, BRAF mutation, and tumor stage. The 
results (Table 2) demonstrated that a high-risk score was 
positively correlated with proximal colon cancer (P = 0.012), 
BRAF mutation (P = 0.049), and advanced stage (P = 0.027).

Construction of the nomogram in the GEO cohort

As shown in Table 3, univariate and multivariate analy-
ses were used to find independent prognostic factors for 
OS in colon cancer patients. We found that patient age, 

Fig. 4   Risk score analysis, Kaplan–Meier analysis, and time-dependent ROC curve analysis of the eight-gene metabolic signature in the GEO 
cohort (a) and TCGA cohort (b). ROC, receiver operating characteristic; GEO, Gene Expression Omnibus; TCGA, The Cancer Genome Atlas

Table 2   Clinicopathological correlations of the metabolic gene signa-
ture in the GEO cohort

Bold values represent P < 0.05

Variables Metabolic gene signature P value

High-risk score Low-risk score

N (%) N (%)

Age 0.077
 ≤ 60 61 (24.7) 79 (31.9)
 > 60 186 (75.3) 169 (68.1)

Gender 0.755
 Female 114 (46.2) 111 (44.8)
 Male 133 (53.8) 137 (55.2)

Tumor location 0.012
 Proximal 113 (45.7) 86 (34.7)
 Distal 134 (54.3) 162 (65.3)

KRAS mutation 0.672
 Wild-type 152 (61.5) 148 (59.7)
 Mutant 95 (38.5) 100 (40.3)

BRAF mutation 0.049
 Wild-type 216 (87.4) 230 (92.7)
 Mutant 31 (12.6) 18 (7.3)

Stage 0.027
 I/II 123 (49.8) 148 (59.7)
 III/IV 124 (50.2) 100 (40.3)
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sex, KRAS mutation, tumor stage, and risk score were risk 
factors for colon cancer (P < 0.05). These factors were 
selected to construct the gene-clinical nomogram of OS in 
colon cancer patients (Fig. 5). In the time-dependent ROC 
curve, the nomogram could effectively predict the 3- and 
5-year survival rates (AUC, 0.768 and 0.745, respectively; 
Fig. 6). In addition, the predictive ability of our nomogram 

was significantly superior to that of the TNM staging sys-
tem (Fig. 6a). The calibration curves of 3- and 5-year sur-
vival probability exhibited good agreement with the actual 
observed values (Fig.  6b). Moreover, we evaluated the 
prognosis of patients stratified by age and tumor stage in 
both the training and validation cohorts. The Kaplan–Meier 
curve analysis also indicated that the OS of patients with 
stage IV cancer was significantly shorter than that of patients 
with other stages in the training and validation cohorts 
(Fig. 7a, b). However, there were no significant differences 
in OS between the two groups in the training and validation 
cohorts (< 50 and ≥ 50) (Fig. 7c, d).

Discussion

According to the American Cancer Society, there were 
approximately 1.8 million new cases of CRC and 881,000 
deaths from CRC in 2018, which accounted for nearly 10% 
of new cancer cases and deaths in the same year worldwide 
[1]. With continuing progress in CRC screening and diagno-
sis in developing countries, the number of new CRC cases 
worldwide is predicted to increase to 2.5 million in 2035 
[15]. A worrying rise in patients presenting with CRC at the 
age of < 50 years has also been observed [16–18]. Typically, 
the ideal treatment for CRC is surgical intervention, but 25% 
of CRC patients are diagnosed at an advanced stage with 
metastases, which result in difficulties in curative surgical 
control [19]. Patients who cannot undergo surgery mainly 
receive radiation therapy, chemotherapy, or immunotherapy. 
However, these conventional treatments are associated with 
adverse effects, such as resistance to chemotherapy, systemic 
toxicity, and cancer recurrence [20, 21]. These challenges 
call for an urgent need to find more effective methods to 
improve strategies for CRC diagnosis and prognosis.

Metabolic reprogramming is considered a hallmark of 
cancer because it is the most common physiological change 

Table 3   Univariate and multivariate analyses of overall survival in 
GEO cohort

Variable Univariate Analysis Multivariate analysis

HR (95% CI) P value HR (95% CI) P value

Age 1.021 (1.008–
1.034)

0.001 1.027 (1.014–
1.041)

< 0.001

Gender
 Female 1 1
 Male 1.311 (0.962–

1.785)
0.086 1.397 (1.020–

1.915)
0.038

Tumor location
 Proximal 1 1
 Distal 0.970 (0.711–

1.323)
0.847 1.202 (0.856–

1.690)
0.288

KRAS mutation
 Wild-type 1 1
 Mutant 1.359 (1.000–

1.847)
0.050 1.454 (1.034–

2.045)
0.031

BRAF mutation
 Wild-type 1 1
 Mutant 1.145 (0.683–

1.918)
0.608 1.020 (0.570–

1.825)
0.946

Stage
 I/II 1 1
 III/IV 2.026 (1.646–

2.493)
< 0.001 1.935 (1.555–

2.408)
< 0.001

Risk score 2.886 (1.996–
4.174)

< 0.001 2.229 (1.535–
3.237)

