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Introduction: Colorectal cancer (CRC) is one of the most prevalent cancers
globally with a high mortality rate. Predicting prognosis using disease
progression and cancer pathologic stage is insufficient, and a prognostic
factor that can accurately evaluate patient prognosis needs to be developed.
In this study, we aimed to infer a prognostic gene signature to identify a
functional signature associated with the prognosis of CRC patients.

Methods: First, we used univariate Cox regression, least absolute shrinkage and
selection operator (lasso) regression, and multivariate Cox regression analyses
to screen genes significantly associated with CRC patient prognosis, from
colorectal cancer RNA sequencing data in The Cancer Genome Atlas (TCGA)
database. We then calculated the risk score (RS) for each patient based on the
expression of the nine candidate genes and developed a prognostic signature.

Results: Based on the optimal cut-off on the receiver operating characteristic
(ROC) curve, patients were separated into high- and low-risk groups, and the
difference in overall survival between the two groups was examined. Patients in
the low-risk group had a better overall survival rate than those in the high-risk
group. The results were validated using the GSE72970, GSE39582, and
GSE17536 Gene Expression Omnibus (GEO) datasets, and the same
conclusions were reached. ROC curve test of the RS signature also indicated
that it had excellent accuracy. The RS signature was then compared with
traditional clinical factors as a prognostic indicator, and we discovered that the
RS signature had superior predictive ability.

Conclusion: The RS signature developed in this study has excellent predictive
power for the prognosis of patients with CRC and broad applicability as a

prognostic indicator for patients.
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Introduction

Colorectal cancer (CRC) is one of the most prevalent cancers
globally, with a high mortality rate. CRC accounts for up to 10% of
all new cancers and cancer-related deaths worldwide (1). The
prognosis of CRC patients is currently determined by disease
progression and tumor-node-metastasis (TNM) staging upon
diagnosis (2). However, making predictions based solely on
conventional prognostic factors is insufficient to fulfill the clinical
demands (3).

Dysregulation of gene expression is a typical feature of cancer
(4). Furthermore, RNAs, including protein-coding RNAs
(mRNAs), long non-coding RNAs (IncRNAs), and microRNAs
(miRNAs), play a crucial role in gene expression. This suggests that
RNAs that regulate certain key cancer genes may play a role in
cancer development (5). Several studies have demonstrated a
relationship between aberrant RNA expression and prognosis of
cancer patients. For example, high expression of gene amplified in
esophageal cancer 1 (GAECI) mRNA affects the clinical
characteristics of CRC patients (6). The IncRNA FAM83H-ASI
has been associated with the progression of several cancers and can
be utilized as a biomarker for cancer diagnosis and prognosis (7).
Multiple genes are related to the prognosis of various types of
cancer, and the identification of these prognosis-related genes
would provide a relatively accurate prediction of the prognostic
outcome of cancer patients (8). Previous studies have shown that
risk score (RS) signatures with multiple prognosis-related genes
effectively predict patient prognosis in cancers such as liver and lung
cancer (9-11). Although previous studies have developed RS
signatures for the prognosis of CRC patients, these studies have
mainly focused on one type of RNA (12-14). Therefore, no
restrictions were placed on the type of RNA used in this study to
ensure the accuracy of prognosis prediction by the RS signature.

In this study, nine differentially expressed genes (DEGs)
associated with the prognosis of CRC patients were analyzed,
with data from The Cancer Genome Atlas (TCGA) database and
used to develop a risk score for each patient and construct a RS
signature. The results demonstrated that the 9-DEGs RS signature
developed in this study could effectively predict the prognosis of
CRC patients with greater predictive power than traditional clinical
variables when validated using the Gene Expression Omnibus
(GEO) database.

