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Abstract

Background
This study aimed to construct prognostic model by screening prognostic gene signature of colon cancer.

Methods
The gene expression pro�le data of colon cancer were obtained from The Cancer Genome Atlas (TCGA)
and gene expression omnibus (GEO) and differently expressed genes (DEGs) between tumor and control
samples were identi�ed. Prognosis-associated genes were then identi�ed and used for the construction
of prognostic model. The independent factors that associated with the prognosis of colon in the TCGA
cohort was identi�ed.

Results
Totally, 1153 consistent DEGs were screened out between tumor and normal tissues in the TCGA cohort,
GSE44861 and GSE44076 datasets. Among these genes, 12 DEGs were related to the prognosis of colon
cancer and were used for constructing the prognostic model. This model presented a high predictive
power for the prognosis of colon cancer both in the training dataset and in the validation datasets (AUC > 
0.8). Statistical analysis showed that age, pathological T, tumor recurrence, and model status were the
independent factors for prognosis of patients with colon cancer in TCGA.

Conclusions
The 12-gene signature prognostic model had a high predictive power for colon cancer prognosis.

Introduction
As one of the most common gastrointestinal malignant diseases, colon cancer is the world-wide leading
cause of mortality (1). Currently, the standard therapeutic method for colon cancer is the combination of
surgery and adjuvant chemotherapy or radiation therapy (2). Additionally, the early diagnosis for primary
or recurrent colon cancer is also a critical factor for the prognosis of patients (3). Nowadays, studies have
reported the intensive progress in the diagnosis and treatment of colon cancer, such as endoscopic
diagnosis, tumor markers, and molecular targeted therapy; However, due to complex pathogenesis and
higher metastasis, unsatisfactory diagnosis and poor prognosis still exist (2, 4). Therefore, identi�cation
of novel diagnostic, prognostic biomarkers and therapeutic targets, as well as investigation of the
underlying molecular mechanism of colon cancer is required.
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Nowadays, the revolution of sequencing technologies facilitates to the identi�cation of more novel
biomarkers related to diseases by bioinformatics analysis, which contributes to the early recognition and
targeted treatment for diseases (5, 6). Dalerba P et al. (7) have emphasized that the lack of transcription
factor CDX2 is associated with the poor prognosis in patients with colon cancer at stage II or stage III by
bioinformatics approach. Another research group has shown that higher tumoral LC3B and p62
expression indicate an unfavorable prognosis by regulating autophagy in colon cancer (8). Demirkol S et
al. (9) have identi�ed two novel biomarkers, ULBP2 and SEMA5A, to predict the prognosis colon cancer
based on gene expression omnibus (GEO) database. Additionally, it has been reported that vascular
endothelial growth factor (VEGF)-D and SMAD7 are potential biomarkers for the chemotherapeutic
outcome and prognosis of colon cancer (10). Notably, Yang et al. (11) performed a bioinformatics
analysis on the basis of gene expression pro�le of GSE44076 about colon cancer. Consequently, there
were 20 hub genes, such as TIMP1, GNG4, CXCL5 and COL1A1, were considered as diagnosis and
treatment targets for colon cancer. However, few studies have undertaken the prognostic model based on
an integrated analysis with different colon cancer microarray pro�les.

In the current work, an integrated bioinformatics analysis based on The Cancer Genome Atlas (TCGA)
and four gene expression pro�les from GEO database were performed to screen the differentially
expressed genes (DEGs) related to prognosis of colon cancer using MetaDE. Meanwhile, gene modules
related to colon cancer were constructed by weighed gene co-expression network analysis (WGCNA)
algorithm. Afterwards, a prognostic model of colon cancer was constructed. Meanwhile, the related
prognostic clinical factors, and pathways associated with prognostic gene were analyzed.

