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Abstract

Background: An increasing body of evidence supports an essential role for en-
doplasmic reticulum stress (ERS) in colorectal cancer (CRC). In this study, we
developed an ERS-related genes (ERSRGs) model to aid in the prognostic evalua-
tion and treatment of CRC patients.

Methods: The training set and validation set data were extracted from The
Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO), respec-
tively. ERSRGs were obtained from the GeneCards database. A prognostic risk
scoring model was constructed using the least absolute shrinkage and selection
operator (LASSO) along with univariate Cox regression analysis. To further pre-
dict the probability of survival for patients at 1, 2, and 3years, a nomogram was
devised. The advantages of the prognostic risk score model in screening patients’
sensitive to chemotherapy and immunotherapy were analyzed by drug sensitiv-
ity analysis and immune correlation analysis. Finally, hub genes associated with
poor prognosis in the risk model were screened by Protein-protein interaction
(PPI) network and their expression was validated using clinical specimens.
Results: A risk model for overall survival (OS) was developed using 16 ERSRGs
associated with prognosis. Through analyses, we demonstrated a high degree of
reliability for the prognostic risk scoring model. The constructed nomograms per-
formed well in predicting patient survival over 1, 3, and 5years. The calibration
curve and decision curve analysis (DCA) supported a high degree of accuracy
for the model. Patients in the low-risk group had a lower IC50 for the common
chemotherapy drug, 5-FU, and responded better to immunotherapy. hub poor
prognostic genes were validated in CRC clinical specimens.

Conclusion: We have identified and validated a new ERS prognostic marker that
can accurately predict the survival status of CRC patients for clinicians and better

provide personalized treatment plans.
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1 | INTRODUCTION
Colorectal cancer (CRC) is a highly prevalent malignancy,
causing a large number of deaths each year."* There are
many causes of CRC, such as poor diet, unhealthy living
habits, and environmental and genetic factors.® Although
there are new options in the treatment strategy for CRC. its
mortality continues to rise in most countries and in devel-
oping countries, in particular.4 Currently, the treatment of
CRC includes surgical resection, chemotherapy, immuno-
therapy and radiotherapy. Although such treatments have
improved the survival rate of patients to a certain degree,
their prognosis is still less than ideal, with approximately
30%-50% of patients experiencing recurrence and progres-
sion of the disease after these conventional treatments.>”’
Thus, a more in-depth study of the reasons behind the
development and poor outcome of CRC is necessary to
more effectively guide clinical treatment. In this study, we
sought to explore the functional role and clinical prognos-
tic value of endoplasmic reticulum stress (ERS) in CRC.
When the endoplasmic reticulum (ER) receives stress
signals, the homeostasis of the ER is disrupted, which af-
fects a variety of cellular processes, including cell growth,
differentiation, and induction of apoptosis.® In different
types of tumors, various oncogenic factors and transcrip-
tional and metabolic abnormalities act synergistically to
bring tumor cells into a sustained state of ERS. Activation
of ERS and its downstream signaling pathways coordinate
a dynamic balance of proteins that becomes a key factor
in tumor growth, angiogenesis, resistance to radiotherapy,
and response to immunotherapy.’* When misfolded or
unfolded proteins exceed the capacity of ER processing,
it leads to ERS and stimulates unfolded protein response
(UPR). UPR is mainly composed of three key pathways:
IRE1la, PERK, and ATF6, which jointly regulate the stress
response of cells."! Previous studies have found that in
breast cancer cell model, ATF6, as one of the three main
pathways of UPR, is activated and regulated by mutant
p53 during ERS, which promotes tumor cell invasion, me-
tastasis, and chemotherapy resistance.'> Another study
showed that the ERS effector PERK is upregulated in drug-
resistant cells of CRC and leads to tumor cell invasion and
chemoresistance via the PERK/Nrf2/MRP1 axis."* When
ERS occurs in immune cells, it also alters their normal
functional state, thereby affecting the development of ma-
lignancy." Studies have found that ERS can cause the im-
mune escape of breast cancer cells by regulating specific

miRNAs, leading macrophages to up-regulate PD-L1.*
However, the effect of ERS on CRC remains unclear.

In this study, we envisioned that ERS affects CRC devel-
opment as well as leads to CRC chemoresistance through
complex molecular mechanisms. Therefore, we analyzed the
expression and correlation of ERS-related genes (ERSRGs)
in CRC and constructed a prognostic risk score model. Our
prognostic model performed well in predicting patients’
prognosis conveniently and was able to differentiate between
patients’ sensitive to chemotherapy and immunotherapy. In
addition, by combining clinically relevant information, we
also constructed nomograms. Taken together, we provide
a new approach for the stratification of prognostic risk and
navigation of clinical treatment options for CRC.

2 | METHODS
2.1 | Data and clinical information
access

Genetic and clinically relevant information in the train-
ing set was extracted from The Cancer Genome Atlas
(TCGA) established by American Cancer Center and no
data has been eliminated, including 568 CRC and 44 nor-
mal specimens. All data for the validation set are from the
GSE40967 and GSE17538 datasets in the Gene Expression
Omnibus (GEO). Finally, 856 ERSRGs were screened
from the online website GeneCards.

2.2 | Functional enrichment analysis of
ERSRGSs in normal and tumor samples

Analysis of differentially expressed ERSRGs samples was
done using the “limma”, “pheatmap”, and “BiocManager”
packages in R software. (llog2FC|=0.585; FDR <0.05).
Gene ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analysis of differentially

expressed genes (DEGs) was conducted by R software.

2.3 | Development and validation of risk
scoring models

The training and validation set of this model are using
CRC samples from the TCGA sample and the GSE40967
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cohort, respectively. Screening for prognosis-related
genes from DEGs was done with univariate Cox regres-
sion analysis (p <0.05). Visualization of mutations and
associations of prognosis-related genes in CRC sam-
ples by “maftools” in R software. Copy number vari-
ant (CNV) information for CRC was obtained from the
UCSC Xena database. CNV frequencies were then cal-
culated for prognosis-related genes and the results were
visualized via bivariate histograms and circle plots. The
best prognostic risk score model was established using
“glmnet” and “survivor” in R software. The calculation
formula is as follows: risk score = Zil(Coeﬁ x ExpGenei),
where “Coef” and “ExpGene” were generated by least
absolute shrinkage and selection operator (LASSO) Cox
regression analysis. The Kaplan-Meier plot and log-
rank test combined with LASSO Cox regression were
used to evaluate survival differences between the high-
and low-risk groups. The time-dependent ROC curve
was plotted using “survivalROC” in the R software, and
the predictive accuracy of the model was assessed by the
area under the curve (AUC). Finally, validation is per-
formed in GSE40967.

2.4 | Construction and
verification of nomograms

A nomogram integrating risk scores and other survival-
related factors was created using “rms,” “regplot,” and
“survival” in the R software for prognostic assessment.
AUC and correction curves were used to assess the pre-
dictive power. Decision curve analysis (DCA) was used to
assess the clinical utility of the model.

2.5 | Drug sensitivity and immune
cell analysis

The “pRRophetic” in the R software was applied to
predict the IC50 of different drugs in each sample.
Immunoinfiltration analysis was performed using
“CIBERSORT” in the R software. The tumor cellularity
was calculated by the “estimation” and ESTIMATE algo-
rithms in the R software. Microenvironment scores were
calculated for each sample and then differences in stroma
and immune cells were predicted based on risk model files.

