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Abstract

Background: As a common malignant tumor in the colon, colon cancer (CC) has
high incidence and recurrence rates. This study is designed to build a prognostic
model for CC.

Methods: The gene expression dataset, microRNA-seq dataset, copy number vari-
ation (CNV) dataset, DNA methylation dataset, and transcription factor (TF) data-
set of CC were downloaded from UCSC Xena database. Using limma package, the
differentially methylated genes (DMGs), and differentially expressed genes (DEGs)
and miRNAs (DEMs) were identified. Based on random forest method, prognostic
model for each omics dataset were constructed. After the omics features related to
prognosis were selected using logrank test, the prognostic model based on multi-
omics features was built. Finally, the clinical phenotypes correlated with prognosis
were screened using Kaplan—Meier survival analysis, and the nomogram model was
established.

Results: There were 1625 DEGs, 268 DEMs, and 386 DMGs between the tumor
and normal samples. A total of 105, 29, 159, five, and six genes/sites significantly
correlated with prognosis were identified in the gene expression dataset (GABRD),
miRNA-seq dataset (miR-1271), CNV dataset (RN7SKP247), DNA methylation
dataset (cg09170112 methylation site [located in SFSWAP]), and TF dataset (SIX5),
respectively. The prognostic model based on multi-omics features was more effective
than those based on single omics dataset. The number of lymph nodes, pathologic_ M
stage, and pathologic_T stage were the clinical phenotypes correlated with progno-
sis, based on which the nomogram model was constructed.

Conclusion: The prognostic model based on multi-omics features and the nomogram

model might be valuable for the prognostic prediction of CC.
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1 | INTRODUCTION

Colon cancer (CC) is a common malignant tumor that is
mainly caused by low-fiber and high-fat diets (Labianca
et al., 2010). CC includes adenocarcinoma, mucinous ad-
enocarcinoma, and undifferentiated carcinoma, which has
the signs of hematochezia, bellyache, the change of bowel
habits, and anemia (Mody & Bekaiisaab, 2018). CC is the
third most common cancer among gastrointestinal cancers,
and its incidence is higher in men compared with that in
women (Siegel, Miller, & Jemal, 2018). Due to recurrence
and metastasis after surgery, the 5-year survival rate of
CC patients receiving surgery is only 60%—-70% (Mcguire,
2016; Siegel et al., 2017). Therefore, the mechanisms of
CC should be further studied to improve its treatment and
prognosis.

Through mediating focal adhesion-related pathways,
overexpressed collagen type VIII alpha 1 chain (COLSAT)
functions as an independent prognostic factor in colon ad-
enocarcinoma (COAD; Shang et al., 2018). MiR-191-5p is
inversely correlated with the expression of programmed cell-
death 1ligand 1 (PD-L1) and has influences on the overall sur-
vival (OS) of COAD patients (Chen et al., 2018). pl6INK4a
(cyclin-dependent kinase inhibitor 2A) and p14ARFare two
cell cycle regulators encoded by INK4a/ARF locus, and their
simultaneous hypermethylation has great prognostic value in
sporadic colorectal cancer (CRC; Sung & Cho, 2006). The
expression of the transcription factor (TF) E2F transcription
factor 1 (E2F-1) is negatively related to tumor growth, indi-
cating that E2F-1 acts as a tumor suppressor gene in COAD
(Bramis et al., 2004; Panayotis et al., 2004). The LIM and
senescent cell antigen-like domain 2 (PINCH-2) copy num-
ber variation (CNV) presents mRNA up-regulation and copy
number amplification in the non-relapsed samples in com-
parison with the systemic relapse samples, which is involved
in reduced systemic recurrence of CC via competitively me-
diating integrin-linked kinase, PINCH, and parvin (IPP com-
plex) formation with PINCH-1 (Park et al., 2015). Despite
of these reports, the pathogenesis of CC has not been thor-
oughly understood.

The underlying mechanisms of human disease are often
complex, and multi-omics approach is valuable for reveal-
ing the pathogenic factors in diseases (Hu et al., 2018;
Liu, Wang, Genchev, & Lu, 2017). In this study, differ-
ential analysis was conducted, and omics features cor-
related with prognosis were selected from different omics
datasets (the gene expression dataset, microRNA [miR-
NA]-seq dataset, CNV dataset, DNA methylation dataset,
and TF dataset) of CC. Furthermore, prognostic model
of each omics dataset, prognostic model of multi-omics
data and nomogram model respectively were constructed.
This study might promote the prognostic prediction of CC
patients.

