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Background: The development of a prognostic model for patients with colorectal cancer (CRC) can 
facilitate the assessment of patient survival and the effectiveness of clinical treatments. A reasonable 
prognostic model can provide a basis for individualized treatment, prognostic risk stratification, and 
subsequent therapy for CRC patients. The aim of our study was to construct a prognostic model for patients 
with CRC using sequencing data derived from The Cancer Genome Atlas (TCGA) database.
Methods: Sequencing data of paracancerous tissues (n=51) and CRC samples (n=647) were downloaded 
from the TCGA database. Least absolute shrinkage and selection operator (LASSO) and Cox regression 
analyses were employed to identify prognostic factors. A restricted cubic spline (RCS) model was used to 
assess the nonlinear relationship between risk score and poor overall survival (OS). The Genomics of Drug 
Sensitivity in Cancer (GDSC) database was accessed to evaluate the correlation between the prognostic 
model’s risk score and drug sensitivity. The single-sample gene set enrichment analysis (ssGSEA), estimate, 
and CIBERSORT algorithms were applied to quantify the association between prognostic genes and 
immune cell infiltration in CRC. 
Results: Our findings revealed that six genes, including Niemann-Pick C1-like 1 (NPC1L1) [hazard ratio 
(HR) =1.53; 95% confidence interval (CI): 1.08–2.17; P=0.02], glucagon-like peptide 2 receptor (GLP2R) 
(HR =0.68; 95% CI: 0.48–0.97; P=0.04), solute carrier family 8 member A3 (SLC8A3) (HR =0.67; 95% 
CI: 0.47–0.96; P=0.03), alpha-1-microglobulin/bikunin precursor (AMBP) (HR =0.64; 95% CI: 0.45–0.91; 
P=0.01), single-pass membrane protein with coiled-coil domains 2 (SMCO2) (HR =0.68; 95% CI: 0.48–0.97; 
P=0.03), and tetratricopeptide repeat domain 16 (TTC16) (HR =1.55; 95% CI: 1.09–2.20; P=0.02) function 
as independent prognostic factors for CRC. Based on these six genes, the developed prognostic assessment 
model identified a strong association between high risk score and poor OS (HR =2.43; 95% CI: 1.67–3.53; 
P<0.001) in patients with CRC. Furthermore, the analysis revealed a nonlinear relationship (P<0.001) 
between continuous variation in risk score and the risk of poor OS. Additionally, specific genes included in 
the prognostic model were found to be strongly associated with cancer stem cell and immune cell infiltration 
in CRC. 
Conclusions: We developed a prognostic risk model incorporating a six-gene panel for patients with 
CRC. Our analysis revealed a nonlinear relationship between this prognostic model and OS in patients with 
CRC. A high risk score was associated with poor prognosis, indicating that the adverse outcomes observed in 
patients with CRC may be influenced by cancer stem cell and immune cell infiltration. Our model provides 
a promising predictive method for the prognosis of CRC patients, but it still needs to be validated in a larger 
sample size.
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Introduction 

Colorectal cancer (CRC) is the most prevalent malignancy 
of the digestive system and ranks third globally in terms 
of incidence, constituting 9.6% of all cancer cases (1). In 
China, the incidence of CRC in 2022 reached 517,000 cases,  
making it the second most common cancer following 
lung cancer (2,3). Among patients with CRC, 35% are 
diagnosed with metastatic disease, and up to 50% of those 
initially diagnosed with nonmetastatic CRC eventually 
develop metastases (4-6). Despite a gradual decline in 
CRC mortality rates, accurate prognostic prediction 
remains crucial in analyzing survival (5). Consequently, the 
development of an effective prognostic model is crucial in 
studying the survival duration of patients with CRC. 