2.6 | Protein-protein interaction
network analysis

DEGs were obtained from the RNA-seq data of genes and
risk files by “limma” in the R software (logFCfilter=1;

p<0.05). GO and KEGG enrichment analysis of DEGs
was performed using the “clusterProfiler” in R software
to identify gene key functions. The protein-protein in-
teraction (PPI) network of DEGs is calculated by website
STRING (version: 11.0; https://string-db.org/). Import the
PPI network data into Cytoscape software (version: 3.9.1),
visualize it, and obtain the hub gene through a plug-in.
Finally, the pivotal genes associated with poor progno-
sis were obtained using “limma,” “survivor,” and “sur-
vminer” in the R software.

2.7 | Quantitative real-time PCR

In this study, tissue samples were collected for real-time
quantitative PCR from 11 CRC patients treated at Nantong
University Hospital.

RNA was isolated from fresh tissues using RNA ex-
traction reagent (Invitrogen). Next, reverse transcrip-
tion was performed. Finally, quantitative real-time
polymerase chain reaction (qRT-PCR) was performed
using SYBR-Green mixture (Vazyme) and gene-specific
primers (Sangon Biotech). Glyceraldehyde-3-phosphate
dehydrogenase was used as a standard reference
(Table S1). Relative quantification of genes was calculated
using the 27*4“'method.

2.8 | Statistical analysis

Statistical analyses of the data in this study were per-
formed using R version 4.2.0 software (p<0.05).
ThWilcoxon rank-sum test was used to compare the dif-
ference between the high-risk and low-risk groups. The
Kruskal-Wallis test was used to compare more than two
groups. Cox regression analysis was performed to de-
termine the predictive factors affecting overall survival
(0S). OS is the time from grouping to death due to any
reason. For subjects who have been lost before death,
the last follow-up time is usually calculated as the time
of death.

3 | RESULTS

3.1 | Enrichment analysis of ERSRGs

First, we searched the GeneCard database for the key-
words “endoplasmic reticulum stress” to identify a set
of ERSRGs. Gene expression levels were compared
using 11og2FCI=0.585 and FDR<0.05 as thresholds,
and a total of 220 DEGs were detected (Figure S1A,B).
The enrichment of DEGs was then analyzed, and GO
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and KEGG results showed that it was mainly associ-
ated with the ER, the endoplasmic reticulum lumen,
ERS, ER protein processing, immune-related signaling
pathways, and CRC (Figure S1C,D). These results sug-
gest that ERS plays a critical role in the development
of CRC.
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3.2 | Screening EERSRGs and
constructing risk score models

Univariate Cox regression analysis of 220 DEGs identified
26 genes that were associated with prognosis (p <0.05)
(Figure 1A). First, the somatic mutations of ERSRGs in
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FIGURE 1 Construction of an ERS risk score model. (A) Sixteen ERSRGs associated with prognosis in patients with CRC. (B) Mutation
frequencies in 16 ERSRGs in the training set. (C) Mutation co-occurrence and exclusion analysis of 16 ERSRGs. (D) Frequency of CNV
variants in 16 ERSRGs. (E) The circos plot depicts the location and expression levels of 16 ERSRGs on the chromosome. (F) LASSO
coefficients of the 16 ERSRGs. (G) Selection of genes by LASSO Cox regression. (H) Principal component analysis based on all ERSRGs in
CRC. (I) Principal component analysis based on ERS risk scores, distinguishing between tumor and normal samples in the training set. Red

represents high-risk patients and blue represents low-risk patients.
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the sample were summarized. A total of 115 ERSRGs were
mutated in 541 CRC samples with mutation informa-
tion, with a frequency of 21.26% (Figure 1B). The muta-
tion rates of ATP2A1, PARGCI1A, and CNGA3 were >4%,
with the mutation rate of ATP2A1 being the highest at 5%.
However, LEP, CXCL1, HAMP, C3o0rf70, SNCG, UTS2,
and NOL3 were not significantly mutated in CRC sam-
ples. Importantly, there was a significant signature of co-
existing mutations among the 26 ERSRGs associated with
prognosis (Figure 1C). In addition, we analyzed the copy
number changes of these ERSRGs and observed that the
frequency of copy number alterations in these genes varied
significantly, with FABP4, TERT, C30rf70, and ADIPOQ
showing elevated copy numbers and NGF, UTS2, GRP,
and SNCG showing copy number loss, together indicat-
ing abnormal expression of ERSRGs (Figure 1D,E). Given
the prominent role of ERS in CRC, we sought to develop
an ERS prognostic risk score model to more accurately as-
sess the status of CRC patients. The clinical information
of the CRC samples involved in the construction of the
risk scoring model is shown in Table 1. Then 16 genes
(DDIT3, TERT, PPARGC1A, ATP2A1, GRP, TRAPI,
CD36, CXCL1, TRPV3, UTS2, OGT, NOL3, STC2, BDNF,
TIMP1 and C30rf70) were screened by LASSO Cox regres-
sion analysis to construct the model (Figure 1F,G). The
risk score was based on the following calculation: risk sc
ore=(0.107911822441034) x DDIT3 +(0.61907815848787
1) X TERT+(—0.326557849354418) x PPARGC1A+(0.731
074292272508) x ATP2A1 +(0.0987929998696706) X GRP
+(—0.616851679710394) x TRAP1 +(0.144576979652297
)X CD36+ (—0.00434466921328452) x CXCL1+(0.537783
939824743) x TRPV3 +(0.0368714196385128) x UTS2+ (0
.0579336086219892) X OGT+(0.467900143783939) x NOL
3+(0.110904469465992) X STC2 +(0.462790719366557) X
BDNF+(0.226455155291319) X TIMP1 + (—0.1192047772
7086) x C30rf70(Table S2). The high-risk group (n=270)
and low-risk group (n=270) in the training set were di-
vided according to the median value of the risk score. The
validation set was divided in the same way, and principal
component analysis (PCA) showed that the model was ef-
fective in dividing the CRC sample into high-risk and low-
risk groups (Figure 1H, I).

3.3 | Risk prediction and survival status
for the training and validation set samples

Risk curves were generated from the samples in the data-
set, where risk scores were visualized for both groups of pa-
tients (Figure 2A,B). The analysis found that the prognosis
of patients in the high-risk group was poor and worse as
the risk score increased, along with an increase in mortal-
ity (Figure 2C,D). Next, the risk histogram visually assesses

TABLE 1 Clinicopathological information of patients with
CRC in two independent cohorts.