Materials and methods

Data source and clinical
information download

RNA sequencing (RNA-Seq) expression data of 414 colorectal
cancer samples were downloaded from TCGA (https://gdc-portal.
ncinih.gov/) database, which included 375 tumor samples and 39
normal tissue samples. Subsequently, the clinical information
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corresponding to the 414 samples was obtained. From this
dataset, TCGA validation dataset of tumor samples (n = 89) was
chosen at random, and the remaining tumor samples (n = 286) and
39 normal tissue samples were used as the training dataset in
subsequent analysis. To verify the randomness of the selection
process, the Wilcoxon rank-sum test and chi-square test were used
to determine whether the distribution of the clinical indicators,
including age, sex, tumor (T), node (N), metastasis (M), and TNM
stage, differed between the TCGA validation and training datasets.

In addition, GSE72970, GSE39582, and GSE17536 RNA-Seq
expression datasets (n = 124, n = 579, and n = 117, respectively) and
the corresponding clinical information from the GEO (http://www.
ncbinlm.nih.gov/geo/) database were downloaded and considered
as three independent validation datasets. It is worth noting that 70%
(87/124) of the patients in the GSE72970 dataset were stage III or IV
cancer patients, as opposed to TCGA dataset.

Identification and screening of
differentially expressed genes (DEGs)

Differentially expressed genes between tumor and normal tissue
samples from the training dataset were identified using DESeq2
package (version 1.34.0) (15). The p-values were adjusted using
FDR method in our study. The genes that met the filtering criterion
of |log 2FC| >1 and adjusted p< 0.05 were classified as DEGs. The
Pheatmap (16) package (version 1.0.12) and the ggplot2 (17)
package (version 3.3.5) were used to create a heatmap and
volcano map, respectively, to show the identified DEGs. All data
processing and analyses were performed using R version 4.1.2.

Functional and pathway
enrichment analysis

The gene ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) analysis were performed using the clusterProfiler
(18) package (version 4.2.2) and the org.Hs.eg.db (19) package
(version 3.14.0). GO and KEGG terms and pathways with adjusted
Pp< 0.05 were considered significant. Gene Set Enrichment Analysis
(GSEA) was performed using the same packages.

Prognostic RS signature construction

First, the survival (20) package (version 2.41.1) was used to
perform a univariate Cox regression analysis on the screened DEGs;
genes with adjusted p< 0.05 were considered highly associated with
prognostic outcomes in CRC patients and were retained.
Subsequently, least absolute shrinkage and selection operator
(Lasso) regression analysis was performed to further screen
important genes using the glmnet (21) package (version 4.1.3).
Then, a multivariate Cox regression analysis was performed to
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evaluate the independence of the screened genes, and the rms (22)
package (version 6.2.0) was used to detect collinear genes and filter
them out (variance inflation factor (VIF) > 2) (23). The remaining
genes were considered candidate genes for the prognostic
RS signature.

The risk score for each patient was calculated according to
the following formula:

Risk score (RS) = %(Coef(i) * Exp (i))
par)

Where N represents the number of candidate genes, Coef
represents the coefficient value of candidate genes in the
multivariate Cox regression analysis, and Exp represents the
expression level of candidate genes. After the risk score for each
patient was calculated, the survminer (24) package (version 0.4.9)
was used to determine the optimal cut-off value based on the risk
score and patient prognosis. The patients in the training dataset
were separated into two categories based on this cut-off value: high
risk and low risk. TCGA validation dataset and three GEO
validation datasets also used the above method to calculate the
risk scores and were divided into high- and low-risk groups based
on the cut-off value.

Protein expression analysis of
candidate genes

The Human Protein Atlas (HPA) is a database of
immunohistochemistry (IHC)-based protein expression
profiles of different cancers, normal tissues and cell lines. To
analyze the protein expression of candidate genes, we obtained
IHC staining images of candidate genes in tumor and normal
tissues from the HPA database (https://www.proteinatlas.org/).

Functional and pathway enrichment
analysis for RS-related DEGs

Next, we performed functional and pathway enrichment
analysis for RS-related DEGs using the aforementioned method,
and GO and KEGG terms and pathways with adjusted p< 0.05
were considered significant.

