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ABSTRACT

Endoplasmic reticulum stress (ERS) has been implicated in the pathogenesis of various cancers, including
colon cancer, by regulating tumor cell survival, growth, and immune response. However, the specific
genes involved in ERS that could serve as prognostic markers in colon cancer remain underexplored. This
study aims to identify and validate endoplasmic reticulum stress related genes (ERSRGs) in colon cancer
that correlate with patient prognosis, thereby enhancing the understanding of ERS in oncological out-
comes and potential therapeutic targeting. We utilized bioinformatics analyses to identify ERSRGs from
publicly available colon cancer datasets. Differential expression analysis and survival analysis were
performed to assess the prognostic significance of these genes. Validation was conducted through
quantitative real-time PCR (RT-gqPCR) on selected colon cancer cell lines. Our study identified nine ERS
related genes (ASNS, ATF4, ATF6B, BOK, CLU, DDIT3, MANF, SLC39A14, TRAF2) involved in critical path-
ways including IL-12, PI3K-AKT, IL-7, and IL-23 signaling, and linked to 1-, 3-, and 5-year survival of
patients with colon cancer. A multivariate Cox model based on these ERS related genes demonstrated
significant prognostic power. Further, TRAF2 strong correlated with immune cells infiltration, suggesting
its potential roles in modulating immune responses in the tumor microenvironment. The RT-gPCR
validation confirmed the differential expression of these genes in human colon cancer cell lines versus
human normal colonic epithelial cell line. The identified ERSRGs could serve as valuable prognostic
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markers and may offer new insights into the therapeutic targeting of ERS in colon cancer.

Introduction

Colon adenocarcinoma (COAD) is a prevalent malignancy in
the digestive realm." According to data from the International
Cancer Research Center in 2020, COAD is the third most
common type of cancer worldwide in terms of incidence and
ranks second in mortality rates.” Due to population aging and
shifts in dietary habits, COAD is poised to surpass gastric and
liver cancers, potentially becoming the most prevalent diges-
tive tract malignancy in some countries.” The prognosis of
COAD is influenced by factors such as lymph node involve-
ment, tumor invasion depth, histological type, and vascular
infiltration.” Despite surgical resection being standard, recur-
rence rates remain high, and chemotherapy often results in
adverse effects like granulocytopenia.” The overall 5-year sur-
vival rate for COAD ranges from 12.5% to 50%, with common
metastasis to the liver, peritoneum, and lungs.® Early stages of
COAD frequently present no clear symptoms, leading to late-
stage diagnosis in about half of the cases.”

Recent advances in the diagnosis, therapy, and prognosis of
colon adenocarcinoma have significantly improved patient
outcomes, yet challenges persist. Diagnostic techniques,
including colonoscopy and liquid biopsies, have enhanced
early detection, while molecular characterization has facilitated
personalized treatment approaches, particularly through the

identification of biomarkers like KRAS and HER2, which
inform the efficacy of targeted therapies.* ' Immunotherapy,
particularly immune checkpoint inhibitors, has shown pro-
mise, especially in tumors with microsatellite instability.®
However, the majority of patients do not benefit from these
advancements, as only a small percentage exhibit these favor-
able biomarkers.*'° Furthermore, disparities in outcomes, par-
ticularly among minority populations, and the complexities of
tumor heterogeneity and metastasis remain significant
hurdles."" Addressing these challenges requires ongoing
research to enhance biomarker utility and develop novel ther-
apeutic strategies.”'?

The development and progression of COAD are driven by
a complex interplay of molecular pathways characterized by
genetic mutations and dysregulated signaling mechanisms."’
Key pathways implicated include Wnt/p-catenin, Notch, TGE-
B, EGFR/MAPK, and PI3K/AKT, which are often altered
through mutations in tumor suppressor genes and genes
involved in DNA repair."*"'® These pathways contribute to
malignant phenotypes by affecting processes such as cell
cycle regulation, apoptosis, and angiogenesis.'>'” Recent stu-
dies have identified hub genes associated with COAD progres-
sion, revealing potential biomarkers for early diagnosis and
therapeutic targets.'” Furthermore, understanding the geno-
mic and epigenomic instability in these pathways is crucial for
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developing effective treatment strategies and improving
patient outcomes.'>'®

The endoplasmic reticulum (ER) is crucial for protein fold-
ing, modification, and assembly. ER stress (ERS) occurs when
its homeostasis is disturbed by factors like ischemia, hypoxia,
or imbalances in calcium ions, leading to the unfolded protein
response (UPR).'®'” Research indicates that ERS-related genes
(ERSRGs) can serve as effective prognostic markers, with stu-
dies identifying specific gene signatures that correlate with
patient outcomes and immune response.”’ Downregulation
of EROla promote cell apoptosis induced by ER stress by
regulating the miR-101/ESZ2 axis.”' Exacerbating ERS pro-
moted cell apoptosis and increased the sensitivity of mucinous
colon cancer to chemotherapy.”> A novel ERS gene signature
showed its predictive capability for overall survival and
response to immunotherapy in COAD patients.”
Additionally, the establishment of an ERS-related prognostic
risk model has shown promise in assessing survival rates and
immune cell infiltration in colorectal cancer.”* The classifica-
tion of colorectal cancer subtypes based on ERS has revealed
distinct clinical characteristics and prognostic implications.”>”
%7 Overall, these findings underscore the importance of ERS in
cancer prognosis and treatment strategies. Targeted therapies
toward ERS have shown potential in various therapeutic con-
texts. For example, innovative nano-engineering approaches
have been explored for delivering therapeutic agents directly to
sites of ER stress in cancer cells, demonstrating a novel method
to potentially enhance treatment efficacy.”®

The prognostic value of ERSRGs in other cancer types has
been intensively evaluated.”* >* Given the limited studies eval-
uating the prognostic value of ERS gene signature and its
association with immune response in colon cancer,’>** it
would be necessary to conduct a thorough analysis to provide
deeper understanding of ERSRGs in colon cancer with well-
established approaches and novel insights. In this study, we
utilized public databases to explore the abnormally expressed
ERSRGs and screen for key biomarkers. We identified nine
new ERSRGs such as ASNS, ATF4, and TRAF2, which are
involved in crucial signaling pathways like IL-12 and PI3K-
AKT, linking them to the survival of colon cancer patients over
1-, 3-, and 5-year timelines. At the same time, a prognostic
model was constructed to validate its predictive value. We
additionally conducted RT-qPCR detection on these key
genes in the laboratory to verify their differential expression
in human colon cancer cell lines (SW48, HCT-15) and human
normal colonic epithelial cellline(CCD-841CoN).