Materials And Methods

Data extraction
Based on the search words “colon cancer”, the public expression pro�les data were preliminarily extracted
from the GEO repository (https://www.ncbi.nlm.nih.gov/geo/). Then, the eligible data were included in
this study as the following inclusion criteria: (1) gene expression pro�les data; (2) the samples in
datasets were solid tissues of colon cancer; (3) human expression pro�les; (4) the datasets contained
control tissues; (5) the total number of samples was not less than 100; and (6) the datasets contained
prognosis information of samples. As a result, the two eligible datasets (GSE44861 and GSE44076) that
met inclusion criteria 1 to 5 was obtained, and contained 1111 samples (56 tumor samples and 55
normal samples) and 246 samples (98 tumor samples and 148 normal samples), respectively, based on
the platform of Affymetrix-GPL96 and Affymetrix-GPL13667. GSE44861 and GSE44076 were utilized for
the following the WGCNA and MetaDE analysis. Meanwhile, the two eligible datasets (GSE17538 and
GSE38832) that met inclusion criteria 1 to 6 was obtained, and contained 244 and 122 colon cancer
tumor samples, respectively, based on the platform of Affymetrix-GPL570. GSE17538 and GSE38832
were used for the construction of prognostic prediction model.
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In addition, transcriptome RNA expression data of colon cancer were downloaded from TCGA
(https://gdc-portal.nci.nih.gov/) and contained 512 colon cancer samples, based on the platform of
Illumina HiSeq 2000 RNA Sequencing. Then corresponding to clinical information downloaded at the
same time, 495 samples were reserved containing 454 tumor samples and 41 normal samples.

Screening of colon cancer related gene module
WGCNA has widely applied into identifying the gene module associated with diseases and extracting
potential therapeutic targets (12). Based on TCGA, GSE44861, and GSE44076 datasets, WGCNA software
(version 1.61; https://cran.r-project.org/web/packages/WGCNA/index.html) (13) in R3.4.1 was used to
screen the stable gene module related to colon cancer. The TCGA data was utilized as the training set,
while GSE44861 and GSE44076 was set as the validation set. WGCNA network was constructed
according to the following steps: calculating the expression correlation between three datasets; de�ning
adjacent function; dividing gene module and assessing module stability. The thresholds of module
division were the number of genes in each module ≥ 150 and cutHeight = 0.99.

DEGs identi�cation by meta-analysis
The consistently DEGs were extracted from TCGA, GSE44861, and GSE44076 datasets using MetaDE.ES
in MetaDE package (https://cran.r-project.org/web/packages/MetaDE/) (14, 15). Brie�y, the heterogeneity
test of expression value of each gene from different platform was �rst conducted according to the
statistics such as tau2, Q value and Q pval. To be speci�c, if tau2 was 0, there was no bias among
different subjects; if Q value complied with chi-square test with K-1 freedom and Q pval was more than
0.05, the study subjects would be homogeneous without bias. Then gene expression difference from
different cases in the integrated dataset was also evaluated and corresponding P value and false
discovery rate (FDR) were computed. FDR < 0.05 represented the remarkable difference. Finally, the fold
change (FC) of each dataset was determined. Herein, the cutoffs of consistently DEGs identi�cation were
set as tau2 = 0, Q pval > 0.05, FDR < 0.05 and |logFC| with consistent differential direction among the three
datasets.

Construction and evaluation of prognostic risk model
Firstly, the intersected genes between genes of gene module by WGCNA and consistently DEGs byMetaDE
were obtained. Then, functional analyses of these intersected genes, including the Gene Ontology (GO)
functional annotation in terms of biological process category (GO-BP) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment analysis, were performed by DAVID (version 6.8;
https://david.ncifcrf.gov/) (16, 17) using P value < 0.05 as the threshold of signi�cant enrichment.
Combined with the clinical prognostic information in the training set (TCGA) and the intersected genes,
the independent prognostic genes were identi�ed using univariate and multivariate cox regression
analysis of survival package (version 2.4, https://cran.r-project.org/web/packages/survival/index.html)
(18) in R3.4.1 based on the threshold of log-rank p value < 0.05. Afterwards, the optimized set of
prognostic gene signature was identi�ed using the Cox-Proportional Hazards (Cox-PH) model (19), which
based on the L1-penalized regulatization regreesion algotithm of the penalized package (version 0.9–50,
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http://bioconductor.org/packages/penalized/) (20) in R3.4.1. The optimized parameter lambda in this
model was obtained by 1000 cycles calculation of cross-validation likelihood (cvl) algorithm.
Subsequently, the prognostic score for each sample was calculated as follows: prognostic score =
∑βgenes × Exp genes. The β genes represented prognostic regression coe�cient and Exp genes was de�ned
as the expression value of corresponding gene. According to the median value of PS, all samples in the
training set were divided into high risk and low risk groups. The Kaplan-Meier (K-M) curve analysis based
on survival package (version 2.41-1) in R 3.4.1 was used to assess the association between high and low
risk groupings and actual survival prognostic information. Meanwhile, the association between high and
low risk groupings and actual survival prognostic information was further veri�ed in the validation set the
prognostic model (GSE17538 and GSE38832) using the above methods.