Validation of the RS signature

Survival analysis was performed on the high- and low-risk
groups of all datasets using the survival (25) (version 3.3.1) and
survminer packages, with death as the event; the time interval from
the detection of the tumor to the occurrence of the event or last
follow-up date was considered as survival time. The difference in
survival between the high- and low-risk groups was demonstrated
using a Kaplan-Meier (KM) survival curve. Furthermore, we used
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the receiver operating characteristic (ROC) curve to assess the
overall predictive accuracy of the RS signature in the training
dataset and the area under the ROC curve (AUC) was considered
an indicator of the predictive performance of the RS signature for
patient prognostic outcomes, using the survivalROC (26) package
(version 1.0.3). The disease-free survival (DFS) of patients in the
training dataset was also analyzed using the same method to
examine the difference in prognostic outcomes between the high-
and low-risk groups. To explore the predictive ability of RS
signature in patients with colon and rectal cancer, we further
selected patients with colon and rectal adenocarcinoma from the
TCGA dataset and analyzed the performance of RS signature in
predicting the prognosis of patients using KM and ROC curves.
Subsequently, using univariate and multivariate Cox regression
analyses with the training dataset, the risk score was identified as
an influential factor in a patient’s prognosis compared to the
patient’s age, sex, and tumor pathological stage. To better evaluate
the value of RS in clinical decision making, decision curve analysis
(DCA) was performed using ggDCA (27) package (version 1.2) and
the area under decision curves (AUDC) was used to characterize the
value of RS and other clinical indicators, including age, sex, T, N, M,
and TNM stage.

To investigate the differences between the high- and low-risk
groups at the gene expression level, we identified differentially
expressed genes between those two groups using the
abovementioned approach and plotted the results into volcano
plot and heatmap. We then performed functional and pathway
enrichment analyses of the RS-related DEGs. Subsequently,
CIBERSORT (28) algorithm and LM22 immune cell reference
gene expression matrix were used to investigate differences in
immune infiltration between the high- and low-risk groups.
Next, we examined 32 key immune checkpoints (Supplementary
Table 1) in the training dataset to examine differences in the
expression of immune checkpoints between the two groups, as
well as immune escape.

Drug sensitivity

The Genomics of Drug Sensitivity in Cancer (GDSC)
database and the oncoPredict (29) package (version 0.2) were
used to calculate the half maximal inhibitory concentration

(IC50) to derive the difference in drug sensitivity between high
and low risk groups of patients.

Results

DEGs in TCGA training dataset

The flow chart of the overall analysis is shown in Figure 1. From
the training dataset, 5286 DEGs were identified in 286 tumor
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FIGURE 1
The workflow of this study.

samples and 39 normal tissue samples (detailed in Supplementary
Table 2). The expression of DEGs is shown in a volcano plot
(Figure 2A). The expression heatmap of the DEGs showed
significant differences in gene expression levels between tumor
and normal tissue samples (Supplementary Figure 1). The results
of the functional and pathway enrichment analyses are shown in
Figures 2B-E. In total, 74 significantly enriched KEGG pathways
were detected, and 1838 GO terms (adjusted p< 0.05), including 151
cellular component (CC) terms, 220 molecular function (MF)
terms, and 1467 biological process (BP) terms were identified as
significantly enriched. Neuroactive ligand-receptor interaction was
the most significant pathway in the KEGG analysis. Collagen-
containing extracellular matrix, receptor-ligand activity, and
muscle contraction were the most important phrases for cellular
component, molecular function, and biological processes,
respectively. GSEA resulted in 19 significant pathways, with 14 in
the low expression genes (Supplementary Figure 2A) and 5 in the
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high expression group (Supplementary Figure 2B). The results of
Wilcoxon rank-sum test and chi-square test (Supplementary
Table 3) indicated that there was no statistical difference in the
distribution of clinical indicators in the TCGA validation and
training datasets, demonstrating the randomness of selecting
tumor samples to form the TCGA validation dataset.

Evaluation of the association
between DEGs and overall survival
(OS) of CRC patients

All the 5286 DEGs (Supplementary Table 2)were subjected
to univariate Cox regression analysis, among which 608 DEGs
passed the threshold (adjusted p< 0.05) and advanced to the next
step of Lasso regression analysis (Supplementary Figure 3),
where nine DEGs were selected for further screening using
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multivariate Cox regression analysis. The final 9-DEGs qualified
by the collinearity test (Supplementary Figure 4) were selected
and constructed as the RS signature. The results of univariate
and multivariate Cox regression analyses for the 9-DEGs are
displayed in Table 1.