Materials and methods
Transcriptome data acquisition and pre-processing

We used the “TCGA biolinks” package of R** to download the
Colon Adenocarcinoma (COAD) dataset from the Cancer
Genome Atlas (TCGA, https://portal.gdc.cancer.gov/). The
dataset includes 462 colon cancer samples (group: COAD)
with prognostic OS clinical information and 41 control sam-
ples (group: Control). The corresponding clinical data was
obtained from the UCSC Xena database®® (http://genome.
ucsc.edu).

Table 1. Endoplasmic reticulum stress-related genes list.

GENE GENE GENE
HSPA5 DERL1 ATP2A2
DDIT3 DERL2 0S9
HERPUD1 FICD UMOD
EIF2AK3 WFS1 BOK
ERN1 MBTPS1 PDIA4
ATF6 HMGB1 CANX
ATF4 SIRT1 ERP29
XBP1 CREB3L1 BCL2L11
EIF251 PTPN1 CCDC88B
CASP4 TMEM117 CASP7
PPP1R15A RNF183 NCK1
ATF3 CASP9 ASNS
BCL2 RTN3 TXNDC12
MAP3K5 TMBIM6 cYes
HSP90B1 CREB3L3 TGFB1
CASP3 EIF4G1 SGPP2
CEBPB DNAJB9 PPP1CB
MAPK8 EIF2AK2 SIGMAR1
SCAMP5 TMEM214 GSK3B
TMED4 BAX TMEM33
CREB3 HYOU1 UBAS
DNAJC3 CccL2 SERPINA1
TP53 PRNP CDK5RAP3
NFE2L2 DDX3X AIFM1
DDRGK1 TRIB3 UFM1
SESN2 CASP8 HERPUD2
ATF6B SLC39A14 SREBF1
P4HB PDIA3 MTOR
CALR PPP1CA TLR4
TNFRSF10B NUPR1 CLU
MBTPS2 JUN CREB3L2
DNAJC10 TRAF2 SEL1L
QRICH1 DNAJB11 AKT1
VCP PPP1CC ATP2A3
RNF186 NLRP3 PARP1
MANF DERL3

In addition, the expression profile datasets GSE39582°” and
GSE44076°® for COAD patients from the Gene Expression
Omnibus (GEO) database® were also downloaded by using
the R package “GEOquery”.** The GSE39582 dataset consists
of 566 colon samples (group: COAD) and 19 non-tumor colon
samples (group: Control). The GSE44076 dataset consists of 98
colon samples (group: COAD) and 148 normal colon samples
(group: Control).

We collected ERSRGs from the “GeneCards™' database
(https://www.genecards.org/), with the search keyword “endo-
plasmic reticulum stress”. After retaining only protein coding
genes, we screened ERSRGs by using “Relevance score > 5” to
obtain 107 ERSRGs (Table 1).

Sample-grouping based on the ERSRGs risk model

To obtain the characteristic genes of ERSRGs, we used
“glmnet” package of R** to perform the Least absolute shrink-
age and selection operator (LASSO) regression® using para-
meter set. seed (2022) and ten-fold cross validation, with each
iteration leaving one subset as the validation set and the
remaining nine as the training set, based on the expression
matrix of ERSRGs in the COAD samples in the test dataset and
ran 1000 cycles to prevent overfitting. To ensure robustness
and validity of the prognostic model, we balanced model
complexity and fit by prioritizing minimizing the mean
squared error (MSE) across the validation sets during the
cross-validation process, recorded the MSE for each lambda
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and selected the lambda that resulted in the smallest average
validation MSE. The formula of calculating risk score is:

riskScore = Z Coefficient(hubgene;)

* mRNA Expression(hubgene;)

Subsequently, we extracted the coefficient of each prognostic
ERSRG and completed the risk-score formula, which was
a tool to calculate the risk scores of all samples in the dataset.
Next, with the median of the scores as the critical value, we
divided the COAD samples into two risk groups, which were
high/low ERS-risk group (HERS/LERS group). We used the
“survival” package for Kaplan Meier (KM curve) analysis to
identify their impact over the survival rate, respectively.

GSEA and GSVA

The Gene Set Enrichment Analysis (GSEA)** determines the
contribution of a pre-defined gene set to a specific phenotype.
We ranked all the DEGs between HERS and LERS group based
on their logFC values. Next, the “clusterProfiler” package was
used to perform GSEA on all the DEGs, with the parameter
“seed” set to 2022, “calculation frequency” set to 1000, “gene
number in each gene set” set to 10, and “max gene number” set
to 500. The p-value correction method was Benjamin
Hochberg (BH). We obtained the reference gene set from the
MSigDB (Molecular signatures database 3.0)** database and
set the significantly enriched screening criteria as P.adj < 0.05
and FDR value (q.value)<0.05.

The Gene Set Variation Analysis (GSVA)*® evaluates
whether a pathway is enriched between different strains. We
also obtained reference gene set from MSigDB and performed
GSVA on the gene expression matrix of the dataset to obtain
all the enrichment pathway. We retained only the 10 pathways
with highest and lowest log,FC value for subsequent analysis.

Differential expression of ERSRGs

We compared the expression differences of prognostic
ERSRGs in the TCGA-COAD, GSE44076, and GSE39582
dataset between group COAD and Control. The results were
presented in a group comparison graph using R package
“ggplot2”. The genes showed expression difference in all
three datasets were chosen as ERS-related DEGs (ERSRDEGs).

GO and KEGG

The Gene Ontology (GO) analysis’’ and the Kyoto
Encyclopedia of Genes and Genomes (KEGG)*® were the
tools to identify the pathways that the genes were enriched.
We used R package “clusterProfiler”** for both GO and KEGG
annotation on the ERSRDEGs, with the item screening criteria:
P.adj < 0.05 and q < 0.05, and BH to correct the p value.
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Protein-protein interaction network (PPl network)

In this study, we used the STRING database to construct the PPI
network of ERSRDEGs with low confidence (0.150).° The
CHIPBase database (version 3.0) (https://rna.sysu.edu.cn/chip
base) predicts all the interactions between transcription factors
(TF) and genes. The HTFtarget®* database (http://bioinfo.life.hust.
edu.cn/hTFtarget) consists data on TFs and their corresponding
regulatory targets. We searched for all the TFs that bind to
ERSRDEGs by using both the two databases and filter them
with “Number of samples found (upstream)”>0 and “Number of
samples found (downstream)”>0. The ENCORI database™
(https://starbase.sysu.edu.cn/) contains information about the
small molecules including miRNA, ncRNA, mRNA. We searched
in the database for all the miRNAs that interact with the
ERSRDEGs. All the networks were visualized by using Cytoscape.

ROC curve

We used the “pROC” package of R to perform the ROC
analysis and calculated the area under the curve (AUC) to
evaluate the predictive effect of each ERSRDEG.

The differential expression analysis of genes among
clinical features

We compared the expression differences of ERSRDEGs among
different clinical features, including TNM stage, age, gender,
and survival outcome, to determine if ERSRDEGs are related
to the clinical features.