The prognosis of CRC is influenced by multiple 
factors, including age, gene mutations, aberrant gene 
transcription, microsatellite instability, cancer stem 
cells, drug sensitivity, gene sensitivity, and immune 
cell infiltration (7-12). Furthermore, genes associated 
with specific signaling pathways, such as ferroptosis, 

pyroptosis, cuproptosis-related long non-coding RNAs, 
programmed cell death, lipid metabolism, mitosis, the cell 
cycle, lactation, methylation, hypoxia, immune cell-based 
prognosis model, and lactate metabolism have also been 
implicated in the prognosis of CRC (13-20). Despite the 
advancements in these models, limitations persist, such as 
the need for more precise and individualized predictions. 
Many models struggle with accuracy and may not fully 
capture the complexity of CRC progression. Furthermore, 
the integration of molecular markers and the development 
of time-dependent models are suggested to enhance 
prediction capabilities. Addressing these limitations is 
crucial to meet the clinical needs of personalized treatment 
plans and improved patient management in CRC. Given 
that the prognosis of CRC is a dynamic process, the rate 
of progression varies among patients and can also fluctuate 
within the same patient over time (21,22). To address this 
variability, some researchers have used serum markers such 
as carcinoembryonic antigen (CEA), carbohydrate antigen 
19-9, and cancer antigen 125, along with perioperative 
longitudinal measurement data to construct dynamic 
prediction models, which can serve as personalized and 
adaptive prognostic tool for patients with CRC (23). 
Consensus molecular subtypes (CMSs) are employed 
in multiomics methodologies to classify patients with 
CRC (24). The prognostic significance of CMS has been 
validated in cases of metastasis, with CMS2 demonstrating 
the most favorable prognosis and CMS1 tumors being 
linked to an elevated risk of progression and mortality post 
chemotherapy (25,26). CMS4 is also associated with a poor 
prognosis (26). However, the clinical application of CMS 
is significantly constrained due to the extensive number of 
markers involved, the necessity for cross-platform analysis, 
the integration of multiomics data, and the intricate 
processes of data acquisition and analysis (25-27). 

The CRC literature indicates that CRC-related 
prognostic models grounded in specific signaling pathways 
often suffer from the absence of critical indicators. 
Furthermore, the clinical applicability of CRC prognostic 
models derived from multiomics data is hindered by the 
challenges associated with multiplatform integration, 
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multi-index considerations, and complex algorithms. 
Using differentially expressed genes (DEGs) screening and 
prognostic index screening within The Cancer Genome 
Atlas (TCGA) database, we aimed to develop a relatively 
straightforward and broadly applicable prognostic model. 
Additionally, we analyzed the correlation between the 
proposed prognostic model and cancer stem cells, drug 
sensitivity, and immune cell infiltration in CRC. We present 
this article in accordance with the TRIPOD reporting 
checklist (available at https://jgo.amegroups.com/article/
view/10.21037/jgo-2024-985/rc).

Methods

Data collection 

The DEGs between paracarcinoma tissues (n=51) and 
CRC tumor tissues (n=647) were identified and retrieved 
from TCGA database (https://portal.gdc.cancer.gov). 
The selection of DEGs was based on the criteria of 
|log2 fold change| ≥2 and an adjusted P value (P.adj) 
<0.05. Additionally, prognostic factors associated with 
CRC (n=644) were identified using the criterion of P.adj 
<0.05. The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). 

Prognostic factor screening 

We identified the intersection of DEGs and potential 
prognostic factors. Nonzero coefficients were subsequently 
screened using the least absolute shrinkage and selection 
operator (LASSO). These selected nonzero coefficients were 
then used in a Cox proportional hazards model, ultimately 
identifying six genes as independent prognostic factors for 
patients with CRC. These six genes were subsequently 
employed to construct both a nomogram model and a risk 
scale model. The purpose of this study is to preliminarily 
explore a prognostic risk model for colorectal cancer. 
We may focus more on internal data analysis rather than 
conducting external validation. In addition, due to resource 
limitations, we were unable to collect enough samples, and 
therefore external validation was not included in the study.