TCGA Total GSE40967 Total
Characteristics (N=548) (N=584)
Age
>65 330 (60.22%) 367 (62.84%)
<65 218 (39.78%) 216 (36.99%)
Gender
Female 256 (46.72%) 263 (45.03%)
Male 292 (53.28%) 321 (54.97%)
Status
Alive 439 (80.11%) 384 (65.75%)
Dead 109 (19.89%) 194 (33.22%)
Unknown 0 (0%) 6 (1.03%)
Stage
Stage 0 0 (0%) 3(0.51%)
Stage I 96 (17.52%) 38 (6.51%)
Stage II 210 (38.32%) 271 (46.40%)
Stage I11 149 (27.19%) 210 (35.96%)
Stage IV 78 (14.23%) 60 (10.27%)
Unknown 15 (2.74%) 2 (0.34%)
T
T1 15 (2.74%) 12 (2.05%)
T2 96 (17.52%) 49 (8.39%)
T3 373 (68.07%) 379 (64.90%)
T4 63 (11.50%) 119 (20.38%)
Tis 1(0.18%) 3(0.51%)
Unknown 0(0%) 22 (3.77%)
N
NO 323 (58.94%) 313 (53.60%)
N1 130 (23.72%) 137 (23.46%)
N2 94 (17.15%) 100 (17.12%)
N3 0 (0%) 6 (1.03%)
NX 1(0.18%) 6 (1.03%)
Unknown 0 (0%) 22 (3.77%)
M
MO 408 (74.45%) 498 (85.27%)
M1 77 (14.05%) 61 (10.45%)
MX 55 (10.04%) 3(0.51%)
Unknown 8 (1.46%) 22 (3.77%)

the survival status in the risk score model (Figure S2A,B).
Patients with low-risk scores were found to have signifi-
cantly higher survival rates, further demonstrating that the
model can accurately stratify patients. Moreover, we used
thermography to compare the expression levels of ERSRGs
identified as affecting patient prognosis between the two
risk groups. BDNF, GRP, CD36, TIMP1, DDIT3, OGT,
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STC2, ATP2A1, NOL3, TERT, TPRV3 and UTS2 had high
levels in the high-risk group and low levels of PPARGCI1A,
C30rf70, CXCL1, and TARP1(Figure 2E,F). We also found a
significant association between these genes (Figure S2C,D).

3.4 | Predictive power of the model

In the training set, the OS of the high-risk group was lower
than that of the low-risk group (p<0.001) (Figure 3A).
ROC curves were used to validate the predictive effect of
the model on patient OS, with AUC results of 0.72, 0.76,
and 0.77 at 1, 3, and Syears, respectively (Figure 3B). To
check the reliability of the model, tests were conducted
on the validation set (GSE40967). Patients in the high-risk
group had a lower OS compared to the low-risk group
(p<0.001) (Figure 3C). The AUC values of the validation
set are shown in Figure 3D. In order to further verify the
accuracy of the prognostic model, we verified it again in

the GSE17538 dataset (p < 0.005). The results showed that
the OS of patients in the high-risk group was lower, and
the AUC value of ROC performed well (Figure 3E, F).
Through calculation, the R square of our model is about
0.70, which indicates that the predictive ability of our
prognostic risk scoring model is acceptable.

3.5 | Comparison of predictive
performance of prognostic models

In order to verify the superiority of the ER stress prognos-
tic risk scoring model, the models in previous CRC stud-
ies were compared with our model through ROC. The first
is a model for studying lipid metabolism, which is called
Yang signature according to the name of the researcher.'®
The second is a model for studying methylation, referred
to as Tan signature.'® The third is the model for studying
immune-related genes, referred to as Wen signature.17 The
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FIGURE 3 Relationship between the ERS prognostic risk model and clinicopathological features and predictive value for survival. (A)

Kaplan-Meier survival curves for the training set. (B) ROC curves for the risk model in the training set. (C) Kaplan-Meier survival curves for
the validation set (GSE40967). (D) ROC curves for the risk model in the validation set (GSE40967). (E) Kaplan-Meier survival curves for the
validation set (GSE17538). (F) ROC curves for the risk model in the validation set (GSE17538).

fourth is a model for studying fatty acid metabolism, re-
ferred to as and Ding signature.'® According to the genes
in the model, we used the R package for ROC analysis. The
results showed that the AUC values of the ERS prognostic

risk scoring model we constructed in 1, 3, Syears were
higher than those of the other four models (Figure 4A-D).
This means that our risk scoring model has better predic-
tion performance.
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3.6 | Association of clinicopathological
features with risk scores

Since different clinicopathological features have different ef-
fects on disease prognosis, the distribution of clinicopatho-
logical features in the risk score model was also explored.
The results suggest that risk scores are most strongly associ-
ated with tumor progression. Although risk scores did not
differ significantly with age or gender (Figure 5A, B), they
did increase with higher TNM stage as well as higher patho-
logical stage (Figure 5C-F). Next, the predictive ability of
risk score, age, gender, and pathological stage on prognosis
was compared, with the risk score having the highest AUC
(0.786), indicating that the risk score showed the best pre-
dictive ability (Figure 5G). The C-index showed that the risk
score performed better than other clinical features and the
accuracy of the prediction results was higher (Figure 5H).
Figure 51,J indicate that age and risk score were shown to be
independent predictors of OS (p<0.001).

3.7 | Construction of a nomogram for
predicting survival

A nomogram predicting OS in CRC was constructed
by combining gender, risk score, pathological stage,
and age from the training set (Figure 6A). The cali-
bration curves for 1, 3 and 5years demonstrate the ac-
curacy of the nomogram (Figure 6B). Cox regression
analysis eventually revealed that only nomogram was
an independent predictor (p<0.05) (Figure 6C,D).
Figure 6E-G show the AUC for risk score, nomogram,
age, gender, and pathological stage at 1, 3, and 5years,
with the nomogram having the highest AUC of 0.780,
0.812, and 0.823, respectively. Figure 6H-J shows the
DCA analysis containing various clinicopathologi-
cal features at 1, 3 and 5years. The tree plots visually
show that the nomogram for the prognostic risk score
model performs best in the DCA curves at 1, 3, and
5Syears.
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3.8 | Response to chemotherapy and
changes in expression of related genes

Since patients with CRC are routinely treated with chemo-
therapy after surgery, the response of patients in the model to

chemotherapeutic agents was explored. The “pRRophetic’

1]

in the R software was used to analyze the association be-
tween risk scores and chemotherapy treatment outcomes.
Samples in the low-risk group were better treated with 5-FU,
and the IC50 increased with higher risk scores (Figure 7A,B).
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Progression-free survival (PFS) also showed significant dif-
ferences between subgroups in the training set, suggest-
ing that risk scores can stratify chemotherapy-resistant
patients(p<0.001) (Figure 7C). Mutant BRAF and TP53
had a high-risk score, as did wild-type APC (Figure 7D-G).

In addition, most of the genes associated with m6A differed
significantly in the ERS prognostic risk score model such as
YTHDF2, YTHDF3, FTO, METTL4, RTCB, GPM6A, SRSF3,
and CAPRIN1, which could provide help in finding thera-
peutic targets for chemotherapy resistance (Figure 7H).
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3.9 |
prognostic model

Immune-related features in the ERS

ESTIMATE score (p<0.001), immune score (p<0.05)
and stromal score (p<0.001) were significantly different
between the two groups, indicating that ERS profoundly
affects immune and stromal cell infiltration (Figure 8A).