Constructing a prognostic model

We used the TCGA-COAD dataset to conduct a univariate
Cox regression analysis on ERSRDEGs to filter all significant
factors (genes) with p <.1 as the threshold. Before conducting
the multivariate Cox regression analysis, we verified the pro-
portional hazards assumption using graphical diagnostics with
log-minus-log survival plots, supplemented by Schoenfeld
residuals tests. We also examined the linearity assumption
between the log hazard and each continuous covariate using
Martingale residuals. To address potential multicollinearity
among the ERSRGs, we calculated the Variance Inflation
Factor (VIF) for each gene included in the model. Next, to
assess each variable’s impact on survival outcomes while
adjusting for potential confounders, we performed the multi-
variate Cox regression analysis on variables that met the
threshold and constructed the prognosis model. To assess the
accuracy of the model at different time points, we constructed
calibration curves to compare the predicted probabilities of
survival outcomes with the observed outcomes over a given
timeframe. Furthermore, we drew the forest plot and
nomogram™ based on the results and introduced the
Decision curve analysis (DCA)> to evaluate the effect of the
model which was done by the R package “ggDCA”.>®
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Figure 1. The workflow of the study. ERSRGs, endoplasmic reticulum stress related genes; TCGA, the cancer genome atlas; COAD, colon adenocarcinoma; LASSO, least
absolute shrinkage and selection operator; GSEA, gene set enrichment analysis; GSVA, gene set Variation analysis; ERSRDEGs, endoplasmic reticulum stress-related
differentially expressed genes; ssGSEA, single-sample gene-set enrichment analysis.

The analysis of immune infiltration

We analyzed and calculated the enrichment scores of each
immune cell by applying the ssGSEA algorithm in the
R package “GSVA” (version 1.46.0).°%°7 The differences in
the infiltration abundance of immune cells (IAIC) between
the two risk groups of TCGA-COAD were displayed through
boxplot plots. We also calculated the abundance correlation
between the immune cells and visualized it with a heat map by
using “corplot” package. The correlation between each IAIC

and gene was visualized through the bubble plot drawn by
R package “ggplot2”.

CIBERSORT®® is an algorithm to estimate the composition
of IAIC. We uploaded the expression matrix data of samples
between different groups to CIBERSORT (https://cibersortx.
stanford.edu/) to screen immune cells with enrichment scores
greater than zero. The differences in the IAIC between differ-
ent groups were displayed through group comparison graphs.
The correlation heat map and the bubble plot were also drawn.

RNA extraction and quantitative real-time PCR (RT-qPCR)

Cell lines SW48 (human colon cancer cells), HCT-15 (human
colorectal adenocarcinoma cells) were purchased from Wuhan


https://cibersortx.stanford.edu/
https://cibersortx.stanford.edu/

232323232322212017161513131312 8620

12.24

1214

12.04

Risk score

11.99

11.84

Partial Likelihood Deviance

11.74

Survival time

Log ()

cLu
SREBF1
SERPINA1
TGFB1
ASNS
BOK
TRAF2
== SLC39A14
MANF
ATFEB
TMED4
ATF4
DDIT3

23 21 16

0549

Coefficients
‘ )
{
{

0.09

054

Log (A)

Up

Riskscore

—

-Log 10 (Padj )

Not sig

CANCER BIOLOGY & THERAPY e 5

1.04
Low
| — High
I
1 Risk Group 08
: Low g
| High zg
1 =4
\ @ 0.6 4
1 H
1 @
! Status
| 0 0.4 4
| | Log-rank P < 0.001
I T T T T T
1 0 1000 2000 3000 4000
I Time
1.0 —
’
A
0.8 A ,
3 dr
) . =
1 & 06
| I
° = I .
-1 3
-2 k2 0.44
-3 g ~
024 " L’ lasso.risk.score
: I ! 1-year (AUC = 0.702)
7 3-year (AUC = 0.715)
L , — 5-year (AUC = 0.706)
0.0-r T T T T
0.0 0.2 0.4 06 0.8 1.0
1-Specificity (FPR)
Down group
TMED4
E ASNS
TGFB1
cLu group
SLC39A14 Low
SERPINA1 ™ High
MANF 1
E DDIT3 0
ATF4 ’;
ATF6B
TRAF2
BOK
SREBF1

Ve,

T
&
d

Log 5 (Fold Change)

Figure 2. Construction of the ERSRGs-risk model and grouping of the samples. a) the risk model diagram. b) the variable trajectory diagram. c) the risk factor
diagram. d) the prognostic KM curve. e) the ROC curve. f) the grouping comparison chart. g) the volcano map of the difference analysis results between the two risk
groups. h) a simplified numerical heatmap of ERSRGs between the two risk groups.

Shangen Biotechnology Co., Ltd., China. The CCD-841CoN
(human colonic epithelial cells) were obtained from Xiamen
Immocell Biotechnology Co., Ltd., China.Total RNA was
extracted from three cells using Trizol reagent (Cat.
#15596026, Invitrogen) following the manufacturer’s instruc-
tions. RNA quality was evaluated by 1% agarose gel electrophor-
esis, RNA concentration and purity were determined by
Nanodrop 2000 with approximately concentration of 100-250
ng/uL and an A260/A280 ratio of 1.8-2.0. Reverse transcription
was conducted using iScript™ cDNA Synthesis Kit (Cat.
#1708890, Bio-Rad). QPCR reaction system was configured for
qPCR experiment using iQ™ SYBR® Green Supermix (Cat.
#1708880, Bio-Rad). The primers of RT qPCR were designed
using primer-blast function in National Center for
Biotechnology Information and were synthesized by Sangon
Biotech (Shanghai) as follows:

GAPDH-F: AGAAGGCTGGGGCTCATTTG

GAPDH-R: GCAGGAGGCATTGCTGATGAT

ASNS-F2: TTCCAGTCCTTGCCTCATC
ASNS-R2: ATGTTGAGCCAAAGCCACT
ATF4-F2: CGCAACATGACCGAAATGA
ATF4-R2: TCTCCAGCGACAAGGCTAAG
ATF6B-F3: TGTCTCCTGGGAGATGACCC
ATF6B-R3: TCTGTCTTCACTTCCAGGACCT
BOK-F4: TTCGTGCTGCTGCCAGAGA
BOK-R4: CTGGGTCTGCGGAGGAAC
CLU-F1: TTTTATGTTGAGTTGCTGCTTC
CLU-R1: AGGGACTGTCATACCAGTGAA.
DDIT3-F2: CCACTCTTGACCCTGCTTC
DDIT3-R2: GGAAACGGAAACAGAGTGG
MANEF-F3: ACCAGGACCTCAAAGACAGAGA
MANEF-R3: GTCCTTCTTCTTAAGCTTCTCACAG
SLC39A14-F2: GGGTGCCATTTATGCTCTA
SLC39A14-R2: TGCGATGCCCTAAGTGAAG
TRAF2-F1: GCTGCCCTTGCTGTCCTGT
TRAF2-R1: GACAGGCAGAAACGAGGGC
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Table 2. Differentially expressed genes in TCGA-COAD.