Survival analysis in patients with CRC

The risk scores based on six independent prognostic genes 
were used to evaluate the proportional risk hypotheses for 
overall survival (OS) and disease-specific survival (DSS) 

via the “survival” package (version 3.3.1) in R (The R 
Foundation of Statistical Computing, Vienna, Austria) 
and to conduct fitted survival regression analyses. The 
outcomes of these analyses were subsequently visualized 
with the “survminer” (version 0.4.9) and “ggplot2” (version 
3.3.6) R packages. The survival analysis was stratified into 
two cohorts according to the expression levels of the six 
genes and the corresponding risk scores, with the median 
expression value serving as the threshold to delineate high-
expression (top 50%) and low-expression (bottom 50%) 
groups. 

Restricted cubic spline (RCS) 

A line graph was employed to illustrate the relationship 
between the hazard ratio (HR) and the variables within 
the proportional hazards model, specifically the Cox 
model, with the x-axis denoting the variables and the 
y-axis denoting the HR derived from the Cox regression 
analysis. The “survival” R package (version 3.3.1) was used 
for conducting the Cox regression analysis, the “rms” R 
package (version 6.4.0) was employed to construct an RCS 
model and perform correlation analysis, and the “ggplot2” 
R package (version 3.3.6) was used for data visualization. 
The RCS model was evaluated with the “plotRCS” R 
package (version 0.1.3). 

Drug sensitivity analysis

The Genomics of Drug Sensitivity in Cancer (GDSC; 
https://www.cancerrxgene.org/) database was used to 
identify drugs and cell lines, facilitating the integration of 
transcriptome data from patients with CRC in TCGA to 
calculate spectral data and upload drug sensitivity ratings 
for the samples. By integrating the core algorithms of 
oncoPredict (version 0.2) and pRRophetic (version 0.5) R 
package (28,29), we predicted the specific drug sensitivity 
of the samples, thereby estimating the tolerance levels 
of the analyzed samples to the particular drugs. The 
sensitivity of the sample to the specific drug increases as 
the corresponding value decreases. Furthermore, Spearman 
correlation analysis was conducted to examine the 
relationship between the risk score and the drug sensitivity 
score.

Cancer stem cells

RNA-sequencing (RNA-seq) data and corresponding 
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clinical information for 620 CRC samples were obtained 
from TCGA dataset. The messenger RNA (mRNA) stem 
cell index (mRNAsi) was calculated using the one-class 
logistic regression (OCLR) algorithm developed by Malta 
et al. (30). All analyses and computations were conducted 
using R software version 4.0.3. 

Immune cell infiltration

Single-sample gene set enrichment analysis (ssGSEA) and 
the ESTIMATE and CIBERSORT algorithms were used to 
measure the correlation of prognostic genes with immune 
cell infiltration in CRC. The Spearman correlation between 
prognostic molecules and immune infiltration was assessed, 
with the results being visualized through heatmaps. Utilizing 
the ssGSEA algorithm available in GSVA R package (version 
1.46.0), we analyzed 24 immune cell markers to quantify 
the immune infiltration within the corresponding data from 
patients with CRC in TCGA database (31,32). The stromal 
score, immune score, and ESTIMATES score for the CRC 
patient data within TCGA were computed via the “estimate” 
R package (version 1.0.13) (31). The CIBERSORT 
algorithm, accessible via the CIBERSORTx platform 
(https://cibersortx.stanford.edu/), was employed to quantify 
immune cell infiltration via markers representative of 22 
distinct immune cell types in accordance with previously 
established methodologies (33,34). 

Statistical analysis

The data were expressed as the mean ± standard deviation. 
LASSO and Cox proportional hazards regression analyses 
were conducted to identify prognostic indicators via the 
“glmnet” package (version 4.1.7), “survival” package (version 
3.3.1), and “rms” package (version 6.3-0) in R software 
version 4.2.1. Spearman correlation coefficient analysis was 
employed to evaluate the relationship between risk score 
and drug susceptibility. The DEGs in CRC were analyzed 
using the R packages “DESeq2” (version 1.36.0) and “edgeR” 
(version 3.38.2). Prognostic factors in CRC were identified 
with the “survival” R package (version 3.3.1). The Wilcoxon 
rank-sum test was employed to assess differences between the 
two groups via the “ggplot2” (version 3.3.6), “stats” (version 
4.2.1), and “car” (version 3.1-0) R packages. Kaplan-Meier 
survival analysis was employed to assess the association of 
prognostic indicators with OS and DSS via the “survival” 
(version 3.3.1), “survminer” (version 0.4.9), and “ggplot2” 
(version 3.3.6) R packages. Nomogram and calibration 