Further analysis of the prognostic clinical factors
The independent prognostic clinical factors based on the clinical information of tumor samples in the
training set were analyzed using univariate and multivariate cox regression analysis of survival package
(version 2.41-1) in R3.4.1 according to the threshold of log-rank p value < 0.05. In order to further study
the relationship between independent prognostic clinical factors and risk grouping, the samples were
divided into different groups based on hierarchical analysis of clinical prognostic factors, and the
correlation analysis by prognostic risk model was performed in these different groups. Based on these
independent prognostic clinical factors, the nomogram of 3- and 5-year survival prediction models were
constructed using rms package (version 5.1-2, https://cran.r-project.org/web/packages/rms/index.html)
(21) in R3.4.0.

Screening of genes related to prognostic risk grouping and
functional analysis
The samples in the training set were divided into high risk and low risk groups according to prognostic
score. Next, DEGs between high risk and low risk groups were screened using limma package (Version
3.34.7, https://bioconductor.org/packages/release/bioc/html/limma.html) (22) with the thresholds of
false discovery rate (FDR) < 0.05 and |log fold change (FC)| >0.5. Following this, GO-BP analysis and
KEGG pathway enrichment analysis were carried out using DAVID. P value < 0.05 was considered as the
cutoffs for signi�cantly statistical difference in functional analyses. A work�ow of this study is shown in
Fig. 1.

Results

Extraction of gene module related to psoriasis based on
WGCNA algorithm
The correlation of expression level and node connection in TCGA, GSE44861, and GSE44076 datasets
was evaluated, and the results suggested that there was a signi�cant positive correlation and good
comparability among these datasets (Figure S1A). Firstly, the scale-free network distribution was
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determined based on the parameter of power = 7 as displayed in Figure S1B. A total of 8 modules related
to colon cancer were established in the training datasets on the basis of clustering analysis (Fig. 2A).
Then, the same module division was performed in other two validation datasets (GSE44861 and
GSE44076) as showed in Fig. 2A. The module stability was also assessed according to the preservation
Z score, and generally, Z value > 5 indicated a better module stability. Finally, 5 robust modules (blue,
brown, green, red, and yellow) were obtained and showed markedly positive correlation with colon cancer.
A total of 381 DEGs in blue module, 205 genes in brown module, 195 genes in green module, 184 genes
in red module, and 195 genes in yellow module, were obtained (Table 1). Furthermore, the correlation of
gene modules and clinical factors, including age, gender, history of colon polyps, lymphatic invasion,
microsatellite instability, radiation therapy, death, tumor recurrence, pathologic M, pathologic N,
pathologic T, and pathologic stage, were revealed as shown in Fig. 2B.