GENE logFC P.Value adj.P.val B group
REG4 —1.74398 6.88E-07 1.41E-05 5.587351 down
TCN1 -1.67141 1.64E-09 1.34E-07 11.32208 down
FER1L6 —-1.645 1.66E-11 4.33E-09 15.71145 down
L1TD1 —1.44292 2.2E-06 3.46E-05 4.493539 down
REG1A —1.43916 .000148 .000921 0.568054 down
SERPINA1 -1.4191 9.87E-18 1.55E-13 29.49511 down
CLDN18 -1.41152 7.29E-06 8.57E-05 3.36834 down
B3GNT6 -1.36122 4.58E-06 5.99E-05 3.804424 down
SPINK4 —1.35662 1.4E-05 .000144 2.760718 down
XKR9 -1.354 7.51E-11 1.26E-08 14.26738 down
MuC2 —-1.33781 6.01E-06 7.4E-05 3.548258 down
SLC18A1 —1.32652 7.41E-09 4.39E-07 9.883265 down
HEPACAM2 —1.2956 4.36E-07 9.89E-06 6.017571 down
RAB27B —1.28612 4.76E-13 3.1E-10 19.11884 down
CTSE —1.2821 2.25E-05 .000211 231332 down
REG3A —1.26402 .000496 .00246 —0.54352 down
CA8 —1.26009 2.12E-08 9.99E-07 8.885605 down
KLK12 —1.23478 2.04E-07 5.63E-06 6.734587 down
CXCL8 —1.23451 3.03E-10 3.88E-08 12.93158 down
PIGR —1.23048 1.4E-05 .000145 2.755298 down
REG1B —1.22842 .00084 .003742 —1.02359 down
ATOH1 —1.22456 4.15E-07 9.56E-06 6.063899 down
PCSK1 —1.22223 5.83E-06 7.21E-05 3.577493 down
CCDC60 —1.22026 1.67E-07 4.8E-06 6.923554 down
CXCL5 -1.21911 4.38E-06 5.77E-05 3.845476 down
SDR16C5 -1.21635 3.09E-08 1.31E-06 8.52594 down
TFF1 -1.21018 1.93E-07 5.38E-06 6.789662 down
SULT1C3 —1.2001 1.26E-08 6.63E-07 9.379792 down
REP15 —1.18551 1.22E-11 3.54E-09 16.00449 down
TRPA1 —1.18478 9.85E-12 3.08E-09 16.21167 down
FAM169A —1.18031 7.59E-12 2.6E-09 16.46158 down
SLITRK6 -1.1778 1E-05 .00011 3.069072 down
TFF2 —1.14032 8.84E-06 9.94E-05 3.187774 down
CLCA1 -1.12909 .002991 .010474 —2.16943 down
IL1A —1.12542 1.34E-10 2.05E-08 13.71161 down
PADI3 -1.11839 5.91E-06 7.29E-05 3.564685 down
IL1B -1.11767 1.35E-11 3.82E-09 1591137 down
DMBT1 -1.11746 .000116 .000758 0.792245 down
FAM177B —-1.10921 2.92E-09 2.03E-07 10.77167 down
AGBL4 -1.10594 2.79E-10 3.7E-08 13.01328 down
GALNTL6 —1.10292 3.04E-08 1.3E-06 8.542144 down
ZBTB7C —1.09899 5.57E-10 6.11E-08 12.35137 down
ANXA10 —1.09695 1.2E-05 .000127 2.90005 down
LYz —1.08097 1.18E-07 3.74E-06 7.255722 down
AC005833.1 —1.06037 1.76E-08 8.67E-07 9.06209 down
ABCA12 —1.04199 8.48E-06 9.64E-05 3.226363 down
FCGBP —-1.04014 6.11E-05 .000457 1.385483 down
GABRP —1.03816 1.17E-05 .000125 2.928627 down
CLCA2 -1.03311 7.36E-08 2.59E-06 7.702652 down
CBLIF —1.03168 3.62E-06 5.04E-05 4.024506 down
SLC16A7 —-1.01844 4.5E-08 1.76E-06 8.16812 down
OLFM4 —1.01542 .002578 .009326 —2.03634 down
HSPA4L —-1.00719 1.03E-08 5.63E-07 9.569198 down
SLC4A4 —1.00023 6.66E-06 8E-05 3.452598 down
PRDM13 1.008285 5.28E-07 1.15E-05 5.8371 up
NRXN2 1.008343 1.28E-09 1.11E-07 11.5561 up
SLC13A3 1.011005 2.58E-05 .000234 2.187991 up
RNF208 1.011904 1.42E-15 3.47E-12 24.70729 up
PABPCI1L 1.013379 1.48E-12 6.7E-10 18.03265 up
NOTUM 1.015555 .0005 .002474 —0.55137 up
KIFC2 1.017578 1.03E-16 4.02E-13 27.23622 up
PRAC1 1.017868 .009486 .02653 —3.19081 up
SMTNL2 1.018777 4.78E-08 1.83E-06 8.111644 up
C6orf15 1.02825 8.46E-05 .000592 1.083942 up
RASL10B 1.028416 1.85E-09 1.45E-07 11.20767 up
B4GALNT4 1.037876 3.36E-05 .000287 1.942217 up
KCNT1 1.038877 9.1E-09 5.14E-07 9.687793 up
NATSL 1.049882 3.41E-10 4.16E-08 12.82018 up
SHISA9 1.062912 7.27E-05 .000526 1.224798 up
PLA2G12B 1.063161 .000357 .001882 —0.24402 up
IGF2 1.067601 .00034 .001811 —-0.19918 up
GDF10 1.06962 1.56E-06 2.64E-05 4.815638 up
MAP7D2 1.071725 .000182 .00109 0.376583 up
CHST13 1.079086 3.1E-10 3.93E-08 129113 up