models were constructed and visualized using the R “rms” 
package (version 6.3-0), while the RCS model was evaluated 
with the “plotRC” R package (version 0.1.3). The selection 
of prognostic biomarkers was conducted using the Cox 
proportional hazards model; when the HR is greater than 1, 
it indicates that the variable is associated with an increased 
risk of the event occurring. When the HR is less than 1, it 
indicates that the variable is associated with a decreased risk 
of the event occurring. A P value with two-sided test of less 
than 0.05 was considered indicative of statistical significance.

Results

Screening of potential prognostic factors for CRC

To identify the potential prognostic genes for CRC, 
we conducted a differential expression analysis using 
paracancerous tissues (n=51) and CRC samples (n=647) 
from the TCGA database. This analysis yielded 2,154 
DEGs, selected based on the criteria of |log2 fold change| 
≥2 and P.adj <0.05. Additionally, we identified 1,705 CRC-
related prognostic factors, with the criterion of P.adj <0.05 
being applied. From these, 152 potential prognostic genes 
were selected for subsequent studies (Figure 1A). We then 
employed LASSO regression analysis using cross-validation 
curves (Figure 1B) and LASSO coefficient path plots 
(Figure 1C) to refine the selection of nonzero coefficients. 
This analysis identified 39 nonzero coefficients. Further 
examination using Cox regression analysis revealed that 
six genes, including Niemann-Pick C1-like 1 (NPC1L1), 
glucagon-like peptide 2 receptor (GLP2R), solute carrier 
family 8 member A3 (SLC8A3), alpha-1-microglobulin/
bikunin precursor (AMBP), single-pass membrane protein 
with coiled-coil domains 2 (SMCO2), and tetratricopeptide 
repeat domain 16 (TTC16) function as independent 
prognostic factors for CRC (Figure 1D). Simultaneously, a 
volcano plot was employed to illustrate the expression levels 
of these six prognostic genes. Compared to those of the 
paracarcinoma tissues, the expressions of NPC1L1, AMBP, 
SMCO2, and TTC16 were markedly upregulated, whereas the 
expression levels of GLP2R and SLC8A3 were significantly 
downregulated in CRC tumor tissues (Figure 1E). 

Correlation of six prognostic genes with clinical parameters

We further used TCGA database to examine the associations 
between NPC1L1, GLP2R, SLC8A3, AMBP, SMCO2, and 
TTC16 with pathological stages I–IV (Figure 2A), T stage 

https://cibersortx.stanford.edu/
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Figure 1 Screening of potential prognostic factors for CRC. Potential prognostic genes were selected using TCGA database (A). LASSO 
cross-validation curves (B), LASSO coefficient path plots (C), and Cox regression analysis (D) were used to select the independent 
prognostic genes for predicting the OS of patients with CRC. A volcano plot was employed to illustrate the expression levels of the six 
prognostic genes (E). DEG, differentially expressed gene; CI, confidence interval; sig, significance; CRC, colorectal cancer; TCGA, The 
Cancer Genome Atlas; LASSO, least absolute shrinkage and selection operator; OS, overall survival. 
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(Figure 2B), N stage (Figure 2C), M stage (Figure 2D), 
perineural invasion (Figure 2E), and CEA (Figure 2F). Our 
findings indicate that the majority of clinical parameters did 
not exhibit significant associations with the expression levels 
of these six prognostic genes, with only a few parameters 
showing significant differences in patients with CRC.