Figure 8B, C show the correlation of immune score and
stromal score with risk score, respectively. Next, risk scores
for invasive immune cells were studied using different
software (FigureS3A). In addition, we found significantly
more abundant immunosuppressive cell infiltration and
high levels of regulatory T cells (Tregs) in the high-risk
group, which was consistent with a survival disadvantage
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in the high-risk group, while T cell CD4 memory rest-
ing (p<0.001), dendritic cells resting (p <0.01), dendritic
cells activated (p<0.001), and plasma cells (p <0.001) of
low level of infiltration (Figure 8D). In previous reports,

activation of type I interferon (IFN-I) signaling could ben-
efit tumor patients in immunotherapy.’**" In this study,
IFN-I response was enhanced in the high-risk group, im-
plying that immunosuppressed patients can improve their
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prognosis with immunotherapy (Figure 8E). To predict the
response of CRC patients to immunotherapy, the correla-
tion between immune checkpoints and ERS was further
investigated (Figure 8F). Our results showed that ERS risk
score was positively correlated with most immune check-
points, such as PDCD1 (PD-1), CD274 (PD-L1), CTLA-
4, LAG3, TIGIT, and HAVCR2 (TIM-3). In addition, we
found that PD-1, TIGIT, TIM-3, and CTLA-4 expression
was higher in the high-risk group (Figure S3B). The abil-
ity of the ERS risk model to predict CRC prognosis was
explored through an immunotherapy cohort (Table S3).
The results showed that patients in the high-risk group
had a significantly poorer response to immunotherapy in
the absence of any immunotherapy, and this result was
maintained when immunotherapy only against CTLA4
was administered (Figure 8G, H). In addition, TIDE scores
for the training set were obtained (Table S4) and analyzed
between the ERS risk groups (Figure S3C). As TIDE pre-
diction scores increased, prognostic outcomes decreased,
indicating again that the low-risk group exhibited better
prognoses. Next, analysis of immunosuppressive gene
expression in different subgroups of the model revealed
that most immunosuppressive genes were expressed at in-
creased levels in the high-risk group (Figure S3D), which
may account for the poor immunotherapy effect in this
group of patients.

3.10 | Functional enrichment
analysis and PPI network of DEGs
in the model

To better understand the role of the genes, functional
enrichment analysis was performed on DEGs from both
risk groups. GO results showed that these genes are
involved in pathways including extracellular regions,
extracellular region fractions, structural molecular activ-
ity, molecular functional regulators, ER, and extracellu-
lar structural organization (Figure 9A). KEGG analysis
showed significant enrichment for such terms as human
papillomavirus infection, ECM-receptor interaction,
phagosome, PI3K-Akt signaling pathway, WNT signal-
ing pathway, PPAR signaling pathway, and estrogen
signaling pathway (Figure 9B). The online site STRING
was used to study the protein interactions of DEGs in
the risk group, and PPI networks were duly generated
(Figure S4A). Visualization of the PPI data was done
in Cytoscape software, with elevated and decreased
gene expression marked in red and green, respectively
(Figure 9C). Then Cytoscape's plugin cytoHubba was
used to filter the hub genes in the DEGs, and the top
10 were ranked as shown in Figure 9D. The differences
in hub genes were then compared between normal and

tumor tissue. The results revealed that SPP1, COMP,
THBS2, SERPINEL, and COL11A1 were highly expressed
in tumor tissues, while MYH11, TAGLN, and CNN1 were
lowly expressed (Figure S4B-I). Prognostic value analy-
sis showed that of the eight hub genes mentioned above
with statistically significant differences, only the expres-
sion of SPP1, TAGLN, COMP, SERPINE1, COL11A1, and
CNN1 mRNAs affected the prognosis (Figures 9E-H;
Figure S4J-M), with levels of SPP1, COMP, SERPINEI,
and COL11A1 being, more specifically, associated with
poor prognosis. To verify the differential expression of
SPP1, COMP, SERPINE], and COL11A1 between nor-
mal and CRC tissues, g-PCR was performed on normal
and tumor biopsies from 11 CRC patients (Figure 91-L).

4 | DISCUSSION
CRC is a malignant disease of the gastrointestinal tract
with high morbidity and mortality. Despite advances in
surgery and chemoradiotherapy, the prognosis of CRC re-
mains unsatisfactory. Therefore, exploring new prognos-
tic indicators and treatment methods are critical.
Recently, ERS has become an increasingly attractive
research field across various cancer types. During ERS, a
series of intracellular stimuli activate UPR and integrate
signal transduction pathways through three different re-
ceptors, IREla, PERK, and ATFS, to restore the balance of
ER. When ERS leads to UPR, it either promotes cell sur-
vival by increasing the level of protein folding, or leads
to apoptosis.”?> Numerous studies have pointed out that
ERS is not only involved in the development of multi-
ple tumors but can also affect chemoresistance, immune
function and invasive metastasis of tumor cells.”** In
CRC, when ERS, IRE1la is activated to produce XBP1s by
cutting mRNA, while XBP1s acts as a transcription factor
binding to IREla promoter to transcribe IRE1 a to form
an IRE1a-XBP1s axis to induce cancer cell proliferation.?
In the process of ERS-induced epithelial-mesenchymal
transformation (EMT), GRP78/PERK signaling path-
way is activated, which promotes nuclear translocation
of ATF4 and increases the transcriptional activity of
interleukin-like met inducers, which accelerates tumor
progression.27 In pancreatic cancer, activation of ERS
induces the epithelial-mesenchymal transition, which
exacerbates tumor cell invasion and metastasis and con-
tributes to accelerated tumor progression.”® Importantly,
ERS has also been shown to induce activation of the
elF2a/ATF4 axis, and increased eIF2a phosphorylation
leads to increased chemoresistance in CRC.%? In addition,
ERS can also influence therapeutic efficacy-including
that of immunotherapy-by reshaping the tumor microen-
vironment.*® However, the combined role of ERSRGs is



GENG ET AL. dici 12013
Cancer Medicine -WI1 LEY—I—
[Open Acces:3
e <
S 6
(A) ®) 543
2 &
% P -logl0(pvalue)
-logl 0(pvalue) %,
L6 % 100 15 20 25 30 35 40
KEGG Pathways
O Terms S R
® . ECM-receptor interaction
extraccllular region matri @ Staphylococcus aureus infection
@ cxtracellular matrix Spagosome
@ extracellular region part . .
@ extracellular matrix structural constituent : IS_I“"“"G }‘°"f‘:]°“e b'f’sy“'hf“s"s
@ structural molecule activity uman papi ?m”""".s n °§ ion P4s0
© extracellular matrix organization @PPAR si nalion e y
§ il e on AR ALYl
@ endoplasmic reeulum lumen @ Wnt sigualing pathway _
molecular function regulator @ Pentose and glucuronate interconversions
endoplasmic retioulum @ AGE-RAGE signaling pathway in diabetic complications
Porphyrin and chlorophyll mefabolism
Estrogen signaling pathway
PI3K-Ak signaling pathway
(©) (D) Faces
e / \ ADAM12
N st
A £ LMOD1
IX ’q/ RBPMS2
o @ N
S SYNI e
& 2};- PLN
2/ % AN
— OLR1
KRT14 ‘ /‘ NS ACTG2 L
INUR S
DASZ 2P < N
mMep —— CNMI -; W SERPINE1 MARCO
Paiy
> )
NS
COL10A1 | N A e
1 sl
N
T
SPOCK1 e
THBS4
o
®) e () e (@) et = (H) L
1.00 1.00 1.00 1.00
2075 2075 2078 >075
= = il =
g 2 3 2
[ ° [ g
5050 5050 5050 5.0.50
] s S T
g $ 2 ]
: H z 2
@025 @025 @ 025 ]
. ¥ a
p=0.004 p<0.001 p<0.001 B o011
0.00 000 0.00 0.00
012 3 456 7 8 6101112 0123 4 56 7 8 9101112 01234 56 7 8 91011 12 612 345678 810112
Time(years) Time(years) Time(years) Time(years)
M 70000 ) 25000 K, o
8 @ 3 80000 < 400
® ° (3 °
H — H - K] o K]
2 - < <
< 60000 < z - o
z z & 70000 Z 300
[ o £ €
5 £ 15000 - z
- o W prt _
& 50000 5 Z 20000 < 200
o ° 5 5
2] o 5 3
o
z 2 ” < 100+
s 2 ° o
3 43888 = % £ 509838 g
© o s ]
© K] K K
0 0 s o 2 o

Tumor Normal Tumor Normal

Tumor Normal Tumor Normal

FIGURE 9 Visualization of the PPI network. (A, B) Circle diagram for GO and KEGG analysis. (C) PPI network processed by
Cytoscape. Red represents DEGs expressing up-regulation. blue represents DEGs expressing down-regulation. (D) Top 10 hub genes selected
by cytoHubba. (E-H) Survival analysis of SPP1(E), COMP(F), SERPINE1(G) and COL11A1(H). (I-L) qRT-PCR analysis to validate the
expression of SPP1(I), COMP(J), SERPINE1(K), and COL11A1(L) in normal and tumor tissues.

not fully clear, and their impact on CRC necessitates addi-
tional investigation.