2 | METHODS

2.1 | Data acquisition and integration

From UCSC Xena database (http://xena.ucsc.edu/; Goldman,
Craft, Zhu, & Haussler, 2017), The Cancer Genome Atlas
(TCGA) dataset of CC (RNA-Seq by expectation-maximiza-
tion expression values; platform: IlluminaHiSeq; including
288 tumor samples and 41 normal samples) was extracted.
Besides, the CNV data of 451 CC samples, the methylation
data of 337 samples (platform: Methylation450k; including
299 tumor samples and 38 normal samples), the miRNA-seq
data of 261 samples (platform: Illumina HiSeq; including 253
CC samples and 8 normal samples), and the TF data of 264
CC samples (platform: HiSeqV?2) were obtained. Meanwhile,
the corresponding clinical data of the TCGA dataset was
downloaded, including age, sex, TNM stage, survival time,
and survival status (downloaded in May 2019). A total of 225
tumor samples among the samples of the six datasets have ef-
fective prognostic information, which would be used for the
construction and evaluation of prognostic models.

2.2 | Differential analysis

For the gene expression dataset, miRNA-seq dataset, and
DNA methylation dataset, the R package limma (Ritchie
et al., 2015; version 3.10.3, https://bioconductor.org/packa
ges/release/bioc/html/limma.html) was applied for perform-
ing the differential analysis between tumor samples and nor-
mal samples. The p-values were adjusted by Benjamini &
Hochberg method (Abbas, Kong, Liu, Jing, & Gao, 2013).
Based on the Ilog fold change (FC)I values and the p-values,
the differentially expressed genes (DEGs; thresholds: Ilog
FCl > 2, adjusted p < .05), differentially expressed miR-
NAs (DEMs; thresholds: llog FCI > 1, adjusted p < .05),
and differentially methylated genes (DMGs; thresholds: llog
FCI > 0.5, adjusted p < .05) were screened.

2.3 | Prognostic model and feature
screening of each omics dataset

For each omics data (including the TF dataset, gene expres-
sion dataset, miRNA-seq dataset, DNA methylation dataset,
and CNV dataset) of the 225 tumor samples, the random for-
est method (Ellis et al., 2014; parameter: n_estimators = 100,
min_samples_leaf = 3, min_samples_split = 3) in Sklearn li-
brary (https://scikit-learn.org/) was used to construct prognostic
model. Parameters were adjusted using the GridSearchCV pack-
age (Pontes, Amorim, Balestrassi, Paiva, & Ferreira, 2016), and
the prognostic model was trained to predict the 5-year survival
rate of the samples. The preprocessing scale method (Tang, Lu,
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Cai, Han, & Wang, 2008) was used to homogenize the sam-
ples, and then randomly divide the samples into training set
and test set with a ratio of 7:3. The threefold cross-validation
(Arlot & Celisse, 2010) in the training set was performed to
train the model, and the parameter class_weight = “balanced”
was added during the training to eliminate the influence of cat-
egory imbalance. Finally, the accuracy and area under the curve
(AUC) were used as the criteria for model evaluation on the test
set. Meanwhile, the random forest model (Ellis et al., 2014) was
used to screen the most relevant features for prognosis.

2.4 | Identification of the omics features
correlated with prognosis

Based on the downloaded clinical data, the prognostic infor-
mation (including OS and OS status) of corresponding pa-
tients were organized. Combined with the omics features (TF
information, differential mRNA/miRNA/methylation sites,
gene CNV, etc) of different omics datasets and the sample
prognosis information, Kaplan—-Meier (KM) survival analy-
sis (Luo, Zhang, Wang, Zhu, & Jia, 2018) was adopted to
divide the patients into high expression group and low ex-
pression group according to the eigen values. Meanwhile,
logrank test (Lin & Ledn, 2017) was used to calculate the
significant p-values, and the omics features related to prog-
nosis were selected. The p < .01 was set as the significant
threshold.

2.5 | Prognostic model of multi-omics data
The 225 tumor samples were randomly classified into train-
ing set and test set with a ratio of 7:3. For the training set, the
multi-omics genetic features correlated with prognosis were
comprehensively considered, and the risk score model based
on random forest (Ellis et al., 2014) was trained.