(Continued)
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GENE logFC P.Value adj.P.val B group
NKD2 1.084929 6.8E-10 6.98E-08 12.16116 up
LY6G6F-LY6G6D 1.093004 4.59E-06 6E-05 3.80169 up
FAM155B 1.110526 7.95E-05 .000563 1.141355 up
ASCL2 1.121157 1.13E-09 1.05E-07 11.67733 up
SLC22A31 1.128049 8.2E-08 2.81E-06 7.599712 up
BRSK2 1132111 3.4E-08 1.42E-06 8.435932 up
DLX3 1.13333 6.34E-06 7.68E-05 3.498023 up
SLC6A4 1.141529 3.68E-06 5.09E-05 4.009661 up
VGF 1.161524 2.93E-12 1.16E-09 17.37398 up
ELF5 1.167268 .000149 .000927 0.560894 up
CAMKV 1.18319 3.12E-08 1.32E-06 8.516039 up
CPNE7 1.21168 3.91E-14 4.32E-11 21.52075 up
COMmP 1.212366 2.26E-06 3.53E-05 4.46708 up
SLC38A3 1.213889 1.55E-08 7.97E-07 9.178635 up
CAPS 1.217736 1.7E-16 5.54E-13 26.75249 up
TH 1.229189 1.13E-10 1.82E-08 13.87834 up
LY6G6D 1.237273 3.89E-07 9.19E-06 6.126155 up
TRIM54 1.239163 1.18E-06 2.13E-05 5.0761 up
TNNC2 1.247038 4.05E-07 9.41E-06 6.0878 up
HSPB6 1.251382 3.24E-11 6.95E-09 15.07187 up
GAL 1.256787 1.02E-07 3.34E-06 7.395465 up
ISM2 1.269116 5.15E-08 1.95E-06 8.041455 up
SLC35D3 1.27667 2.73E-07 6.91E-06 6.461026 up
URAD 1.280378 1.08E-05 .000118 3.001203 up
WIF1 1.286552 1.1E-05 .00012 2.979357 up
WNT11 1.301448 1.32E-09 1.14E-07 11.52562 up
KLRG2 1.33361 1.17E-09 1.06E-07 11.64508 up
F7 1.355957 1.7E-09 1.36E-07 11.28924 up
DRD2 1.400218 2.74E-08 1.22E-06 8.641686 up
SLC30A2 1427893 4.51E-09 2.92E-07 10.35648 up
CLDN9 1.502353 2.38E-17 1.55E-13 28.64598 up
CACNG4 1.555269 6.54E-09 3.96E-07 10.00229 up
CEL 1.561806 1.36E-07 4.15E-06 7.12362 up
MAGEB17 1.617644 5.06E-10 5.82E-08 12.44246 up
GNG4 1.62035 6.79E-09 4.05E-07 9.966799 up
PCSKTN 1.647402 5.96E-11 1.09E-08 14.48875 up
CYP2W1 1.656789 7.91E-09 4.57E-07 9.821275 up

TCGA: The cancer genome atlas. COAD: Colon adenocarcinoma.

Statistical analysis

All data processing and analysis in the study were based on
R software (Version 4.1.2). The differences between non-
normal distribution variables were analyzed through Mann
Whitney U test, while distributed variables were analyzed by
Student T test. Pearson correlation analysis was introduced to
calculate the coefficients. All statistical p-values were bilateral
with p <.05 significant.

Results

Construction of a risk model for ERSRGs and grouping of
samples

The workflow chart of this study was depicted in Figure 1. We
conducted a univariate COX analysis on 107 ERSRGs. A total
of 23 ERSRGs were obtained: DDIT3, EIF2AK3, ATF4, XBP1,
PPPIR15A, CASP3, MAPKS, TMED4, DNAJC3, ATF6B,
DNAJC10, MANF, CASP8, SLC39A14, TRAF2, BOK, CANX,
ASNS, TGFB1, TMEM33, SERPINA1, SREBFI, CLU. These
genes were input into the LASSO to further screening and
ERSRGs-risk model construction (Figure 2a). The result and
the variable trajectory map were visualized (Figure 2b). We
retained 13 ERSRGs (DDIT3, ATF4, TMED4, ATF6B, MANF,

SLC39A14, TRAF2, BOK, ASNS, TGFB1, SERPINAI, SREBFI,
CLU) as characteristic genes. We grouped the COAD samples
based on their risk scores calculated by the formula and exhib-
ited them with a risk factor map (Figure 2c).

Riskscore = MANF % —0.269340666 + SERPINA1
* —0.091310941 4 SLC39A14 * —0.087571533
+ CLU % 0.050409538 4+ TGFB1 * 0.095258705
+ TRAF2 % 0.099151578 4+ DDIT3 * 0.122236994
+ SREBF1 * 0.14089734 4+ ATF4 % 0.152580471
+ TMED4 % 0.23394756 4+ BOK * 0.249088116
+ ATF6B % 0.251062516 + ASNS * 0.743247137

KM curve analysis showed significant differences in predicting
the survival rate of COAD patients between the two risk
groups (p <.001, Figure 2d). The ERSRGs risk model demon-
strated promising predictive outcomes for 1-year, 3-year, and
5-year survival, with AUC values of 0.702, 0.715, and 0.706,
respectively (Figure 2e). Survivors had significant lower risk
scores compared with the non-survivors (Figure 2f).

We used the “limma” package for differential analysis to
obtain the DEGs between the HERS group and LERS group and
obtained a total of 19,538 genes with 111 genes met the threshold
(Table 2). A total of 57 genes were higher, while 54 genes were
lower in the HERS group (Figure 2gh).
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Figure 3. GSEA between the two groups. a) Mountain map of GSEA results. b-g) Genes are significantly enriched in biocarta_IL12 (b), PI3K/AKT (c), Wnt_signaling (d),
biocarta_IL7 (e), pid_IL23 (f), cytokines_and_inflammatory_response (g) . The screening criteria for GSEA are p .adj < .05 and FDR value (qg.value) < 0.05.

Table 3. GSEA results of TCGA-COAD dataset.

Description setSize enrichmentScore NES p.adjust qvalue
WP_CYTOKINES_AND_INFLAMMATORY_RESPONSE 26 —0.6728 —2.1336 0.0312 0.0260
PID_IL23_PATHWAY 37 -0.6120 —2.0981 0.0312 0.0260
BIOCARTA_IL7_PATHWAY 16 —0.6688 —1.8524 0.0312 0.0260
WP_LNCRNA_IN_CANONICAL_WNT_SIGNALING_AND_COLORECTAL_CANCER 93 0.4493 1.9591 0.0424 0.0353
REACTOME_NEGATIVE_REGULATION_OF_THE_PI3K_AKT_NETWORK 113 —0.3906 —1.6228 0.0424 0.0353
BIOCARTA_IL12_PATHWAY 19 —-0.6224 —1.8135 0.0424 0.0354

GSEA: Gene Set Enrichment Analysis; TCGA: The cancer genome atlas; ERSRGs: Endoplasmic reticulum stress related genes.