In this study, a new risk score model was developed to
assess the impact of ERS on the prognosis of CRC. PCA
analysis showed that the prognostic risk score model was
effective in stratifying patients with CRC. Compared with
other prognostic studies of CRC, we have constructed a

risk curve and risk histogram that can more intuitively
show that death increases with the increase of risk score.
In terms of clinicopathological factors, although our
model performs poorly in terms of age and sex compared
with other models, our model has great advantages in
distinguishing T, N, M stages and pathological stages.
Kaplan-Meier curves show significantly shorter survival
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times for patients in the high-risk group. The validation
sets (GSE40967 and GSE17538) validate the results of the
training set and shows that the predictive power of our risk
scoring model is reliable. However, in the validation set
GSE40967, although our model performed well in predict-
ing OS, it performed poorly in predicting 1-, 3-, and 5-year
survival (AUC =0.61). In the validation set GSE17538, the
1-, 3- and 5-year survivals performed well (AUC=0.77).
This may be due to other reasons such as geography, race,
data collection methods and sample testing methods.
Therefore, in order to further verify the prediction perfor-
mance of the model, we will further verify the data col-
lected by ourselves and the data set GSE32323. Compared
with the models of other studies, the prognostic model we
constructed has the best predictive performance. In addi-
tion, nomograms combining risk scores and clinicopath-
ological features were used to explore the potential of the
model. The results show that the prediction ability of the
nomograms constructed by us has been further improved.
The performance of our established nomograms was con-
firmed by calibration plots and DCA analysis. Compared
with other studies, the DCA decision curve we introduced
can help clinicians.

We also investigated the effect of ERS on CRC che-
motherapy. Not only was the high-risk group more re-
sistant to the chemotherapeutic agent 5-FU, but the
risk score was positively correlated with resistance to
5-FU. Meanwhile, patients with high-risk scores had
lower PFS. In conclusion, our risk score model can
provide prediction of 5-FU efficacy for patients. Gene
mutations have been reported to cause poor progno-
sis due to chemotherapy resistance in tumor patients,
and this study also analyzed common gene mutations
in CRC.*'"** Our study found that mutated BRAF and
TP53 have higher risk scores, which means that patients
have a worse prognosis. Since mutations in BRAF and
TP53 genes usually lead to poor outcomes of chemother-
apeutic drugs or targeted drugs, our risk model can also
provide predictions for patients’ drug therapy.** Recent
studies have identified m6A-related genes involved in
the resistance to chemotherapies, immunotherapies,
and other targeted therapies in some tumors.*>® Studies
have also reported that m6A-related genes are involved
in the development of CRC.>"* Therefore, this study
also explored the relationship between risk models and
mo6A-associated genes. The results showed that m6A-
related genes showed significant differences in the mod-
els, however, the specific mechanisms of action of these
genes in CRC need to be further investigated.

ERS affects a variety of immune processes, includ-
ing the production of pro-inflammatory cytokines,
regulation of immune cells, antigen presentation, mon-
itoring of cellular status, and maintenance of immune

tolerance.® ERS has also been shown to influence tumor
immunity. In breast cancer, ERS promotes miR-27a-3p
expression, which then upregulates PD-L1 through the
MAGI2/PTEN/PI3K axis, ultimately contributing to
immune evasion by the tumor."* In this study, immune
microenvironment analysis showed that patients with
high-risk scores had high ESTIMATE, immune and
stromal scores. This may be one of the reasons for the
high mortality rate of patients in the high-risk group.
As major components of the tumor microenvironment,
immune cells are also capable of being affected by ERS,
which can alter tumor cell progression.*® Based on dif-
ferential immune cell analysis, we found a higher en-
richment of Tregs and immunosuppression-associated
macrophages in the high-risk group. Tregs are immu-
nosuppressive cells that can directly kill effector T cells
as well as block their cellular messages via secretion
of inhibitory cytokines.*! The high infiltration of Treg
cells leads to increased mortality in CRC patients.***
Immune checkpoints are potential targets for cancer
treatment, and inhibitors blocking key checkpoint mol-
ecules have shown impressive anti-cancer effects. In this
study, 45 immune checkpoint-associated genes were an-
alyzed, and the risk score was able to assess the impact
of immune checkpoints on immunotherapy. Analysis of
TCIA and TIDE scores showed a poorer response in the
high-risk group, possibly due to the combination of mul-
tiple ERS pathways altering the cellular immune status
and thus leading to immune escape.'®** Moreover, some
specific immunosuppressive genes were elevated in
the high-risk group, which may also contribute to the
poorer outcome of immunotherapy in this group of pa-
tients. Taken together, targeting ERS in tumor cells may
help to enhance the efficacy of current forms of tumor
immunotherapy.

In order to further explore the role of ERSRGs in
CRC, we analyzed the DEGs of two subgroups with
significant differences. SPP1, COMP, SERPINE]1, and
COL11A1 were found to be essential. SPP1 is a secreted
glycoprotein that affects the adhesion, proliferation,
differentiation, migration, and survival of a variety of
cells.**® In CRC, increased expression of SPP1 affects
the growth, invasion, and metastasis of CRC cells.”’
COMP is a soluble pentameric glycoprotein that affects
the stability of the extracellular matrix.** COMP has
also been shown to collaborate with the EMT pathway,
leading to more aggressive tumor cells.*” SERPINEI,
an activator of tissue fibrinogen and inhibitor of ade-
nosine uridylate phosphate, was shown to be involved
in ovarian cancer chemoresistance via the EMT path-
way.” A study has shown that SERPINE1 expression is
enhanced in CRC and is associated with tumor aggres-
siveness, but the exact mechanism of this effect remains
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to be investigated.”® COL11A1 is an isoform of fibrillar
collagen that is involved in the proliferation, migration
and apoptosis of cancer cells.*** In CRC, high expres-
sion of COL11A1 was not only positively correlated with
the tumor stage but also with the malignant behavior
of CRC, and miR-339-5p could down-regulate COL11A1
expression and inhibit colorectal progression.”> We have
verified the mRNA levels of these genes in CRC spec-
imens by qRT-PCR; however, further basic studies are
needed to elucidate their functions in CRC. In CRC, the
discovery of ERS-related prognostic key genes has pro-
vided new clues to explore the molecular pathways of
ERS and new ideas for the study of targeted therapies
in CRC.