Table 1
Gene modules related to colon cancer based on weighed gene co-

expression network analysis (WGCNA) algorithm
ID Color Module Size Preservation

Z-score Pvalue

Module 1 black 133 1.9913 1.40E-01

Module 2 blue 381 8.7017 4.50E-06

Module 3 brown 205 10.4907 4.00E-03

Module 4 green 195 8.2073 5.10E-03

Module 5 grey 2469 0.3400 2.30E-05

Module 6 red 184 10.9777 1.00E-03

Module 7 turquoise 649 4.0049 1.30E-02

Module 8 yellow 195 5.6788 2.00E-05

Identi�cation of consistently DEGs based on Meta analysis
Totally, 1153 consistently DEGs were identi�ed according to the thresholds mentioned in methods,
including 724 consistently down-regulated DEGs and 429 consistently up-regulated DEGs, which showed
consistent difference degree and dysregulation direction among TCGA, GSE44861, and GSE44076
datasets as shown in Fig. 3.

Construction and veri�cation of prognostic model
Firstly, a total of 556 intersected genes between genes of gene module by WGCNA and consistently DEGs
by MetaDE were obtained (Fig. 4A). The functional enrichment analyses of these intersected genes
indicated that they were primarily participated in 24 signi�cant GO-BP terms such as immune response
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and the defense response (Fig. 4B), as well as closely associated with 8 KEGG pathways such as
cytokine-cytokine receptor interaction and focal adhesion (Fig. 4B). Based on univariate Cox regression
analysis in the training dataset, a total of 84 DEGs were signi�cantly associated with the prognosis of
patient with colon cancer. Then 14 independent prognostic DEGs in patients with colon cancer were
obtained by multivariate Cox regression analysis. Afterwards, the optimized set of prognostic gene
signature (including 12 DEGs, ADORA3, CPA3, CPM, EDN3, FCRL2, MFNG, NAT1, PCSK5, PPARGC1A,
PRRX2, TNFRSF17, and WDR78) was identi�ed using the Cox-PH model (Table 2). Based on the
prognostic model, all samples in the training and validation dataset were divided into high risk and low
risk groups, and the results showed signi�cant correlation of risk grouping and actual survival prognostic
information (Fig. 5).

Table 2
The optimized set of prognostic gene signature was identi�ed using the

Cox-Proportional Hazards (Cox-PH) model.
Symbol Univariate Cox regression analysis LASSO coe�cient

HR 95%CI P value

ADORA3 1.570 1.067–2.549 3.40E-02 0.44262

CPA3 0.810 0.679–0.965 9.50E-03 -0.35894

CPM 0.748 0.561–0.995 2.30E-02 -0.26349

EDN3 0.830 0.670–1.028 4.40E-02 -0.12557

FCRL2 2.465 1.298–4.682 2.90E-03 1.38523

MFNG 1.456 1.127–1.879 2.00E-03 0.35734

NAT1 0.514 0.368–0.717 4.55E-05 -0.42755

PCSK5 1.477 1.021–2.138 1.95E-02 0.30206

PPARGC1A 0.579 0.399–0.842 2.10E-03 -0.34355

PRRX2 1.260 1.017–1.559 1.70E-02 0.04376

TNFRSF17 0.780 0.597–0.919 3.45E-02 -0.21594

WDR78 0.334 0.158–0.707 2.05E-03 -0.07166

The independent prognostic clinical factors analysis
Univariate and multivariate cox regression analysis showed that age [hazard ratio (HR) = 1.018, 95%
con�dence interval (CI) 1.001–1.035, P = 3.408 × 10− 2 and HR = 1.047, 95%CI 1.021–1.073, P = 3.510 × 
10− 4], pathological T (HR = 2.658, 95%CI 1.775–3.979, P = 1.116 × 10− 6 and HR = 3.561, 95%CI 1.781–
7.121, P = 3.280 × 10− 4), tumor recurrence (HR = 2.567, 95%CI 1.636–4.029, P = 2.113 × 10− 5 and HR = 
1.881, 95%CI 1.050–3.369, P = 3.363 × 10− 2), and prognostic model status (HR = 3.287, 95%CI 2.082–
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5.189, P = 4.096 × 10− 8 and HR = 2.737, 95%CI 1.447–5.178, P = 1.970 × 10− 3) were considered as the
independent prognostic factors in patients with colon cancer (Table 3). In addition, K-M survival analysis
also showed that lower age, lower pathological T and no tumor recurrence were associated with better
prognosis of patients with colon cancer (Fig. 6A, left). Meanwhile, when samples were divided into based
on hierarchical analysis of clinical prognostic factors, the results of prognostic model was consistent
with actual survival prognostic information in these different groups (Fig. 6A, middle and right).
Furthermore, the nomogram of 3- and 5-year survival prediction models of these independent prognostic
factors were constructed as Fig. 6B. The nomogram of 3- and 5-year survival prediction showed
compliance to actual 3- and 5-year survival (Fig. 6C).