Correlation of six prognostic genes with OS and DSS in 
patients with CRC 

As illustrated in Figure 3A, expression levels of NPC1L1 and 
TTC16 were significantly correlated with reduced OS as 
compared to the low expression of these genes. Conversely, 
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Figure 2 Correlation of six prognostic genes with clinical parameters. TCGA database was used to examine the associations between 
NPC1L1, GLP2R, SLC8A3, AMBP, SMCO2, and TTC16 with pathological stages I–IV (A), T stage (B), N stage (C), M stage (D), perineural 
invasion (E), and CEA (F) in patients with CRC. *, P<0.05; **, P<0.01. TPM, transcripts per million; NPC1L1, Niemann-Pick C1-like 1; 
GLP2R, glucagon-like peptide 2 receptor; SLC8A3, solute carrier family 8 member A3; AMBP, alpha-1-microglobulin/bikunin precursor; 
SMCO2, single-pass membrane protein with coiled-coil domains 2; TTC16, tetratricopeptide repeat domain 16; T, tumor; N, node; M, 
metastasis; CEA, carcinoembryonic antigen; TCGA, The Cancer Genome Atlas; CRC, colorectal cancer. 
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higher expression levels of GLP2R, SLC8A3, AMBP, and 
SMCO2 were significantly associated with prolonged OS. 
Figure 3B shows that high expression of NPC1L1 and 
TTC16 was also significantly correlated with shorter DSS 
in patients with CRC. However, the expression levels of 
GLP2R, SLC8A3, AMBP, and SMCO2 did not exhibit a 

significant correlation with DSS. 

A prognostic nomogram model was established to predict 
OS in patients with CRC 

We used six genes to construct a prognostic nomogram 
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Figure 3 Correlation of six prognostic genes with OS and DSS in patients with CRC. The correlation of six prognostic genes with OS (A) 
and DSS (B) was evaluated using Kaplan-Meier survival analysis. HR, hazard ratio; CI, confidence interval; NPC1L1, Niemann-Pick C1-like 
1; GLP2R, glucagon-like peptide 2 receptor; SLC8A3, solute carrier family 8 member A3; AMBP, alpha-1-microglobulin/bikunin precursor; 
SMCO2, single-pass membrane protein with coiled-coil domains 2; TTC16, tetratricopeptide repeat domain 16; OS, overall survival; DSS, 
disease-specific survival; CRC, colorectal cancer. 
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aimed at predicting the OS of patients with CRC. By 
assigning weighted risk scores to these six genes, we 
calculated total points to estimate the 1-, 3-, and 5-year 
survival probabilities (Figure 4A). Prognostic calibration 

curves demonstrated the divergence between the predicted 
probabilities and the observed probabilities of the model 
at 1-, 3-, and 5-year intervals for the OS of patients with 
CRC. Statistical analyses indicated that our prognostic 
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Figure 4 A prognostic nomogram model was established to predict the OS of patients with CRC. Six prognostic genes were used to 
establish the nomogram model (A), calibration curves (B), and risk scoring model (C) for patients with CRC. The correlation of risk score 
of the prognostic model with OS was evaluated using Kaplan-Meier survival analysis (D). Survival status “0” represents alive; survival 
status “1” represents death. NPC1L1, Niemann-Pick C1-like 1; GLP2R, glucagon-like peptide 2 receptor; SLC8A3, solute carrier family 8 
member A3; AMBP, alpha-1-microglobulin/bikunin precursor; SMCO2, single-pass membrane protein with coiled-coil domains 2; TTC16, 
tetratricopeptide repeat domain 16; HR, hazard ratio; CI, confidence interval; OS, overall survival; CRC, colorectal cancer. 
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model exhibited a good fit [concordance index =0.671; 
95% confidence interval (CI): 0.645–0.698; likelihood 
ratio test =40.25, P<0.001; Wald test =40.69, P<0.001] 
(Figure 4B). Finally, we developed a prognostic risk scoring 
model incorporating six predictive genes (Figure 4C) and 
found that a lower risk score correlated with prolonged 
survival trend (HR =2.43; 95% CI: 1.67–3.53; P<0.001) 
(Figure 4D). 