There are some limitations to this study. First, our data
are from public datasets with incomplete relevant clinical
information, and therefore more multicentre clinical spec-
imens would be beneficial in understanding the role of ERS
in CRC. Second, it is not clear why immune checkpoint-
related gene expression is high in the high-risk group, but
the response to immunotherapy against immune check-
points is poor; more in-depth studies will be required to
reveal the reasons for this. Finally, further basic experimen-
tation based upon this work would be critical in determin-
ing the specific mechanism of action of ERS in CRC.

5 | CONCLUSION

This study provides a new and accurate protocol for
predicting the prognosis of CRC patients. In view of the
considerable prognostic ability of our model and its ac-
curate prediction of treatment outcomes, our risk score
model can be used as a new tool for patients to choose
treatment. Given the importance of ERS in CRC, a more
in-depth study of its specific mechanism of action is
warranted.

AUTHOR CONTRIBUTIONS

Jingbo Geng: Data curation (equal); software (equal); vis-
ualization (equal); writing - original draft (equal). Yunkai
Guo: Formal analysis (equal); software (equal). Mingjie
Xie: Methodology (equal); supervision (supporting); vali-
dation (supporting). Zhipeng Li: Investigation (equal);
methodology (equal); software (equal); supervision
(equal); validation (equal). Peng Wang: Methodology
(supporting); software (supporting). Donghui Zhu:
Data curation (supporting); methodology (supporting);
software (supporting); visualization (supporting). Jing
Li: Funding acquisition (equal); project administration
(equal); writing — original draft (equal); writing - review
and editing (equal). Xiaopeng Cui: Conceptualization
(lead); resources (lead).

. 12015
Cancer Medicine _ “WI LEYJ—

ACKNOWLEDGMENTS
We thank Prof. Xiaopeng Cui for his careful guidance and
Dr. Jing Li for her financial support.

CONFLICT OF INTEREST STATEMENT
The authors declare that we do not have any possible con-
flict of interest.

DATA AVAILABILITY STATEMENT

The validation set data was deposited in NCBIGEO
(https://www.ncbi.nlm.nih.gov. Accessed 26 May 2022).
The training set data was downloaded from the TCGA
official website (http://gdc.cancer.gov. Accessed 26
May 2022). Endoplasmic reticulum stress gene set from
GeneCards  database  (https://www.genecards.org/.
Accessed 26 May 2022). TCIA pair column data from on-
line site (http://tcia.at/. Accessed 23 July 2022). TIDE data
from a web page (http://tide.dfci.harvard.edu/. Accessed
23 July 2022).

FUNDING STATEMENT

Funding for this study was obtained from the Nantong
Science and Technology Foundation grant (MS22019008,
JC22022009, JC22022027), the Project of Health
Committee of Nantong (QA2020018, MB2021046), and by
Nantong University Pre-Research Project (17ZY36).

ETHICS STATEMENT

This study was approved by the Ethics Committee of
Nantong University Hospital (project number: 2022-
L090). All patients signed an informed consent form.

ORCID
Xiaopeng Cui @ https://orcid.org/0000-0002-9862-2451
REFERENCES

1. Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, Jemal
A. Global cancer statistics 2018: GLOBOCAN estimates of inci-
dence and mortality worldwide for 36 cancers in 185 countries.
CA Cancer J Clin. 2018;68(6):394-424. doi:10.3322/caac.21492

2. Keum N, Giovannucci E. Global burden of colorectal cancer:
emerging trends, risk factors and prevention strategies. Nat
Rev Gastroenterol Hepatol. 2019;16(12):713-732. doi:10.1038/
541575-019-0189-8

3. Wang C, Miller SM, Egleston BL, Hay JL, Weinberg DS. Beliefs
about the causes of breast and colorectal cancer among women
in the general population. Cancer Causes Control. 2010;21(1):99-
107. doi:10.1007/s10552-009-9439-3

4. Li N, Lu B, Luo CY, et al. Incidence, mortality, survival, risk
factor and screening of colorectal cancer: a comparison
among China, Europe, and northern America. Cancer Lett.
2021;522:255-268. doi:10.1016/j.canlet.2021.09.034

5. Provenzale D, Ness RM, Llor X, et al. Colorectal cancer screen-
ing, version 2.2020 featured updates to the NCCN guidelines.


https://www.ncbi.nlm.nih.gov
http://gdc.cancer.gov
https://www.genecards.org/
http://tcia.at/
http://tide.dfci.harvard.edu/
https://orcid.org/0000-0002-9862-2451
https://orcid.org/0000-0002-9862-2451
https://doi.org//10.3322/caac.21492
https://doi.org//10.1038/s41575-019-0189-8
https://doi.org//10.1038/s41575-019-0189-8
https://doi.org//10.1007/s10552-009-9439-3
https://doi.org//10.1016/j.canlet.2021.09.034

mil_wl LEY_Cancer Medicine

10.

11.

12.
13.

14.

15.

16.
17.
18.

19.

20.

21.

GENG ET AL.

J Natl Compr Canc Netw. 2020;18(10):1313-1320. doi:10.6004/
jncen.2020.0048

Bhandari A, Woodhouse M, Gupta S. Colorectal cancer is
a leading cause of cancer incidence and mortality among
adults younger than 50years in the USA: a seer-based analysis
with comparison to other young-onset cancers. J Invest Med.
2017;65(2):311-315. doi:10.1136/jim-2016-000229

Dekker E, Tanis PJ, Vleugels JLA, Kasi PM, Wallace MB.
Colorectal cancer. Lancet. 2019;394(10207):1467-1480.
doi:10.1016/s0140-6736(19)32319-0

Wu JC, Qiao S, Xiang YE, et al. Endoplasmic reticulum
stress: multiple regulatory roles in hepatocellular carci-
noma. Biomed Pharmacother. 2021;142:112005. doi:10.1016/j.
biopha.2021.112005

Long D, Chen K, Yang YM, Tian XD. Unfolded protein re-
sponse activated by endoplasmic reticulum stress in pancreatic
cancer: potential therapeutical target. Front Biosci-Landmark.
2021;26(12):1689-1696. doi:10.52586/5061

Song M, Cubillos-Ruiz JR. Endoplasmic reticulum stress re-
sponses in intratumoral immune cells: implications for can-
cer immunotherapy. Trends Immunol. 2019;40(2):128-141.
doi:10.1016/j.it.2018.12.001

Chen X, Cubillos-Ruiz JR. Endoplasmic reticulum stress sig-
nals in the tumour and its microenvironment. Nat Rev Cancer.
2021;21(2):71-88. doi:10.1038/s41568-020-00312-2

Sicari D, Fantuz M, Bellazzo A, et al. Mutant P53 improves
cancer cells' resistance to endoplasmic reticulum stress by
sustaining activation of the Upr regulator Atf6. Oncogene.
2019;38(34):6184-6195. doi:10.1038/s41388-019-0878-3
Salaroglio IC, Panada E, Moiso E, et al. Perk induces resis-
tance to cell death elicited by endoplasmic reticulum stress
and chemotherapy. Mol Cancer. 2017;16:91. doi:10.1186/
$12943-017-0657-0

Yao XL, Tu'Y, Xu YL, Guo YY, Yao F, Zhang XH. Endoplasmic
reticulum stress-induced exosomal mir-27a-3p promotes im-
mune escape in breast cancer via regulating PD-L1 expres-
sion in macrophages. J Cell Mol Med. 2020;24(17):9560-9573.
doi:10.1111/jcmm.15367

Yang C, Huang S, Cao F, Zheng Y. A lipid metabolism-related
genes prognosis biomarker associated with the tumor immune
microenvironment in colorectal carcinoma. BMC Cancer.
2021;21(1):1182.