Table 4. GSVA results of TCGA-COAD dataset.
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logFC AveExpr adj.P.val
REACTOME_NEGATIVE_REGULATION_OF_TCF_DEPENDENT_SIGNALING_BY_DVL_INTERACTING_PROTEINS —0.30554 —0.01027 2.55E-10
REACTOME_ARACHIDONATE_PRODUCTION_FROM_DAG —0.30141 —0.00116 5.99E-09
BARRIER_CANCER_RELAPSE_NORMAL_SAMPLE_DN -0.2829 —0.17489 1.09E-16
REACTOME_VEGF_LIGAND_RECEPTOR_INTERACTIONS —0.28204 —0.02039 3.2E-09
MIKI_COEXPRESSED_WITH_CYP19A1 —0.2814 0.007306 8.44E-09
WP_MED_AND_PSEUDOACHONDROPLASIA_GENES —0.25965 —-0.017 4.73E-08
BLANCO_MELO_INFLUENZA_A_INFECTION_A594_CELLS_DN —-0.258 —-0.204 1.39E-21
REACTOME_DISEASES_OF_BASE_EXCISION_REPAIR —0.25637 —0.02188 9.57E-07
SHEDDEN_LUNG_CANCER_GOOD_SURVIVAL_A5 —0.25241 —0.06838 5.24E-18
WP_HEDGEHOG_SIGNALING_PATHWAY_WP47 —0.25058 —0.02067 1.76E-10
SPIRA_SMOKERS_LUNG_CANCER_UP 0.34095 —0.08982 2.02E-28
JONES_TCOF1_TARGETS 0.346685 —0.03404 2.03E-11
MYLLYKANGAS_AMPLIFICATION_HOT_SPOT_18 0.348213 —0.02944 4.1E-09
BARRIER_CANCER_RELAPSE_NORMAL_SAMPLE_UP 0.350544 —0.03728 1.37E-26
ZHAN_EARLY_DIFFERENTIATION_GENES_UP 0.356973 —0.00263 4.63E-15
HERNANDEZ_ABERRANT_MITOSIS_BY_DOCETACEL_4NM_DN 0.362646 —0.03538 1.36E-14
REACTOME_FASL_CD95L_SIGNALING 0.363093 —0.03228 6.61E-12
REACTOME_WAX_AND_PLASMALOGEN_BIOSYNTHESIS 0.379241 0.030213 487E-18
REACTOME_PROPIONYL_COA_CATABOLISM 0.381947 —0.04128 3.92E-14
REACTOME_ACTIVATION_OF_CASPASES_THROUGH_APOPTOSOME_MEDIATED_CLEAVAGE 0.432089 —-0.01617 1.1E-19

GSVA: Gene Set Variation Analysis; TCGA: The cancer genome atlas; COAD: Colon adenocarcinoma; ERSRGs: Endoplasmic reticulum stress related genes.

GSEA analysis

GSEA analysis (Figure 3a) showed that the genes were signifi-
cantly enriched in biocarta IL-12 (Figure 3b), PI3K/AKT
(Figure 3c), Wnt signaling (Figure 3d), biocarta IL-7
(Figure 3e), PID IL-23 (Figure 3f), cytokines and inflammatory
response (Figure 3g). ((Table 3) for specific pathways).

GSVA analysis

We conducted GSVA and selected the 10 pathways with the
highest and the lowest log,FC value (a total of 20). The results
of the genes were enriched in TCF dependent signaling, ara-
chidonate production from DAG, VEGF ligand receptor inter-
actions (Table 4, Figure 4a,b).

Differential expression analysis of ERSRGs

Next, we compared the expression of 13 ERSRGs (DDIT3,
ATF4, TMED4, ATF6B, MANF, SLC39A14, TRAF2, BOK,
ASNS, TGFB1, SERPINAI, SREBFI, CLU) between COAD
and control group in the TCGA-COAD, GSE39582,
GSE44076 datasets. To avoid any potential inconsistency
and batch effect between different datasets, the comparison
of ERSRGs were conducted independently. In the TCGA-
COAD dataset (Figure 5a), the expression levels of 11
ERSRGs (ASNS, ATF4, ATF6B, BOK, CLU, DDIT3, MANF,
SLC39A14, SREBF1, TMED4, TRAF2) exhibited significant
change, with 9 ERSRGs upregulated and 2 downregulated
(p <.05). In the dataset GSE39582 (Figure 5b), there was
a statistically significant difference (p < .05) in the expression
levels of 11 ERSRGs (ASNS, ATF4, ATF6B, BOK, CLU,
DDIT3, MANF, SLC39A14, TGFBI, TMED4, TRAF2), with
8 ERSRGs upregulated and 3 downregulated. In the dataset
GSE44076 (Figure 5¢), ASNS, ATF4, ATF6B, BOK, CLU,
DDIT3, MANF, SERPINA1I, SLC39A14, TGFBI, and TRAF2
showed statistical differences (p <.05) with 9 upregulated
and 2 downregulated. We intersected the three sets of sig-
nificantly expressed ERSRGs and obtained 9 ERSRDEGs,

ASNS, ATF4, ATF6B, BOK, CLU, DDIT3, MANF,
SLC39A14, TRAF?2 for further analysis.

GO and KEGG analysis

The results of GO and KEGG analysis showed that 9
ERSRDEGs were mainly enriched in GO items as “response
to ERS”, “response to topologically incorrect protein”, “regula-
tion of response to ERS”, “response to unfolded protein”,
“intrinsic apoptotic signaling pathway”, “ubiquitin protein
ligase binding”, “DNA-binding transcription activator activ-
ity” and KEGG pathways such as “Protein processing in endo-
plasmic reticulum”, “INF signaling pathway”, “Apoptosis”,

“MAPK signaling”, etc. (Table 5, Figure 6(a-e)).

The construction of PPl network

The PPI network of 9 ERSRDEGs was constructed based on
STRING database (Figure 7a). A total of 38 pairs of interaction
between 6 ERSRDEGs (ATF4, BOK, DDIT3, MANF,
SLC39A14, TRAF2) and 28 TFs were obtained (Figure 7b and
Table 6). A total of 45 pairs of mRNA-miRNA interactions
consists of 5 mRNA (CLU, DDIT3, MANF, SLC39A14,
TRAF2) and 28 miRNA molecules were obtained and visua-
lized through the network (Figure 7c and Table 7). In addition,
we also used the “RCircos” package to annotate the chromo-
some localization of 9 ERSRDEGs (Figure 7d).

Clinical analysis of ERSRDEGs

Then we plotted a diagnostic ROC curve based on the expres-
sion of 9 ERSRDEGs (ASNS, ATF4, ATF6B, BOK, CLU,
DDIT3, MANF, SLC39A14, TRAF2) in the TCGA-COAD
dataset. From the graph, CLU (AUC =0.936,) showed highest
accuracy in predicting survivorship in COAD patients, fol-
lowed by ASNS (AUC=0.873), ATF4 (AUC=0.732), BOK
(AUC=0.725), DDIT3 (AUC=0.845), MANF (AUC=
0.850), and TRAF2 (AUC=0.878), ATF6B (AUC =0.604)
and SLC39A14 (AUC=0.604) (Figure 8(a-h)). The 7
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Figure 4. GSVA between the two groups. a-b) the heatmap (a) and group comparison (b). *p < .05, **p < .01, ***p <.001.

ERSRDEGS (ASNS, ATF4, BOK, CLU, DDIT3, MANF, TRAF2)
with high AUC were used in the subsequent analysis.