Nonlinear relationship between prognostic genes with the 
HR of OS 

If a majority of binary variables are employed, the continuous 
variation between gene expression and HR of OS cannot 
be adequately captured. To address this limitation, we 
used the RCS model, which offers a more flexible fit 
across a spectrum of independent variables, thereby better 
representing the nonlinear relationship between gene 
expression and the HR for OS. Our findings indicate that 
AMBP and TTC16 but not NPC1L1, GLP2R, SLC8A3, 
or SMCO2 exhibited a nonlinear association with HR for 
OS. The elevated expression of AMBP was correlated with 
an increased risk of mortality, while the higher expression 
of TTC16 was similarly correlated with an elevated risk of 
death in patients with CRC (Figure 5). Furthermore, our 
findings revealed a nonlinear relationship between the risk 
score derived from these six genes and OS. Specifically, an 
elevated risk score correlated significantly with an increased 
risk of mortality (Figure 5). According to the RCS curve, 
the risk score is categorized into three groups for selecting 
the best cut-off point. Ultimately, the optimal critical 
values for the risk score are −0.721 and −0.119. Compared 
to the group with a risk score ≤−0.721, the HR values for 
the groups with −0.721< risk score ≤−0.119 and risk score 
>−0.119 are 1.90 (95% CI: 1.13–3.18; P=0.02) and 3.22 
(95% CI: 1.98–5.23; P<0.001), respectively.

Estimated correlation of prognostic genes with drug 
sensitivity in CRC 

We used a prognostic risk score derived from six prognostic 
genes in conjunction with data from the GDSC database 
to evaluate the sensitivity of therapeutic agents associated 
with CRC. Our findings indicated a significant inverse 
association between elevated prognostic risk scores and 
sensitivity to various CRC treatment agents. Among these, 
uprosertib exhibited the most pronounced correlation 
(r=−0.462; P<0.001; Figure 6).

Correlation of prognostic gene expression with cancer stem 
cells in CRC

We employed a logistic regression machine learning 
algorithm (OCLR) to compute the mRNAsi. Our findings 
indicated that mRNAsi levels were significantly reduced in 
the high-expression groups of GLP2R and SLC8A3 compared 
to the low-expression groups. Conversely, the expression 
levels of NPC1L1, SMCO2, and TTC16 did not exhibit a 
correlation with mRNAsi (Figure 7). However, mRNAsi 
levels were significantly elevated in the high-expression group 
of AMBP compared to the low-expression group (Figure 7). 

Correlation of prognostic genes with immune cell 
infiltration in CRC 

To comprehensively investigate the correlation between 
NPC1L1, GLP2R, SLC8A3, AMBP, SMCO2, and TTC16 
and immune cell infiltration, we used the ssGSEA, 
ESTIMATE, and CIBERSORT algorithms to calculate 
their respective correlations. Specifically, the relationship 
between these prognostic genes and 24 types of immune 
cell enrichment scores was assessed using the ssGSEA 
algorithm. The findings revealed that NPC1L1, GLP2R, 
SLC8A3,  AMBP,  SMCO2,  and TTC16 significantly 
correlated with the enrichment of various immune cells. 
Notably, SLC8A3 exhibited a particularly strong association 
with multiple immune cell types (Figure 8A and Table S1). 
The ESTIMATE algorithm demonstrated comparable 
results, revealing a significant positive correlation 
between SLC8A3 and stromal score, immune score, and 
ESTIMATE score (Figure 8B and Table S2). Conversely, the 
CIBERSORT algorithm indicated a noticeable reduction in 
the correlation between NPC1L1, GLP2R, SLC8A3, AMBP, 
SMCO2, and TTC16 and the immune cell enrichment score 
(Figure 8C and Table S3). 