For each sample in the test set, risk score was calculated
using the trained risk score model. With the median of the
risk scores as the criterion, the samples were divided into
high-risk group and low-risk group. Afterward, KM survival
analysis (Luo et al., 2018) was conducted to check whether
there was statistical difference. In addition, risk score was
used as the standard to predict the 5-year survival rate of the
patients in the test set, and the receiver operating character-
istic (ROC) curve (Peterson, Papes, & Sober6n, 2017) and
AUC value were used for model evaluation.

2.6 | Nomogram model construction

Through corresponding different factors to points and add-
ing the points to get total points, the survival rate can finally
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be obtained. Based on the risk score model and the clinical
phenotypes correlated with prognosis, the nomogram model
(Gotto, Yu, Bernstein, Eastham, & Kattan, 2014) was con-
structed and visualized. To further verify the prediction abil-
ity of the nomogram model, the consistency index (C-index)
of each independent prognostic factor and the combined
model for the Cox Proportional Hazards (Cox PH) model (Sy
& Taylor, 2015) were calculated. In addition, the statistical
analysis was performed by resampling technology (Minaei-
Bidgoli, Parvin, Alinejad-Rokny, Alizadeh, & Punch, 2014),
and the significant p-value were computed.

3 | RESULTS

3.1 | Differential analysis

A total of 20,530 genes, 1,402 miRNAs, and 485,577 meth-
ylation sites were identified respectively from the gene ex-
pression dataset, miRNA-seq dataset, and DNA methylation
dataset. There were 1625 DEGs (1,265 up-regulated genes
and 360 down-regulated genes), 268 DEMs (157 up-regulated
miRNAs and 111 down-regulated miRNAs), and 386 DMGs
(54 hypermethylation genes and 332 hypomethylation genes)
between the tumor and normal samples. The volcano plots
and clustering heatmaps showing the results of differential
analysis are presented in Figure 1.

3.2 | Prognostic model and feature
screening of each omics dataset

For each omics data of the 225 tumor samples, prognostic
model was constructed and trained to obtain the predicted
S-year survival rate of the samples in test set (Figure 2a).
Meanwhile, the more important features in each prognos-
tic model are also shown in Figure 2. The results showed
that the prognostic models based on the TF dataset (AUC
value = 0.731) and the DNA methylation dataset (AUC
value = 0.735) had better efficacies. However, the prognostic
model based on the CNV dataset (AUC value = 0.550) had
the worst efficacy (Table 1).

3.3 | Identification of the omics features
correlated with prognosis

The prognostic information of the corresponding patients of
the 225 tumor samples was extracted. Combined with the
expression values of each omics characteristic in different
samples and the sample prognosis information, KM survival
curves were drew. There were 304 features, including 105
DEGs, 29 DEMs, 159 CNVs, 5 DMGs, and 6 TFs that were
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FIGURE 1 Volcano plots and clustering heatmaps. (a) The volcano plot for the differentially expressed genes (DEGs); (b) The clustering
heatmap for the DEGs; (c) The volcano plot for the differentially expressed miRNAs (DEMs); (d) The clustering heatmap for the DEMs; (e)
The volcano plot for the differentially methylated genes (DMGs); (f) The clustering heatmap for the DMGs. In the volcano plots, red and green

respectively represent up-regulation and down-regulation. The clustering heatmaps were drew based on the top 10 results (up-regulation or down-

regulation) of differential analysis. In clustering heatmaps, red and blue sample strips respectively represent tumor samples and normal samples
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FIGURE 2 Receiver operating characteristic (ROC) curves and the more important features in each prognostic model based on single omics

dataset. (a) The ROC curves showing the 5-year survival rates predicted by the prognostic models base on single omics dataset; (b) The top 20
more important features in the prognostic model based on the gene expression dataset; (c) The top 20 more important features in the prognostic
model based on the miRNA-seq dataset; (d) The top 20 more important features in the prognostic model based on the CNV dataset; (¢) The top 20
more important features in the prognostic model based on the DNA methylation dataset; (f) The top 20 more important features in the prognostic
model based on the TF dataset. The greater the area under the curve value, the better the model effect was. CNV, copy number variation; FPR, false
positive rate; TF, transcription factor; TPR, true positive rate
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significantly correlated with prognosis (Table S1). The gene/
site with the highest prognostic significance in the gene ex-
pression dataset (gamma-aminobutyric acid type A receptor
delta subunit, GABRD), miRNA-seq dataset (miR-1271),
CNV dataset (RN7SK pseudogene 247, RN7SKP247), DNA
methylation dataset {cg09170112 methylation site (located
in splicing factor SWAP [SFSWAP])}, and TF dataset (SIX
homeobox 5, SIX5) are shown in Figure 3.