Tan S, Gui W, Wang S, Sun C, Xu X, Liu L. A methylation-based
prognostic model predicts survival in patients with colorectal
cancer. J Gastrointest Oncol. 2021;12(4):1590-1600.

Wen S, He L, Zhong Z, Mi H, Liu F. Prognostic model of col-
orectal cancer constructed by eight immune-related genes.
Front Mol Biosci. 2020;7:604252.

Ding C, Shan Z, Li M, Chen H, Li X, Jin Z. Characterization of
the fatty acid metabolism in colorectal cancer to guide clinical
therapy. Mol Ther Oncolytics. 2021;20:532-544.

Zaretsky J, Garcia-Diaz A, Shin D, et al. Mutations asso-
ciated with acquired resistance to PD-1 blockade in mel-
anoma. N Engl J Med. 2016;375(9):819-829. do0i:10.1056/
NEJMo0al604958

Shin D, Zaretsky J, Escuin-Ordinas H, et al. Primary resistance
to PD-1 blockade mediated by JAK1/2 mutations. Cancer
Discov. 2017;7(2):188-201. d0i:10.1158/2159-8290.Cd-16-1223
Lu C, Klement J, Ibrahim M, et al. Type I interferon suppresses
tumor growth through activating the Stat3-granzyme B pathway

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

in tumor-infiltrating cytotoxic T lymphocytes. J Immunother
Cancer. 2019;7(1):157. doi:10.1186/s40425-019-0635-8

Oakes SA, Papa FR. The role of endoplasmic reticulum stress in
human pathology. Annu Rev Pathol. 2015;10:173-194.

Wei JC, Fang DY. Endoplasmic reticulum stress signaling
and the pathogenesis of hepatocarcinoma. Int J Mol Sci.
2021;22(4):1799. doi:10.3390/ijms22041799

Han CC, Wan FS. New insights into the role of endoplasmic
reticulum stress in breast cancer metastasis. J Breast Cancer.
2018;21(4):354-362. doi:10.4048/jbc.2018.21.e51

Bahar E, Kim JY, Yoon H. Chemotherapy resistance explained
through endoplasmic reticulum stress-dependent signaling.
Cancers. 2019;11(3):338. doi:10.3390/cancers11030338

Liu S, Gao Q, Li Y, et al. Xbpls acts as a transcription factor of
IREla and promotes proliferation of colon cancer cells. Arch
Biochem Biophys. 2023;737:109552.

Yuan H, Zhao Z, Guo Z, Ma L, Han J, Song Y. A novel Er stress
mediator TMTC3 promotes squamous cell carcinoma progres-
sion by activating GRP78/PERK signaling pathway. Int J Biol
Sci. 2022;18(13):4853-4868.

Sheng WW, Wang GS, Tang JT, et al. Calreticulin promotes
EMT in pancreatic cancer via mediating Ca®* dependent acute
and chronic endoplasmic reticulum stress. J Exp Clin Cancer
Res. 2020;39(1):209. doi:10.1186/s13046-020-01702-y

Guo B, Xiong X, Hasani S, et al. Downregulation of PHLPP in-
duced by endoplasmic reticulum stress promotes EIF2o phos-
phorylation and chemoresistance in colon cancer. Cell Death
Dis. 2021;12(11):960. doi:10.1038/s41419-021-04251-0

Nie ZY, Chen M, Wen XH, et al. Endoplasmic reticulum
stress and tumor microenvironment in bladder cancer: the
missing link. Front Cell Dev Biol. 2021;9:683940. doi:10.3389/
fcell.2021.683940

Suda K, Mitsudomi T. Role of Egfr mutations in lung can-
cers: prognosis and tumor chemosensitivity. Arch Toxicol.
2015;89(8):1227-1240. doi:10.1007/s00204-015-1524-7

Wang Q, Shi Y, Zhou K, et al. Pik3ca mutations confer resis-
tance to first-line chemotherapy in colorectal cancer. Cell Death
Dis. 2018;9(7):739. doi:10.1038/s41419-018-0776-6

Blandino G, Levine A, Oren M. Mutant P53 gain of function:
differential effects of different P53 mutants on resistance of
cultured cells to chemotherapy. Oncogene. 1999;18(2):477-485.
doi:10.1038/sj.0nc.1202314

Correction: MEK plus PI3K/mTORC1/2 therapeutic ef-
ficacy is impacted by Tp53 mutation in preclinical mod-
els of colorectal cancer. Clin Cancer Res. 2016;22(15):3982.
doi:10.1158/1078-0432.Ccr-16-1206

Shriwas O, Mohapatra P, Mohanty S, Dash R. The impact of
M6a RNA modification in therapy resistance of cancer: impli-
cation in chemotherapy, radiotherapy, and immunotherapy.
Front Oncol. 2021;10:612337. doi:10.3389/fonc.2020.612337
Qin S, Mao YT, Wang HF, Duan YX, Zhao LQ. The interplay be-
tween M6a modification and non-coding RNA in cancer stem-
ness modulation: mechanisms, signaling pathways, and clinical
implications. Int J Biol Sci. 2021;17(11):2718-2736. d0i:10.7150/
ijbs.60641

Gao Y, Wang H, Chen S, et al. Single-cell N-methyladenosine
regulator patterns guide intercellular communication of tumor
microenvironment that contribute to colorectal cancer pro-
gression and immunotherapy. J Transl Med. 2022;20(1):197.
doi:10.1186/s12967-022-03395-7


https://doi.org//10.6004/jnccn.2020.0048
https://doi.org//10.6004/jnccn.2020.0048
https://doi.org//10.1136/jim-2016-000229
https://doi.org//10.1016/s0140-6736(19)32319-0
https://doi.org//10.1016/j.biopha.2021.112005
https://doi.org//10.1016/j.biopha.2021.112005
https://doi.org//10.52586/5061
https://doi.org//10.1016/j.it.2018.12.001
https://doi.org//10.1038/s41568-020-00312-2
https://doi.org//10.1038/s41388-019-0878-3
https://doi.org//10.1186/s12943-017-0657-0
https://doi.org//10.1186/s12943-017-0657-0
https://doi.org//10.1111/jcmm.15367
https://doi.org//10.1056/NEJMoa1604958
https://doi.org//10.1056/NEJMoa1604958
https://doi.org//10.1158/2159-8290.Cd-16-1223
https://doi.org//10.1186/s40425-019-0635-8
https://doi.org//10.3390/ijms22041799
https://doi.org//10.4048/jbc.2018.21.e51
https://doi.org//10.3390/cancers11030338
https://doi.org//10.1186/s13046-020-01702-y
https://doi.org//10.1038/s41419-021-04251-0
https://doi.org//10.3389/fcell.2021.683940
https://doi.org//10.3389/fcell.2021.683940
https://doi.org//10.1007/s00204-015-1524-7
https://doi.org//10.1038/s41419-018-0776-6
https://doi.org//10.1038/sj.onc.1202314
https://doi.org//10.1158/1078-0432.Ccr-16-1206
https://doi.org//10.3389/fonc.2020.612337
https://doi.org//10.7150/ijbs.60641
https://doi.org//10.7150/ijbs.60641
https://doi.org//10.1186/s12967-022-03395-7

GENG ET AL.