Discussion

The prognosis of CRC involves a complex interaction of 
a variety of mechanisms. Currently, the CMS system for 
CRC uses extensive sequencing data and network cluster 
analysis to categorize CRC into five distinct CMS molecular 
subtypes. Patients with the CMS1 immunotype are 
particularly challenging to treat, exhibit a poor prognosis, 
and are frequently associated with BRAF gene mutations 
(35,36). Additionally, the molecular typing conducted by 
Nunes et al. (7), which integrates whole-genome deep 

https://cdn.amegroups.cn/static/public/JGO-2024-985-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JGO-2024-985-Supplementary.pdf
https://cdn.amegroups.cn/static/public/JGO-2024-985-Supplementary.pdf
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Figure 5 Nonlinear relationship between prognostic genes with the HR for OS. An RCS model was employed to evaluate the nonlinear 
relationship between prognostic genes (NPC1L1, GLP2R, SLC8A3, AMBP, SMCO2, and TTC16) with the HR for OS. HR, hazard ratio; 
OS, overall survival; CI, confidence interval; NPC1L1, Niemann-Pick C1-like 1; GLP2R, glucagon-like peptide 2 receptor; SLC8A3, solute 
carrier family 8 member A3; AMBP, alpha-1-microglobulin/bikunin precursor; SMCO2, single-pass membrane protein with coiled-coil 
domains 2; TTC16, tetratricopeptide repeat domain 16; RCS, restricted cubic spline. 
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sequencing and transcriptome data, has further refined 
the prognostic classification of CRC into five prognostic 
subtypes. Our study introduced a prognostic model based 
on the TCGA database, incorporating six specific genes: 
NPC1L1, GLP2R, SLC8A3, AMBP, SMCO2, and TTC16 
to develop a risk score model for CRC. Our study revealed 
a significant inverse correlation between the risk score and 

OS in patients with CRC, indicating that higher risk scores 
are associated with poorer OS. Additionally, we identified 
associations between these genes and both the abundance of 
cancer stem cells and immune cell infiltration in CRC. 

Cancer stem cells constitute a distinct subpopulation 
within tumors and are characterized by their capacity 
for self-renewal and their critical contribution to driving 



Journal of Gastrointestinal Oncology, Vol 16, No 1 February 2025 87

© AME Publishing Company.   J Gastrointest Oncol 2025;16(1):77-91 | https://dx.doi.org/10.21037/jgo-2024-985