Table 3
Univariate and multivariate cox regression analysis of colon cancer tumor samples.

Clinical characteristics TCGA (N = 432) Uni-variable cox Multi-variable cox

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

Age (years, mean ± sd) 66.78 ± 12.88 1.018[1.001–
1.035]

3.408E-
02

1.047[1.021–
1.073]

3.510E-
04

Gender (Male/Female) 230/202 1.077[0.719–
1.610]

7.189E-
01

- -

Pathologic M
(M0/M1/-)

319/59/54 4.536[2.851–
7.218]

2.649E-
12

1.501[0.373–
6.036]

5.671E-
01

Pathologic N
(N0/N1/N2)

254/101/77 2.088[1.648–
2.644]

1.342E-
10

1.614[0.839–
3.103]

1.514E-
01

Pathologic
T(T1/T2/T3/T4)

11/75/296/50 2.658[1.775–
3.979]

1.116E-
06

3.561[1.781–
7.121]

3.280E-
04

Pathologic stage
(I/II/III/IV/-)

73/167/123/59/10 2.181[1.719–
2.767]

3.376E-
11

1.123[0.373–
3.378]

8.362E-
01

Colon polyps history
(Yes/No/-)

128/239/65 0.731[0.426–
1.255]

2.537E-
01

- -

Lymphatic invasion
(Yes/No/-)

150/241/41 2.150[1.392–
3.320]

4.125E-
04

0.922[0.489–
1.737]

8.024E-
01

Recurrence (Yes/No) 78/292/62 2.567[1.636–
4.029]

2.113E-
05

1.881[1.050–
3.369]

3.363E-
02

PS model status
(High/Low)

216/216 3.287[2.082–
5.189]

4.096E-
08

2.737[1.447–
5.178]

1.970E-
03

Vital status
(Dead/Alive)

96/336 - - - -

Overall survival time
(months,mean ± sd )

29.44 ± 25.43 - - - -
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Functional enrichment analysis of DEGs related to
prognostic risk grouping
Based on the selective criteria, a total of 514 DEGs were identi�ed between high risk and low risk groups,
including 102 down-regulated and 412 up-regulated genes (Fig. 7A). Then, clustering analysis for these
DEGs was conducted, indicating that these identi�ed DEGs could signi�cantly distinct high risk from and
low risk groups (Fig. 7B). To further identify the functional characteristics of DEGs, the functional
enrichment analyses of genes were conducted with DAVID. Consequently, the GO analysis of DEGs
revealed 23 signi�cant enriched terms that primarily concentrated on ion transport, cell-cell signaling,
regulation of cyclic nucleotide metabolic process (Fig. 7C). In addition, the KEGG pathway analysis
implied that these DEGs were responsible for 7 KEGG pathways, such as neuroactive ligand-receptor
interaction, and calcium signaling pathway (Fig. 7C).

Discussion
In the present study, 5 signi�cantly stable gene modules related to colon cancer were constructed by
WGCNA algorithm. Then, 1153 consistently DEGs were identi�ed between colon cancer tumor and normal
tissues samples based on the TCGA, GSE44861 and GSE44076 datasets. Furthermore, based on the
intersected genes between genes of gene module by WGCNA and consistently DEGs by MetaDE, 12 DEGs
(ADORA3, CPA3, CPM, EDN3, FCRL2, MFNG, NAT1, PCSK5, PPARGC1A, PRRX2, TNFRSF17, and WDR78)
related to prognosis of colon cancer were further isolated as the optimized prognostic gene signature,
and a prognostic model was constructed based these 12 DEGs, which presented a relative highly forecast
ability for the prognosis of colon cancer both in the training dataset and validation datasets. In addition,
age, pathological T, tumor recurrence, and prognostic model status were identi�ed as the independent
prognostic factors in patients with colon cancer based on TCGA. Furthermore, based on the prognostic
model, 514 DEGs related to prognosis of colon cancer were further identi�ed, which were closely
associated with ion transport, cell-cell signaling, regulation of cyclic nucleotide metabolic process,
neuroactive ligand-receptor interaction, and calcium signaling pathway.