The risk score was calculated using the abovementioned
formula for each patient in TCGA training dataset (RS =
(-0.543873) * Expcpra + (-0.138679) * Expppargcia +
(0.175724) * Exprpxs + (0.128094) * Exppanxz + (0.302522) *
EXprocssesza + (0.11394) * Expgprise + (0.233869) * EXppprias +
(0.172185) * Exprrps + (0.42619) * Exppprip). The optimal cut-
off value (cut-off = 4.253) was obtained using the survminer
package, which was subsequently used to classify patients in
TCGA training dataset into high risk and low risk groups, with
grouping details and survival status distribution shown in
Figures 3A, B; the mortality of the patients who had events
was classified in the high-risk group. From the expression levels
of the 9-DEGs in the TCGA training dataset (Figure 3C), it was
observed that PPARG Coactivator 1 Alpha (PPARGCIA) and
carnitine palmitoyltransferase 2 (CPT2) had higher expression
levels in the low-risk group, whereas the remaining seven genes
had higher expression levels in the high-risk group. The same
method was also used to calculate the risk scores for TCGA and
three GEO validation datasets, which were categorized into high
and low-risk groups. The HPA database was used to examine the
protein expression of the candidate genes, and IHC staining
images of G protein-coupled receptor 156 (GPR156) and
pannexin 2 (PANX2) were obtained (Figure 3D). GPR156 and
PANX2 protein levels were increased in tumor tissues, consistent
with their mRNA levels.

RS signature evaluation

Figure 4 shows the overall survival and disease-free survival
of the patients in the training dataset. The overall survival of the
low risk group was significantly better than that of the high risk

TABLE 1 Univariate and Multivariate Cox analysis results.

Univariate Cox analysis

10.3389/fonc.2022.1009698

group in the training dataset (p< 0.0001, Figure 4A), while the 3-
year AUC was 0.75 in the ROC curve plot (Figure 4B), indicating
that the RS signature has excellent predictive accuracy in the
TCGA training dataset. In Figure 4C, patients in the training
dataset classified by the RS signature into the high risk group had
a significantly lower probability of being disease-free than those
classified into the low risk group (p< 0.0001), and with high
accuracy (3-year AUC = 0.69, Figure 4D). Similarly, the RS
signature demonstrated good validation results in the TCGA
validation and three GEO independent validation datasets. In all
validation datasets, patients in the high-risk group exhibited
significantly poorer overall survival compared to those in the
low-risk group (p = 0.029, p = 0.035, p = 0.006, and p = 0.018,
Figures 5A-D), which were optimistic predictions of overall
patient survival. Furthermore, stage III and IV cancer
individuals made up a significant bulk of the GSE72970
validation dataset. As seen in Figure 5B, 88% of these patients
(n = 109) were categorized into the high-risk group, showing
that the RS signature is equally effective at predicting the
prognosis of patients with advanced CRC in this study. As
shown in Supplementary Figure 5, in patients with colon
adenocarcinoma (n = 241), the RS signature was a good
predictor of the patients’ survival (p = 0.011). While in
patients with rectal adenocarcinoma (n = 87), the performance
of the RS signature was not as good as it had shown before (p =
0.120), but there was still a trend to differentiate the survival of
patients between high and low risk groups.

Independence of the RS signature for
prognostic prediction and the prognostic
value of the 9-DEGs

To investigate the ability of RS signature to predict the
prognosis of CRC patients compared to other prognostic
factors, we performed univariate and multivariate Cox
regression analyses with TCGA training dataset, using RS as

Multivariate Cox analysis

gene coef exp (coef)  se (coef) z Pr (>[z|) coef exp (coef)  se (coef) z Pr (>[z|)
CPT2 -0.95363 0.38534 0.000031 0.000031 0.000033 -0.54387 0.580496 0.248541 -2.18826 0028651