We compared the expression differences of 7 ERSRDEGs
among different clinical features (Figure 9(a-f)). The expres-
sion of DDIT3 was found to be significantly different
between T1+T2 and T3 samples, also T1+T2 and T4 samples
(Figure 9a). The expression of BOK, CLU, and DDIT3

showed significant differences between NO and N2 samples;
additionally,the expression of DDIT3 was significantly dif-
ferent between NO and N1 samples(Figure 9b). The expres-
sion of ASNS, CLU, DDIT3, and MANF between M0 and M1
samples were significantly different (Figure 9¢). The expres-
sion levels of CLU in patients with age > 65 were significantly
lower than its expression in patients with age <65



Table 5. GO and KEGG enrichment analysis results of endoplasmic reticulum stress.
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ONTOLOGY ID Description p.adjust qvalue

BP G0:0034976 response to endoplasmic reticulum stress 1.69E-09 7.82E-10
BP G0:0035966 response to topologically incorrect protein 8.29E-09 3.85E-09
BP G0:1905897 regulation of response to endoplasmic reticulum stress 3.37E-08 1.56E-08
BP G0:0006986 response to unfolded protein 3.69E-07 1.71E-07
BP G0:0097193 intrinsic apoptotic signaling pathway 5.65E-06 2.62E-06
CC G0:0090575 RNA polymerase Il transcription regulator complex 0.008401 0.005225
CC GO0:0005667 transcription regulator complex 0.024624 0.015316
CC G0:0016234 inclusion body 0.016432 0.010221
CC GO0:0031901 early endosome membrane 0.043701 0.027182
KEGG hsa04141 Protein processing in endoplasmic reticulum 0.000804 0.000385
KEGG hsa04668 TNF signaling pathway 0.004418 0.002114
KEGG hsa04210 Apoptosis 0.004627 0.002214
KEGG hsa04010 MAPK signaling pathway 0.009955 0.004763
KEGG hsa04911 Insulin secretion 0.012157 0.005817
MF G0:0031625 ubiquitin protein ligase binding 0.005314 0.002276
MF G0:0044389 ubiquitin-like protein ligase binding 0.005314 0.002276
MF G0:0046982 protein heterodimerization activity 0.005314 0.002276
MF G0:0001228 DNA-binding transcription activator activity, RNA polymerase ll-specific 0.010182 0.00436
MF G0:0001216 DNA-binding transcription activator activity 0.010182 0.00436

GO: Gene Ontology; BP: biological process; CC: cellular component; MF: molecular function; KEGG: Kyoto Encyclopedia of Genes and Genomes.

(Figure 9d). No difference was found between male and
female (Figure 9¢). We divided the TCGA-COAD samples
into survivor group and non-survivor group based on survi-
val outcome, the expression of BOK, DDIT3, and TRAF2
were lower in the survivor group compared with the non-
survivor group (Figure 9f).

Prognostic model building

We have collected the clinical information of samples with
COAD that obtained from the TCGA-COAD dataset after
removing duplicate samples (Table 8). Then we conducted
Cox regression analysis on the expression of ERSRDEGs
(ASNS, ATF4, BOK, CLU, DDIT3, MANF, TRAF2) based on
the dataset and constructed a prognosis model (Table 9). To
address potential multicollinearity among the ERSRGs, we
calculated the Variance Inflation Factor (VIF) for each gene
included in the model (Supplementary Table S1). In our
analysis, all VIF values were below the commonly accepted
threshold (typically a VIF of 5 or 10), indicating a low risk of
multicollinearity among the variables. To evaluate the predic-
tive power of the model, we calculated Harrell’s concordance
index (C-index). Our model achieved a C-index of 0.66 (95%
CI: 0.629-0.692), indicating a reasonable predictive accuracy.
A forest map was to display the results (Figure 10a) and
a formula was formed.

Riskscore = —2.972992754 + ASNS * 0.727036866 + ATF4
*0.24622324 + BOK * 0.394914969 4+ CLU
+ 0.081710475 + DDIT3 % 0.182170641 + MANF
* —0.454273837 + TRAF2 % 0.359211043

Then we constructed a nomogram with the coefficients
obtained by the formula (Figure 10b). According to the nomo-
gram, BOK has the highest contribution to the model com-
pared to other variables.

In addition, the calibration curves of the nomogram were
plotted (Figure 10(c-¢)). The results of DCA showed that the

clinical predictive effect of our constructed model was 5- year
> 3- year > 1- year (Figure 10(f-h)).

Immune differences comparison based on ssGSEA
algorithm

After applying the ssGSEA algorithm, we compared the
differences of IAIC between the two risk groups and
showed the results in comparison chart (28 immune cell
types) (Figure 11a), of which 11 immune cell types of TIAIC
showed significance (p <.05). Pearson statistical algorithm
showed that in both risk groups, positive correlations were
found between the 11 types of IAICs, with the most sig-
nificant difference being B cell and the Activated dendritic
cell (Figure 11(b-c)). The study found significant correla-
tions between the expression levels of 7 ERSRDEGs and 11
types of immune cells across both risk groups (Figure 11
(d-e)). In the LERS group (Figure 11d), the strongest
correlation existed between CD56dim natural killer cells
and TRAF2; CD56dim natural killer cells showed
a significant positive correlation with all ERSRDEGs except
for ASNS; The Effector memory CD4" T cell, Eosinophil,
and Memory B cell were significantly negatively correlated
with all ERSRDEGs except for ASNS and CLU. In the
HERS group (Figure 11e), the strongest correlation existed
between Immature B cells and CLU.

Immune difference comparison based on CIBERSORT

The results of CIBERSORT showed that 22 types of IAICs in
the TCGA-COAD sample (Figure 12a), in which 9 types of
IAICs exhibited significance (p <.05). Pearson statistical
algorithm showed that in the LERS score group, the correla-
tion between Neutrophils and Mast cells activated exhibited
the most significant difference (Figure 12b); In the HERS
group, the correlation between CD8" T cell and CD4" mem-
ory T cell resting exhibited the strongest significance
(Figure 12). The analysis revealed a consistent pattern of



12 (&) W.XUETAL

a TCGA-COAD

] .
# . = H [ = . . L

6 - ! — s . . 2xx £ Control

! ) = . == . B3 coAD
4 - . : . S
’ l . ' . .