< 0.001

Fig. 5   Nomogram for predicting 
3- and 5-year overall survival in 
colon cancer patients
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in cancer cells [22]. Colon cancer undergoes severe meta-
bolic reprogramming during its transformation, and changes 
in metabolic processes can be recognized by system biology 
tools [23]. Therefore, understanding changes in metabolite 
levels associated with colon cancer will help in the search 
for accurate and clinically useful biomarkers and therapeu-
tic targets. Comprehensive analysis of metabolomics and 
transcriptomics data is an advanced method for finding reli-
able metabolic biomarkers. In recent years, several meta-
bolic gene models have been established for various types 
of cancer, such as hepatocellular carcinoma [24], thyroid 
cancer [25], and ovarian cancer [26]. However, to our knowl-
edge, no metabolic gene signature has been established for 
colon cancer. Therefore, this study attempted to identify 

differentially expressed metabolic genes and establish a use-
ful metabolic gene signature to predict clinical outcomes for 
patients with colon cancer.

In this study, we identified dysregulated metabolic genes 
in colon cancer using GEO and TCGA data. A novel eight-
gene metabolic signature (MTR, NANS, HADH, IMPA2, 
AGPAT1, GGT5, CYP2J2, and ASL) was established in 
the GEO cohort, and the signature demonstrated a robust 
predictive ability in the TCGA cohort. We also found that 
a high-risk score was positively correlated with proximal 
colon cancer, BRAF mutation, and advanced tumor stage 
in colon cancer. This finding further supports the robust-
ness of the prognostic value of the signature. Furthermore, 
a prognostic nomogram was established based on the risk 

Fig. 6   Comparison of a the AUCs of the nomogram and the American Joint Committee on Cancer (AJCC) TNM staging system and b calibra-
tion curves of the nomogram for predicting 3-year and 5-year survival in colon cancer patients
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score and four clinicopathological factors. The prognostic 
accuracy of the model was confirmed by the ROC curve and 
the corresponding calibration curve. The predictive ability of 
our nomogram was significantly superior to that of the TNM 
staging system. These results indicate that the signature not 
only serves as a biomarker for colon cancer, independent of 
clinicopathological features, but also predicts clinical out-
comes in colon cancer patients.

We identified a total of 351 differentially expressed met-
abolic genes. Analysis of the KEGG pathways indicated 
that these genes were mainly enriched in purine, carbon, 
glutathione, and drug metabolism. Most enrichment path-
ways are related to metabolism, and the significant genes 
of enrichment pathways are mainly involved in purine 
metabolism, which is an important pathway that provides 
nucleotides for aggressive DNA synthesis in cancer cells 
[27]. Purine is an essential component of nucleotides in cell 
proliferation, so purines and enzymes for de novo purine 
biosynthetic pathways are enhanced in tumor cells [28, 
29]. Accumulating evidence suggests that disturbed purine 

metabolism was found in various types of cancer, including 
CRC [30–32]. In CRC tissue, purine metabolism and the 
rescue pathway activity of purine nucleotides are acceler-
ated [33]. Vannoni et al. [34] found that enzyme activity in 
colorectal tumor tissue is significantly higher than that in 
normal tissue to cope with the accelerated purine metabo-
lism. Other metabolic pathways were also reported to be 
linked to tumorigenesis in colon cancer [35, 36]. Thus, these 
differentially expressed metabolic genes influence the occur-
rence and development of colon cancer through their medi-
ated metabolic pathways.

Most of the eight genes of the signature have been 
reported in various types of cancer, including CRC [37–40]. 
AGPAT1 (1-acylglycerol 3-phosphate O-acyltransferase 1) 
is a lipid metabolism-related gene whose overexpression 
has been significantly associated with CRC prognosis, sug-
gesting that AGPAT1 may serve as a prognostic indicator of 
CRC [38]. In our study, we also demonstrated that NRG1 
was downregulated in colon cancer and associated with 
worse OS. Meanwhile, Zara-Lopes et al. [39] found that 

Fig. 7   Kaplan–Meier analysis of overall survival stratified by tumor stage (a, b) and age (c, d) in the training and validation cohorts
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methionine synthase (MTR) 2756A > G polymorphism was 
linked to tumor extent and aggressiveness in thyroid can-
cer. Shen et al. [40] indicated that the expression of HADH 
(3-hydroxyacyl-CoA dehydrogenase) was significantly 
downregulated in gastric cancer tissues. HADH silencing 
can significantly promote migration and invasion of gastric 
cancer cells by activating the Akt signaling pathway.

This study has some limitations. First, there were no data 
on tumor location in the TCGA cohort, and data on KRAS 
mutation status were missing for > 90% of the TCGA cohort. 
Second, we were unable to evaluate the predictive accuracy 
of the nomogram by external validation. Lastly, although 
the signature of the eight metabolic genes showed favorable 
predictive ability in colon cancer, the exact mechanism of 
each gene remains unclear. Therefore, external data from 
large independent cohorts are necessary to validate the char-
acteristics and prognostic nomograms of the eight metabolic 
genes. Moreover, further functional experiments in colon 
cancer are needed to explore the elusive mechanisms of 
aberrant metabolic pathways caused by the eight metabolic 
genes.

Conclusions

We successfully established a novel metabolic gene signa-
ture in colon cancer. This signature was not only able to 
predict OS in colon cancer patients but was also significantly 
associated with poor clinical outcomes.
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