PPARGCIA  -0.23485 0.790691 0.000163 0.000163 0.000397 -0.13868 0.870508 0.07325 -1.89322 0.058329
LBX2 0.444483 1.559683 0.000325 0.000325 0.000525 0.175724 1.192109 0.146462 1.19979 0.230221
PANX2 0321049 1.378573 0.000067 0.000067 0.000126 0.128094 1.13666 0.094177 1.360145 0.173784
LOC339674 0413144 1.511562 0.000306 0.000306 0.000423 0.302522 1.353267 0.119869 2523761 0.011611
GPRI56 0.562897 1.755751 0.000104 0.000104 0.000273 0.11394 1.120685 0.155988 0.730443 0.46512

PPFIA4 0.364203 1.439367 0.000096 0.000096 0.000105 0.233869 1.26348 0.104617 223548 0.025386
LRP2 0337768 1.401815 0.000121 0.000121 0.000579 0.172185 1.187898 0.088653 1.942244 0.052108
MBLIP 0.636906 1.890622 0.000011 0.000011 0.00002 0.42619 1.531412 0.153068 2784326 0.005364
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(A) Distribution of risk scores, (B) patient survival status, and (C) heat map expression differences of 9-DEGs in TCGA training dataset. The
horizontal coordinates are patient IDs ranked by risk score from smallest to largest. The vertical coordinates are risk score, survival time (days),
and nine candidate genes, (D) Expression of GPR156 and PANX2 in tumor and normal tissues. Based on an analysis of immunohistochemically
staining data from the Human Protein Atlas database, the expression of GPR156 and PANX2 in tumor was compared with that in normal tissues.

one of the factors, along with the patient’s age, sex, and cancer
pathologic stage. In the univariate Cox regression analysis, we
found that both the RS signature and cancer stage were
significantly correlated with the prognosis of CRC patients (p<
0.001, Figure 6A). Subsequently, the RS signature and cancer
stage were evaluated for independence (shown in Figure 6B),
which indicated that the RS signature (p< 0.001) is an
independent prognostic indicator having a more significant
correlation with the prognosis of CRC patients than cancer
stage (p = 0.003). In DCA (Supplementary Figure 6), the AUDC
of RS reached 0.023 at 3 years, which was much higher than
other clinical indicators (age: 0.002, T: 0.010, N: 0.007, M: 0.010,
and TNM stage: 0.006), indicating the high value of RS signature
in clinical decision making.

Frontiers in Oncology

RS-related DEGs and functional and
pathway enrichment analysis

We identified 853 RS-related DEGs (Supplementary Table 4)
between the high- and low-risk groups in TCGA training dataset to
investigate the differences in gene expression levels between the two
groups. As seen in Supplementary Figures 7A, B, the majority (n =
798) of the DEGs were down regulated genes, with significant
differences in the expression levels between the two groups. There
were 18 significant pathways in the KEGG analysis (adjusted p<
0.05), with neuroactive ligand-receptor interactions being the most
significant (Supplementary Figure 7C). In the GO analysis, 489
terms (adjusted p< 0.05) were obtained for CC, MF, and BP (100,
54, and 335 terms, respectively). GO analysis results
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(Supplementary Figures 7D-F) revealed that the 9-DEGs were
mainly enriched in regulating membrane potential, synaptic
membrane, and passive transmembrane transporter activity. In
terms of immune infiltration, we discovered a substantial
difference between the following two categories of immune cells
in the high- and low-risk groups: naive B cells and resting dendritic
cells (Figure 7A). There were significant differences in expression
between the high- and low-risk groups for 24 of the 32 major
immune checkpoints (Figure 7B). These include immune
checkpoints involved in the immune function of T cells and
immune escape mechanisms such as cytotoxic T-lymphocyte
associated protein 4 (CTLA4), lymphocyte activation gene 3
(LAG3), T cell immunoreceptor with Ig and ITIM domains
(TIGIT), and CD27.

Drug sensitivity

There were two colorectal cancer anticancer drugs with
significant differences in IC50 between high and low risk
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groups in TCGA dataset, PLX.4720_1036 and Trametinib_1372.
As shown in Figure 8, patients in the low-risk group had a
significantly higher IC50 for PLX.4720_1036 (Figure 8A) than
those in the high-risk group, while Trametinib_ 1372 (Figure 8B)
showed the opposite result.