−0.4 −0.4−0.2 −0.20.0 0.0 0.2
Correlation

Ruxolitinib_1507
Ulixertinib_2047

Palbociclib_1054
Venetoclax_1909

Pyridostatin_2044
Olaparib_1017

ZM447439_1050
Temozolomide_1375

Trametinib_1372
Vinorelbine_2048
Talazoparib_1259

Sapitinib_1549
Romidepsin_1817

Savolitinib_1936
Rapamycin_1084

Taselisib_1561
Uprosertib_1553

Linsitinib_1510
lbrutinib_1799

Oxaliplatin_1806
CZC24832_1615

Cisplatin_1005
Bicalutamide_1502

Crizotinib_1083
Foretinib_2040

Osimertinib_1919
Epirubicin_1511

Luminespib_1559
Irinotecan_1088
Bosutinib_1019

5-Fluorouracil_1073
Paclitaxel_1080
Buparlisib_1873

GSK343_2037
Afuresertib_1912

Correlation

P value P value

|Cor| |Cor|

0.06 0.10

0.04 0.08

0.02 0.05
0.03

0.1 0.10.2 0.20.3 0.30.4
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Figure 7 Correlation of prognostic gene expression with cancer stem cell abundance in CRC. OCLR was employed to evaluate the 
correlation of NPC1L1, GLP2R, SLC8A3, AMBP, SMCO2, and TTC16 with cancer stem cell abundance in CRC. *, P<0.05; ***, P<0.001; 
ns, not significant. NPC1L1, Niemann-Pick C1-like 1; GLP2R, glucagon-like peptide 2 receptor; SLC8A3, solute carrier family 8 member 
A3; AMBP, alpha-1-microglobulin/bikunin precursor; SMCO2, single-pass membrane protein with coiled-coil domains 2; TTC16, 
tetratricopeptide repeat domain 16; CRC, colorectal cancer; OCLR, one-class logistic regression. 
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tumor heterogeneity and recurrence (37,38). The cancer-
stem-cell state exemplifies the mimicking behavior of 
cancer cells, culminating in phenotypic plasticity. This 
mimicry enables cancer stem cells to emulate immune cells, 
vascular endothelial cells, or lymphangiogenic cells, thereby 
facilitating tumor progression (37). Furthermore, cancer 
stem cells induce the adoption of pro-tumor phenotypes by 
tumor-associated immune cells and stromal cells through 
paracrine and juxtacrine signaling mechanisms, ultimately 

contributing to therapeutic resistance (37). We found that 
elevated expression levels of GLP2R and SLC8A3 in patients 
with CRC correlated with a significantly reduced mRNAsi 
score. Furthermore, high expression of GLP2R and SLC8A3 
was associated with better OS in patients with CRC. These 
observations imply that the improved prognosis associated 
with GLP2R and SLC8A3 expression may be linked to a 
lower mRNAsi score in patients with CRC. Jin et al. (39) 
identified the SLC8A3 gene as being implicated in calcium 
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extrusion—from which a prognostic model for colon 
adenocarcinoma was developed—with the overexpression 
of SLC8A3 markedly suppressing the proliferation and 
migration of CRC rhabdomyosarcoma kidney origin (RKO) 
cells. These findings indicate that elevated expression of 
SLC8A3 is associated with a more favorable prognosis and 
that SLC8A3 exhibits antitumor properties. This finding 
was confirmed in our investigation, revealing a significant 
positive correlation between SLC8A3 expression and 
various immune cell populations, particularly macrophages 
(r=0.439; P<0.001). More so, SLC8A3  exhibited a 
statistically significant correlation with the stromal score 
(r=0.498; P<0.001), immune score (r=0.484; P<0.001), and 
ESTIMATE score (r=0.408; P<0.001) in patients with CRC. 

Most existing sequence-based prognostic models for 
CRC employ a binary framework (40,41), whereby an 
individual’s predicted risk remains static once the model 
is established. This static nature constitutes a relevant 
limitation as such models fail to account for the relationship 
between continuous variations in risk scores and prognosis. 
This flaw was considered in our study, where an RCS model 
was used to evaluate the significant nonlinear relationship 
between continuous changes in risk scores derived from six 
prognostic genes, and the adverse outcomes in patients with 
CRC. Our findings indicate that an elevated risk score is 
associated with an increased likelihood of poor prognosis in 
patients with CRC. 

Our study was subject to some limitations. First, data 
collection was restricted to sequencing data from TCGA. 
No external datasets [such as Gene Expression Omnibus 
(GEO), International Cancer Genome Consortium 
(ICGC)] were employed for supplementary validation, 
which does not entirely guarantee the stability and 
reliability of the model. In addition, and we will further 
validate the reliability of the model in future research 
through single-center and multi-center sample sizes. 
Exclusion of other multiomics datasets may have limited 
the comprehensiveness of marker selection. Second, the 
functional roles of the genes identified in our study have 
not been validated. Therefore, the findings from our study 
should be interpreted with caution. Finally, the reliance on 
a single sequencing dataset for model prediction hinders 
the applicability of our model to dynamically forecast the 
prognosis of all patients with CRC.

Conclusions

Overall, we have developed a prognostic assessment model 

for patients with CRC based on six genes. A higher risk 
score was significantly correlated with poorer OS. In 
addition, the analysis revealed a nonlinear relationship 
between the continuous variation in risk score and the risk 
of poor OS, indicating a continuous dose-effect relationship 
between risk score and OS. Additionally, specific genes 
included in the prognostic model were found to be strongly 
associated with cancer stem cell and immune cell infiltration 
in CRC, suggesting that the poor prognosis observed in 
patients with CRC may be influenced by these factors.
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