The mining of a large amount of genetic data in various diseases have been enhanced due to the rapid
technological advances in high-throughput sequencing and bioinformatics (23). TCGA, as a public and
available cancer genomic datasets, provides the comprehensive data of cancers, including mRNA
expression data, miRNA expression data, copy number variation, DNA methylation, and clinical
information (24). The data from TCGA have been effectively applied to improve diagnostic and
therapeutic methods of cancers, as well as �nally cancer prevention (24). Thus, this study was performed
based on the gene expression pro�le data and clinical information of BC form TCGA and GEO database.
Gene expression pro�les have been reported to predict the prognosis outcome of cancers (25–27).
Computationally, univariate and multivariate Cox regression were the most common method to construct
the prognostic models and screen prognostic factors (28). In this study, the Cox regression model based
on the LASSO, a semi-parametric proportional hazards model, was applied. The availability of this model
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in survival analysis have been con�rmed in recent studies (29, 30). Similarly, in this study, the prognostic
model constructed by LASSO Cox regression model showed a higher predictive ability both in training
and validation sets. In addition, this study showed that age pathological T, and tumor recurrence were
independent prognostic factors in patients with colon cancer. Consistent with our results, previous studies
have also demonstrated that advanced age, higher pathological T and tumor recurrence are associated
with poor prognosis in patients with colon cancer (31–33). Notably, this study revealed that the results of
the prognostic model were consistent with actual survival prognostic information in different groups
based on hierarchical analysis of age, higher pathological T and tumor recurrence. Meanwhile, the model
status was also been considered as an independent prognostic factor in patients with colon cancer.
These results further showed that prognostic model had a signi�cant predictive ability for the prognosis
of colon cancer.

In this study, the prognostic model was constructed based on the 12-prognostic gene signature (including
12 DEGs, ADORA3, CPA3, CPM, EDN3, FCRL2, MFNG, NAT1, PCSK5, PPARGC1A, PRRX2, TNFRSF17, and
WDR78). Speci�cally, adenosine receptor A3 (ADORA3) protein encoded by ADORA3 gene is G-protein-
coupled receptor that are implicated in in�ammatory and immunological responses as well as cancer
growth in various diseases through in�uencing nucleotide metabolic process (34–36). Increasing
evidence has proved that ADORA3 is overexpressed in several cancers, including breast cancer (37),
thyroid cancer (38), bladder cancer (39), and colon cancer (40) and functions as a tumor promoter (41).
Carboxypeptidase A3 (CPA3) as a member of the CPA family of zinc metalloproteases is released by
mast cells and may be involved in the inactivation of venom-associated peptides and the degradation of
endogenous proteins (42). Previous study has shown elevated expression of CPA3 in asthma (43) and
anaphylactic shock (44); however, few studies have investigated the role of CPA3 in cancers. CPM is also
an arginine/lysine CP and exerts important roles in angiogenesis, proliferation, and apoptosis through
modulating chemokines or kinins in cancer cells (45). Notably, recent study reports that CPM/Src-FAK
pathway is involved in the cell migration and invasion in colon cancer (46). Endothelin 3 (END3) is
reported to participate in the progression of several cancers, such as malignant melanoma (47), cervical
cancer (48), and colon cancer (49). Fc Receptor Like 2 (FCRL2) is a member of the immunoglobulin
receptor superfamily that is involved in the development of lymphoblastic leukemia by
immunomodulators of B cell function (50–52). Inherited polymorphism in the acetyltransferase 1 gene
(NAT1) increases the risk of colorectal adenocarcinoma (53). Manic fringe (MFNG) is reported to exhibit
anti-tumor effects in lung cancer (54). Peroxisome proliferator-activated receptor-γ coactivator 1-α
(PPARGC1A) can contribute to tumor growth and metastasis in several cancers (55, 56). In addition,
studies have suggested that both paired related homeobox 2 (PRRX2) (57, 58) and tumor necrosis factor
receptor superfamily member 17 (TNFRSF17) (59, 60) are associated with several cancers, while
proprotein convertase subtilisin/kexin type 5 (PCSK5) and WD repeat domain 78 (WDR78) have not been
reported to be involved in cancers. Thus, the functions of these genes in colon cancer should be further
investigated.