. 12017
Cancer Medicine _ “WI LEYJ—

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

Yue C, Chen J, Li Z, Li L, Chen J, Guo Y. Microrna-96 promotes
occurrence and progression of colorectal cancer via regulation
of the AMPKa2-FTO-M6a/MYC axis. J Exp Clin Cancer Res.
2020;39(1):240. d0i:10.1186/s13046-020-01731-7

Lan H, Liu Y, Liu J, et al. Viatumor-associated macro-
phages promote oxaliplatin resistance METTL3-mediated
Ma of TRAF5 and necroptosis in colorectal cancer. Mol
Pharm. 2021;18(3):1026-1037. doi:10.1021/acs.molpharma-
ceut.0c00961

Bettigole SE, Glimcher LH. Endoplasmic reticulum stress
in immunity. In: Littman DR, Yokoyama WM, eds. Annual
Review of Immunology. Vol 33. Annual Review of Immunology;
2015:107-138.

Ohue Y, Nishikawa H. Regulatory T (Treg) cells in can-
cer: can Treg cells be a new therapeutic target? Cancer Sci.
2019;110(7):2080-2089. doi:10.1111/cas.14069

Tanaka A, Sakaguchi S. Targeting Treg cells in cancer immu-
notherapy. Eur J Immunol. 2019;49(8):1140-1146. doi:10.1002/
€j1.201847659

Salama P, Phillips M, Grieu F, et al. Tumor-infiltrating FOXP3+
T regulatory cells show strong prognostic significance in col-
orectal cancer. J Clin Oncol. 2009;27(2):186-192. d0i:10.1200/
jc0.2008.18.7229

Rubio-Patino C, Bossowski JP, Chevet E, Ricci JE. Reshaping
the immune tumor microenvironment through Irel sig-
naling. Trends Mol Med. 2018;24(7):607-614. doi:10.1016/j.
molmed.2018.05.005

Yi X, Luo L, Zhu Y, et al. Spp1 facilitates cell migration and
invasion by targeting Colllal in lung adenocarcinoma. Cancer
Cell Int. 2022;22(1):324. doi:10.1186/s12935-022-02749-x
Matsubara E, Komohara Y, Esumi S, et al. Sppl derived from
macrophages is associated with a worse clinical course and
chemo-resistance in lung adenocarcinoma. Cancers (Basel).
2022;14(18):4374. doi:10.3390/cancers14184374

Xu CJ, Sun LC, Jiang CH, et al. Spp1, analyzed by bioinformat-
ics methods, promotes the metastasis in colorectal cancer by
activating Emt pathway. Biomed Pharmacother. 2017;91:1167-
1177. d0i:10.1016/j.biopha.2017.05.056

48.

49.

50.

51.

52.

53.

Kong L, Tian Q, Guo F, et al. Interaction between cartilage
oligomeric matrix protein and extracellular matrix pro-
tein 1 mediates endochondral bone growth. Matrix Biol.
2010;29(4):276-286. doi:10.1016/j.matbio.2010.01.007

Nfonsam VN, Nfonsam LE, Chen D, et al. COMP gene co-
expresses with EMT genes and is associated with poor sur-
vival in colon cancer patients. J Surg Res. 2019;233:297-303.
doi:10.1016/j.jss.2018.08.021

Pan J-X, Qu F, Wang F-F, et al. Aberrant SERPINE1 DNA methyl-
ation is involved in carboplatin induced epithelial-mesenchymal
transition in epithelial ovarian cancer. Arch Gynecol Obstet.
2017;296(6):1145-1152. doi:10.1007/s00404-017-4547-x
Mazzoccoli G, Pazienza V, Panza A, et al. Arntl2 and Serpinel:
potential biomarkers for tumor aggressiveness in colorectal can-
cer. J Cancer Res Clin Oncol. 2012;138(3):501-511. doi:10.1007/
s00432-011-1126-6

TuH, LiJ, Lin L, Wang L. COL11A1 was involved in cell prolif-
eration, apoptosis and migration in non-small cell lung cancer
cells. J Invest Surg. 2021;34(6):664-669. doi:10.1080/08941939.2
019.1672839

Liu W, Meng K. COL11A1 is downregulated by Mir-339-5p and
promotes colon carcinoma progression. Can J Gastroenterol
Hepatol. 2022;2022:8116990. d0i:10.1155/2022/8116990

SUPPORTING INFORMATION

Additional supporting information can be found online
in the Supporting Information section at the end of this
article.

How to cite this article: Geng J, Guo Y, Xie M,
et al. Characteristics of endoplasmic reticulum
stress in colorectal cancer for predicting prognosis
and developing treatment options. Cancer Med.
2023;12:12000-12017. doi:10.1002/cam4.5874



https://doi.org//10.1186/s13046-020-01731-7
https://doi.org//10.1021/acs.molpharmaceut.0c00961
https://doi.org//10.1021/acs.molpharmaceut.0c00961
https://doi.org//10.1111/cas.14069
https://doi.org//10.1002/eji.201847659
https://doi.org//10.1002/eji.201847659
https://doi.org//10.1200/jco.2008.18.7229
https://doi.org//10.1200/jco.2008.18.7229
https://doi.org//10.1016/j.molmed.2018.05.005
https://doi.org//10.1016/j.molmed.2018.05.005
https://doi.org//10.1186/s12935-022-02749-x
https://doi.org//10.3390/cancers14184374
https://doi.org//10.1016/j.biopha.2017.05.056
https://doi.org//10.1016/j.matbio.2010.01.007
https://doi.org//10.1016/j.jss.2018.08.021
https://doi.org//10.1007/s00404-017-4547-x
https://doi.org//10.1007/s00432-011-1126-6
https://doi.org//10.1007/s00432-011-1126-6
https://doi.org//10.1080/08941939.2019.1672839
https://doi.org//10.1080/08941939.2019.1672839
https://doi.org//10.1155/2022/8116990
https://doi.org/10.1002/cam4.5874

	Characteristics of endoplasmic reticulum stress in colorectal cancer for predicting prognosis and developing treatment options
	Abstract
	1|INTRODUCTION
	2|METHODS
	2.1|Data and clinical information access
	2.2|Functional enrichment analysis of ERSRGs in normal and tumor samples
	2.3|Development and validation of risk scoring models
	2.4|Construction and verification of nomograms
	2.5|Drug sensitivity and immune cell analysis
	2.6|Protein–­protein interaction network analysis
	2.7|Quantitative real-­time PCR
	2.8|Statistical analysis

	3|RESULTS
	3.1|Enrichment analysis of ERSRGs
	3.2|Screening EERSRGs and constructing risk score models
	3.3|Risk prediction and survival status for the training and validation set samples
	3.4|Predictive power of the model
	3.5|Comparison of predictive performance of prognostic models
	3.6|Association of clinicopathological features with risk scores
	3.7|Construction of a nomogram for predicting survival
	3.8|Response to chemotherapy and changes in expression of related genes
	3.9|Immune-­related features in the ERS prognostic model
	3.10|Functional enrichment analysis and PPI network of DEGs in the model

	4|DISCUSSION
	5|CONCLUSION
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT

	FUNDING STATEMENT
	ETHICS STATEMENT
	REFERENCES