3.4 | Prognostic model of multi-omics data

The 225 tumor samples were randomly classified into train-
ing set and test set. Combined with the prognosis-correlated
features in multi-omics data, the risk score model in the train-
ing set was trained. Based on the trained risk score model,
the risk score for each sample in the test set was calculated.
The survival curves showed that risk score was significantly
correlated with prognosis and the survival time of patients in
the low-risk group was significantly longer than that in the
high-risk group (p = .012; Figure 4a). The AUC values of the
1-, 3-, and 5-year survival rates predicted by this risk score
model were 0.621, 0.604, and 0.782, respectively (Figure 4b).

TABLE 1

omics dataset

Evaluation of the prognostic models based on each

Dataset Accuracy AUC
Gene 0.721 0.699
miRNA 0.706 0.641
CNV 0.613 0.550
methylation 0.779 0.735
TF 0.801 0.731

Abbreviations: AUC, area under the curve; CNV, copy number variation; TF,
transcription factor.

(b) miRNA: hsa-mir-1271

(¢) CNV: RN7SKP247

Compared with the prognostic model based on single omics
dataset, the AUC value of the prognostic model based on
multi-omics features was significantly higher. Therefore, the
integration of these omics features was effective for the con-
struction of prognostic model.

3.5 | Clinical phenotypes and
survival analysis

The downloaded clinical data of the samples in the TCGA
dataset contained 551 clinical phenotypes, and the survival
time and survival status of these samples were extracted.
In combination with sex, age, histological type, number of
lymph nodes, TNM stage, presence of colon polyps and
prognostic information, a total of 244 valid samples were se-
lected. KM survival curves showed that the number of lymph
nodes (p = .0067), pathologic_M stage (p = .00011), and
pathologic_T stage (p < .0001) were significantly correlated
with the survival time of the patients (Figure 5).

3.6 | Nomogram model construction

In the test set, 63 samples have the clinical phenotype in-
formation including the number of lymph nodes and TNM
stage. Based on the risk scores, the number of lymph nodes,
pathologic_M stage, and pathologic_T stage, a nomogram
model was established (Figure 6). The 1-year survival rate,
3-year survival rate and 5-year survival rate could be predicted
based on the risk score, number of lymph node, pathologic_M
and pathologic_T from the nomogram model. Each fea-
ture (risk score, number of lymph node, pathologic_M and
pathologic_T) corresponded to a single point at the top scale-
plate of “points.” The 1-year survival rate, 3-year survival rate

(d) Met: cg09170112 (e) TF: SIX5
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FIGURE 3 Kaplan-Meier (KM) curves for the gene/site with the highest prognostic significance in each omics dataset. (a) The KM curve

for the gene with the highest prognostic significance in the gene expression dataset; (b) The KM curve for the miRNA with the highest prognostic

significance in the miRNA-seq dataset; (c) The KM curve for the gene with the highest prognostic significance in the copy number variation (CNV)

dataset; (d) The KM curve for the methylation gene with the highest prognostic significance in the DNA methylation dataset; (¢) The KM curve for

the transcription factor (TF) with the highest prognostic significance in the TF dataset. Black and red curves represent low expression group and

high expression group, respectively. HR, hazard ratio
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DISCUSSION

and 5-year survival rate were calculated by the total points 4 |
combining the point of each feature. Moreover the C-index of
each independent prognostic factor and the combined model
for the Cox PH model and the significant p-values were cal-
culated. The results showed that the C-index values of the
combined model (C-index value = 0.9) and riskscore factor

A total of 1625 DEGs (1,265 up-regulated genes and 360
down-regulated genes), 268 DEMs (157 up-regulated miR-
NAs and 111 down-regulated miRNAs), and 386 DMGs (54
hypermethylation genes and 332 hypomethylation genes)

(C-index value = 0.74) were higher, and thus their fitting
degrees for Cox PH model were relatively high. Among the
clinical factors, pathologic M (p = .009) and pathologic_T
(p = .0447) had significant test results (Table 2).