Discussion

Currently, diagnostic methods for CRC are inadequate,
resulting in most patients being diagnosed at advanced stages
of CRC. Surgical and other treatments are no longer curative,
and tumors develop resistance to chemotherapy, worsening the
prognosis of CRC patients (30). Colorectal cancer development
and advancement are complex biological processes involving
several genetic levels and alterations, and several factors
influence the rate of disease progression. According to
previous research, most cancers are heterogeneous, primarily
in pathological type, biological function, and gene alterations,
necessitating a tailored therapy for every patient with CRC (31).
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As a result, classifying patients based on their prognostic risk
and implementing distinct individualized treatment strategies
for patients with varying risk levels can significantly improve
prognosis and prevent tumor recurrence. Therefore, it is crucial
to find a reliable method for predicting the prognosis of CRC
patients, to accurately assess the effect of treatment promptly
and guide further treatment. Developing a risk prediction RS
signature is essential for estimating prognosis. This study had
two primary goals: the first goal was to construct an RS signature
composed of multiple genes in combination to effectively predict
the prognosis of CRC patients, because individual biomarkers
are not generalizable; and second, was to validate the RS
signature using an independent dataset.

Overall, in this study, we screened nine genes that were
highly correlated with the prognosis of CRC patients and
developed the RS signature, which was validated using
multiple independent datasets. The results showed that the RS
signature had a strong ability to predict the prognosis of CRC
patients. Patients classified as high-risk by the RS signature in all
of these datasets had a worse prognosis than those at low-risk.
The RS signature can be used as a prognostic indicator for
CRC patients.

To establish a credible RS signature, top-down filtering of
prognostically significant genes in CRC patients is essential.
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Using differentially expressed gene analysis, univariate Cox
regression analysis, Lasso regression, and multivariate Cox
regression analysis, nine characteristic genes that were highly
correlated with the prognosis of CRC patients, namely carnitine
palmitoyltransferase 2 (CPT2), PPARG Coactivator 1 Alpha
(PPARGCIA), Ladybird Homeobox 2 (LBX2), pannexin 2
(PANX2), LOC339674, G protein-coupled receptor 156
(GPR156), PTPRF interacting protein alpha 4 (PPFIA4), LDL
receptor related protein 2 (LRP2), and mannose binding lectin 1,
pseudogene (MBLIP), were identified for developing the RS
signature. Several genes in the RS signature have been shown to
be associated with cancers. CPT2 influences tumor development
in various cancer, and its low expression correlates with poor
prognosis and a worse overall survival rate in patients with CRC
(32). PPARGCIA is responsible for regulating several metabolic
pathways necessary for tumor cells to respond to
microenvironmental changes, thus promoting tumor growth
(33-36). LBX2 is upregulated in CRC patients, and its
overexpression promotes tumor growth (37). PANX2 is
associated with the pathogenesis of prostate cancer and low-
grade gliomas in the brain and can affect patient prognosis (38,
39). Overexpression of PPFIA4 promotes tumor progression and
reduces the overall survival of patients with CRC (40). These
findings suggest that the RS signature developed in this study is
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Forest plot of (A) univariate and (B) multivariate Cox regression analysis of the RS signature compared with traditional clinical factors for its

ability to predict the prognosis of CRC patients

strongly associated with tumor progression, and that multiple
genes in the RS signature have a large impact on the prognosis of
CRC patients.