Conclusions
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In conlcusion, the prognostic model based on the prognostic 12-gene signature exhibited a relatively
satisfactory predictive potential for colon cancer. Howerer, the prognostic signi�cance of 12-gene
signature in colon cancer should be futher con�rmed in clinical study.

Abbreviations
Cox-PH, Cox-Proportional Hazards; DEGs, differently expressed genes; FC, fold change; FDR, false
discovery rate; GEO, gene expression omnibus; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes
and Genomes; TCGA, The Cancer Genome Atlas; WGCNA, weighed gene co-expression network analysis.
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Figure 1

Work�ow of this study.
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Figure 2

The partition of gene module related to colon cancer based on weighed gene co-expression network
analysis algorithm. (A) The module partition results of TCGA, GSE44861 and GSE44076 datasets. The
different colors represent the different that modules. (B) The correlation heatmap of gene module and
clinical factors of colon cancer. The horizontal axis represents clinical factors, and the vertical axis
represents gene modules of different colors. The color changed from blue to red indicates the change
process from negative correlation to positive correlation. The numbers in the boxes indicate the
correlation coe�cients, and the numbers in parentheses indicate the p-values.



Page 19/24

Figure 3

The heat-map of consistently differentially expressed genes based on MetaDE analysis.
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Figure 4

Analysis of intersected genes. (A) The intersected genes between genes of gene module by WGCNA and
consistently DEGs by MetaDE. Left: Venn diagram of genes between genes of gene module by WGCNA
and consistently DEGs by MetaDE; Right: Pie chart of overlapping genes in WGCNA modules. (B) GO-BP
(left) terms and KEGG pathways (right) analyses of the intersected genes. Horizontal axis and vertical
axis represent gene number and term, respectively; the color and size of the bots indicate the signi�cant P
value, and the closer the color is to red, the higher the signi�cance.
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Figure 5

K-M survial analysis. The K-M survial analysis of low- and high- risk groups (upper) and ROC curve
analysis of prognostic model (lower) in the training (TCGA) and validation (GSE44861 and GSE44076)
datasets. HR represents hazard ratio, and the number in parentheses indicates 95% con�dence interval
(CI).
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Figure 6

Independent prognostic clinical factors analysis. (A) The K-M survival analysis of age, pathological T and
tumor recurrence in all samples (left), as well as different groups based on hierarchical analysis of
clinical prognostic factors (middle and right). HR represents hazard ratio, and the number in parentheses
indicates 95% con�dence interval (CI). (B) The nomogram of 3- and 5-year survival prediction models for
these independent prognostic factors. (C) The nomogram of 3- and 5-year survival prediction compliant
to actual 3- and 5-year survival.
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Figure 7

Screening of genes related to prognostic risk grouping and functional analysis. (A) Scatter plot of 514
differently expressed mRNAs (DEGs) between high risk and low risk groups. Red, green triangle, and blue
indicate genes are up-regulated, down-regulated, and non-signi�cant differentially expressed mRNAs,
respectively. (B) Heat map of 514 DEGs between high risk and low risk groups. (C) GO and KEGG
enrichment analyses of DEGs. Horizontal axis and vertical axis represent gene number and term,
respectively; the color of the bar indicates the signi�cant P value, and the closer the color is to red, the
higher the signi�cance.
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