were identified between the tumor and normal samples. Five
methylation sites in the DNA methylation dataset (such as
cg09170112 methylation site [located in SFSWAP]), six
TFs in the TF dataset (such as SIX5), 105 genes in the gene
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TABLE 2 Fitting degrees of each independent prognostic factor
and the combined model for Cox Proportional Hazards model

Factor C-index p-Value
Combined model 0.9 0
risk_score 0.74 .00425
lymph_node 0.527 197
pathologic_M 0.7 .009
pathologic_T 0.686 .0447

expression dataset (such as GABRD), 29 miRNAs in the
miRNA-seq dataset (such as miR-1271), and 159 genes in the
CNV dataset (such as RN7SKP247) were significantly cor-
related with prognosis. Compared with the prognostic model
based on single omics dataset, the prognostic model based on
multi-omics features was more effective. After the number
of lymph nodes, pathologic_M stage, and pathologic_T stage
were selected as the clinical phenotypes correlated with prog-
nosis, the nomogram model was established.

GABRD is strongly up-regulated and most other GABA
receptors are down-regulated in cancerous cells, and the al-
teration of GABA receptors may have an influence on the
differentiation of tumor cells (Gross, Kreisberg, & Ideker,
2015). GABRD is a stage-1V specific gene and is continu-
ously up-regulated across different tumor stages, which may
be a diagnostic and therapeutic target for hepatocellular car-
cinoma (Sarathi & Palaniappan, 2019). MiR-1271 suppresses
cell proliferation and cell invasion and causes cell cycle ar-
rest in CRC cells through negatively mediating metadherin
(MTDH), and thus miR-1271 may serve as a potential thera-
peutic target for the tumor (Li et al., 2018; Sun, Zhai, Chen,
Kong, & Zhang, 2018). Five IncRNAs, eight miRNAs (in-
cluding miR-1271), and five mRNAs are found to be potential

prognostic markers, based on which three prognostic models
are built for CC (Huang & Pan, 2019). Therefore, GABRD
and miR-1271 might be implicated in the prognosis of CC
patients.

The co-occurrence of IQ motif containing GTPase acti-
vating protein 2 (/QGAP2) genomic alterations and the dele-
tion in small nucleolar RNA, H/ACA box 50A (SNORA50A),
SNORAS50C, and RNA component of 7SK nuclear ribonucle-
oprotein (RN7SK) genes is correlated with the reductions in
disease-free survival, therefore, IOQGAP2 plays a role in the
progression of prostate cancer (Xie, Zheng, & Tao, 2019).
RN7SK paralogs promotes the activation of RNA polymerase
IT and pre-mRNA processing via negatively regulating pos-
itive transcription elongation factor b, which is correlated
with the development and prognosis of renal cell carcinoma
(Zhang et al., 2011). As a putative splicing factor, SFSWAP
can exert specific influences on inner ear development and
Notch pathway members (Yalda et al., 2014). Notch sig-
naling is related to the activation of macrophages and the
functions of relevant effector, which may be applied for the
immune intervention in treating tumors (Palaga, Wongchana,
& Kueanjinda, 2018). Through maintaining the balance be-
tween cell proliferation and cell apoptosis, Notch signaling is
involved in tumor immunity and multidrug resistance and can
be used for improving tumor treatment (Majidinia, Alizadeh,
Yousefi, Akbarzadeh, & Zarghami, 2016). These suggested
that RN7SKP247 and SFSWAP might also be correlated with
the survival of CC patients.

Dysregulation of Dach, Eya, and Six genes occurs in
multiple tumors, indicating that targeting these genes may
be effective for inhibiting tumor growth and progression
(Christensen, Patrick, McCoy, & Ford, 2008). SIXI, SIX2,
SIX3, SIX4,SIX5, and SIX6 all belong to the sineoculis ho-
meobox homolog (SIX) family, which play distinct roles in
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the progression and prognosis of breast cancer (Xu et al.,
2016). SIXS5 functions in promoting epithelial differentiation
in female reproductive tract, and may be a biomarker of epi-
thelial differentiation in borderline epithelial ovarian tumors
(Winchester, Robertson, MacLeod, Johnson, & Thomas,
2000). Thus, SIX5 might play a role in the prognosis of CC
patients.

In conclusion, 1625 DEGs, 268 DEMs, and 386 DMGs
were selected for the tumor and normal samples. Besides,
the prognostic model based on multi-omics features and the
nomogram model might be applied for the prognostic pre-
diction of CC patients. However, proper experiments still
needed to be designed and implemented to confirm these
results.
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