The RS signature must have a higher predictive power than
traditional clinical factors to be of clinical value. The
pathological stage of cancer is currently the main criterion for
predicting overall survival in patients with CRC (41). At the
same time, some studies have confirmed that factors such as age
also affect CRC patients (42, 43). In the subsequent overall
validation, univariate Cox regression analysis (Figure 6A)
revealed that only the cancer stage and RS signature were
highly correlated with the prognosis of CRC patients (p<
0.01). Multivariate Cox regression analysis (Figure 6B)
revealed that the RS signature was independent of other
clinicopathological factors and had a higher predictive value
for the prognosis of CRC patients. The applicability of the RS
signature to a large CRC population is another aspect of its
clinical value. Three datasets from the GEO database were used
to evaluate the general application of this RS signature. In all the
three independent validation datasets, the RS signature
demonstrated good predictive power for the prognosis of CRC
patients; patients classified as high-risk showed significantly
lower overall survival compared to low-risk patients in all
three datasets (p = 0.035, p = 0.006, and p = 0.018,
Figures 5B-D). The majority of patients in the GEO
GSE72970 dataset had stage III or IV cancer (n = 87),
resulting in poor prognosis. After grouping by RS signature,
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the majority of patients were assigned to the high-risk group (n =
109), with the prognosis of the high-risk group being
significantly different from that of the low risk-group
(Figure 5B). These results demonstrate that the RS signature
developed herein, has not just excellent predictive power for the
prognosis of CRC patients but is also applicable to a wide range
of CRC populations.

To explore the performance of RS signature in different
subtypes of patients, we also selected colon and rectal
adenocarcinoma patients from TCGA dataset. In patients with
rectal adenocarcinoma (n = 87), the performance of the RS
signature was not as good as it had shown before (p = 0.120), but
there was still a trend to differentiate the survival of patients
between high and low risk groups. We considered that the
performance of the RS signature in rectal adenocarcinoma
patients might be limited by the sample size.

In a recent study, Li and colleges tried to establish a
prognostic signature basing on eight genes associated with
RNA binding protein using data from TCGA database (44).
Since the AUC at 1, 3, and 5 years only reached 0.685, 0.687, and
0.708, respectively, their RS signature did not perform pretty well
when predicting the OS of patients. Meanwhile, their signature
also did not show better predictive power than traditional
clinical indicators. In another study, Liu and colleges construct
of an autophagy prognostic model with 13 genes (45). As AUC
only reached 0.663 and it had even worse predictive power
whether than T, N, M, or TNM stage, their RS signature did not
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FIGURE 7

Check Points

Comparison of the abundance of infiltrating immune cells between high- and low-risk groups (A). The horizontal coordinate is infiltrating
immune cells and the vertical coordinate is the estimated proportion. Differences in the expression of 32 immune checkpoints between the
high- and low-risk groups (B). The horizontal axis has the 32 immune checkpoints, and the vertical axis indicates the level of expression for
each checkpoint. *p< 0.05, **p< 0.01, ***p< 0.001, ****p< 0.0001, ns: not significant

show enough contribution to make convincing predictions on
the prognosis of CRC patients. Another prognostic model basing
on six metabolism-related genes had a little better performance
(46). It had max AUC reached 0.740 at 5 years, however, the
performance of their model still did not pull away from the
traditional TNM stage. Compared with these previous studies,
our RS signature showed a better AUC (max AUC reached
0.750) and possessed greater predictive power than traditional
clinical indicators whether in the multivariate Cox regression
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analysis or DCA. These results revealed its predictive value and
application prospects.

KEGG analysis (Figure 2B) showed that the cyclic adenosine
monophosphate (cAMP) signaling pathway was one of the
significant enrichment pathways for the 9-DEGs. All cell
proliferation and immunological functions are regulated by
this pathway, and its dysfunction or alteration can lead to
cancer (47-49). Many of the significant pathways identified in
GO analysis were also associated with cancer (Figures 2C-E).
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Disturbances in calcium ion homeostasis lead to apoptosis (50).
Lipid raft ion channel complexes increase the migration of colon
cancer cells (51). Gated channel activity was found to affect the
risk of lung cancer in genome-wide association studies (52). One
of the pathways enriched by GSEA, the Wnt signaling pathway,
was shown to be a driver of CRC (53), Its misregulation has been
reported in many cancers (54).

According to the findings of the previous analysis, there was
a substantial difference in overall survival between the high- and
low-risk groups into which the patients were classified based on
the RS signature. We analyzed the differentially expressed genes
in TCGA training dataset between the high- and low-risk groups
to investigate the reasons for this difference. The majority of RS-
related DEGs were downregulated, as shown in Supplementary
Figures 7A, B. A previous study (55) examined the transition of
normal cells into cancer cells and cancer cell metastasis, and
found that the majority of differentially expressed genes (80%)
were down regulated. This result supports the prediction ability
of the RS signature and suggests that CRC deterioration, which
leads to poor patient prognosis, is mostly due to gene turn-off
rather than the expression of new genes. The results of the
functional and pathway enrichment analysis (Supplementary
Figures 7C-F) showed that the differentially expressed genes
between the high- and low-risk groups were mainly enriched in
the calcium signaling pathway, channel activity, synaptic
membrane, and regulation of membrane potential. These
pathways are associated with apoptosis and cytotoxic
immunity (50, 56, 57).

There are multiple types of immune cell infiltration in the
tumor microenvironment, and multiple mechanisms suppress
immune surveillance. Several suppressive immune receptors/
ligands have been identified, and these molecules, which act as
gatekeepers for the immune response, are known as immune
checkpoints (58, 59). In our analysis, we found significant
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differences in the expression of 24 immune checkpoints
between the high- and low-risk groups (Figure 7B). The
interaction of CD28, as a T cell surface molecule, with CD80
and CD86 (B7 family) generates a co-stimulatory signal that is
critical for T cell clonal expansion and affects its effector
functions (60). CTLA4 is an inhibitory receptor that
downregulates the initial phase of T cell activation (61) and is
expressed primarily in activated and regulatory T cells. CTLA4 is
homologous to the T cell surface molecule CD28 and competes
with it for binding to the B7 ligand. CTLA4 produces a signal
different from that of CD28, and binds to the B7 ligand to inhibit
T cells. T cell-mediated immunity is regulated by co-stimulatory
and co-inhibitory signals mediated by CD28 and CTLA4 (62).
Tumor cell co-stimulatory or co-repressor signaling, involving
genes such as CD28, CD80, CD86 and CTLA4, plays a critical
role in regulating cell proliferation, differentiation and cytokine
secretion (63). Most B7 family genes are involved in the
regulation of tumorigenesis and progression, and abnormal
expression of these immune checkpoints fails to effectively
induce an anti-tumor immune response, thus evading immune
surveillance and playing a critical role in tumor invasion,
metastasis, and prognosis (64).. As shown in Figure 7B, the
expression of these key regulatory genes was significantly higher
in patients classified into the high-risk group using the RS
signature, further demonstrating the high performance of RS
signature in risk-based grouping of CRC patients in this study.

While mining the GDSC database data. The sensitivity to
different drugs was found to be different between high and low
risk groups. In Figure 8, patients in the high-risk group of TCGA
had significantly lower resistance to the drug with PLX.4720_1036
(Figure 8A), while patients in the low-risk group had significantly
lower resistance to Trametinib_ 1372 (Figure 8B). This point also
illustrates that the RS signature can not only predict the prognosis
of CRC patients, but also make judgments about the sensitivity of
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patients to different drugs, drug resistance, and counsel patients
on treatment and diagnosis.

Rather than focusing on a specific type of RNA, we focused
on genes that were substantially related to patient prognosis. The
findings of this study have significant clinical implications and
are predicted to be new indicators for assessing the prognosis of
CRC patients. They also provide an important research avenue
for experimental investigation of CRC, which is expected to lead
to new targets for CRC diagnosis and therapy. Despite our
attentive and thorough examination in this study, some issues
remain. First, only nine genes were utilized in the creation of the
RS signature, resulting in the exclusion of specific important
genes, thereby lowering its performance. Second, because the
development of CRC is a complicated process involving various
components and pathways (3), the use of RNA to build an RS
signature to estimate CRC prognosis would produce
unsatisfactory results. Third, functional experiments are
required to uncover the roles of signature-associated genes and
molecular processes in the regulation of CRC progression.

One of the limitations of this study is the cut-off value, which
is critical because different cut-offs can lead to patients being
assigned to different risk groups. However, there is no accepted
gold standard for the cut-off value so far. And the RS signature
needs to be validated in a larger sample size cohort and
biological experiments can be performed to ensure the clinical
use of the RS model.
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