1 1 I T T I I 1 Ll 1 1 1
Al & S § & & &£ £ 8 &
& &
GSE39582

- = Control
L |

1 3 " %ﬂ%#*%

4
T T T T T T T T T T T T T
> o ~ » ~ ~ >
F & & § ¢ & & 5 F F & & &
< < < Q N & S & L N &
& &
c GSE44076
124 i
 — *%
[ | s ~—
]

81 - %* £3 Control
— £3 COAD
6 ’ =5 oM . e
M

T T I T T T T T 1 T T T
< Ay & Q N & S & L N
& G &
& &

Figure 5. Differential expression analysis of ERSRGs between COAD and Control group from three datasets a-c) group comparison of expression levels of ERSRGs in the
TCGA-COAD (a), GSE39582 (b), and GSE44076 (c) dataset.*p < .05, **p <.01, ***p < .001.

positive and negative correlations between 9 types of Laboratory verification of the expression of ERSRDEGs
immune cells and 7 ERSRDEGs within both the LERS and Next, we examined the expression of ERSRDEGs in human

HERS groups (Figure 12(d-e)), with the strongest correlation ;1121 colonic epithelial and CRC cancer cells. The gene
between CD4* resting memory T cell and ASNS in the LERS expression of ASNS, ATF4, BOK, DDIT3, MANF and TRAF2
group, T cell regulation (Tregs) and TRAF2 in the HERS i W48 and HCT-15 cells was significantly higher than that
group. in CCD-841 CoN cells, while ATF6B, CLU and SLC39A14
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genes was lower than that of CCD-841 CoN cells (Figure 13),
which is consistent with the former data analysis.

Discussion

In recent years, although the treatment of COAD has made
significant progress, its incidence rate has increased year
by year, and the five-year survival rate is still low. ERS is widely
present in various tumors and is closely related to the survival
and drug resistance of tumor cells. Therefore, designing and
developing anti-tumor targeted drugs targeting the ERS

signaling pathway has become a current research hotspot. In
our study, we identified several ERSRGs in colon adenocarci-
noma that significantly correlate with patient prognosis. These
genes provide potential targets for improving therapeutic stra-
tegies and enhancing prognostic accuracy in this challenging
disease.

Recent studies have explored the role of ER stress in tumor
progression and as a potential therapeutic target.”> °> The ER
regulates cellular homeostasis, and disruptions in its function
activate the unfolded protein response (UPR), particularly
under conditions like hypoxia and chemotherapy.®® ER stress



Table 6. mRNA-TF interaction network.

mRNA Transcription factor mRNA Transcription factor
ATF4 E2F1 MANF BRD4
ATF4 SMARCA4 SLC39A14 CTCF
BOK TFAP2C SLC39A14 E2F8
DDIT3 EGR1 SLC39A14 MAX
DDIT3 ELF1 SLC39A14 SMARCA4
DDIT3 EP300 SLC39A14 STAG1
DDIT3 ERG SLC39A14 TFAP2A
DDIT3 FLIT SLC39A14 TFAP2C
DDIT3 FOXA1 SLC39A14 USF1
DDIT3 HDAC1 TRAF2 E2F1
DDIT3 MAZ TRAF2 ELF1
DDIT3 NR2F2 TRAF2 ERG
DDIT3 SMARCA4 TRAF2 ETS1
DDIT3 SPI1 TRAF2 ETV1
DDIT3 VEZF1 TRAF2 GABPA
DDIT3 WDR5 TRAF2 NRF1
DDIT3 ZNF384 TRAF2 BRD4
MANF ETS1 TRAF2 TFAP2A
MANF MAZ TRAF2 ZBTB7A

TF: Transcription factors.

Table 7. mRNA-miRNA interaction network.
mRNA miRNA mRNA miRNA
CcLu hsa-miR-15a-5p SLC39A14 hsa-miR-26a-5p
CLu hsa-miR-15a-5p SLC39A14 hsa-miR-26b-5p
CLU hsa-miR-16-5p SLC39A14 hsa-miR-33a-5p
CLU hsa-miR-16-5p SLC39A14 hsa-miR-33a-5p
CcLu hsa-miR-103a-3p SLC39A14 hsa-miR-33a-5p
CLu hsa-miR-103a-3p SLC39A14 hsa-miR-181a-5p
CLU hsa-miR-103a-3p SLC39A14 hsa-miR-181b-5p
CLU hsa-miR-15b-5p SLC39A14 hsa-miR-181c-5p
CcLu hsa-miR-15b-5p SLC39A14 hsa-miR-218-5p
CLu hsa-miR-185-5p SLC39A14 hsa-miR-218-5p
CcLu hsa-miR-185-5p SLC39A14 hsa-miR-200b-3p
CLU hsa-miR-301a-3p SLC39A14 hsa-miR-191-5p
CcLu hsa-miR-130b-3p SLC39A14 hsa-miR-191-5p
CLu hsa-miR-424-5p SLC39A14 hsa-miR-106b-5p
CLU hsa-miR-424-5p SLC39A14 hsa-miR-34b-5p
CLU hsa-miR-503-5p SLC39A14 hsa-miR-34b-5p
CcLu hsa-miR-503-5p SLC39A14 hsa-miR-34b-5p
CLu hsa-miR-454-3p SLC39A14 hsa-miR-342-3p
CLU hsa-miR-301b-3p SLC39A14 hsa-miR-324-5p
DDIT3 hsa-miR-23b-3p SLC39A14 hsa-miR-429
MANF hsa-miR-101-3p TRAF2 hsa-miR-328-3p
MANF hsa-miR-23b-3p TRAF2 hsa-miR-328-3p
SLC39A14 hsa-miR-15a-5p

contributes to tumor growth, inflammation, invasion, and
treatment resistance.”* In endometrial cancer, specific ER
stress-related genes correlate with immune response and che-
motherapy efficacy, providing a prognostic risk signature.®®
Additionally, ER stress-induced protein misfolding supports
cancer cell proliferation and survival.”® Modulating ER stress
may also enhance tumor immunity, as it has both pro- and
anti-tumorigenic effects, depending on the cellular context.”’
In gynecologic tumors, ER stress impacts apoptosis pathways,
influencing cancer cell survival and highlighting the need for
understanding ER-associated molecular mechanisms.®®

For lung adenocarcinoma, a prognostic model based on
ER stress-related genes links ERS to patient survival, guiding
therapy decisions and underscoring its prognostic impact.®’
A recent study reported an endoplasmic reticulum stress-
responsive genes-based prognostic model for colon cancer.”
In endometrial cancer, an ER stress gene-based risk
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signature has been associated with patient outcomes and
immune response, offering insights into prognosis.”’
Furthermore, ER stress modulation is shown to improve
cancer immunotherapy by enhancing anti-tumor immunity,
reflecting its dual role in both pro- and anti-tumorigenic
processes.67 Additionally, markers like GRP78 in endome-
trial cancer may predict occult carcinoma and treatment
response, underscoring ERS’s relevance in prognosis.”’
These findings collectively highlight the potential of ERS in
developing therapeutic and prognostic strategies across var-
ious cancers.

In this study, we collected 107 ERSRGs and conducted COX
univariate analysis by using the expression matrix of these
genes in the TCGA-COAD dataset. We further used LASSO
to screen for genes with prognostic significance and validated
them in the GEO dataset, ultimately identifying 9 genes closely
related to the prognosis of colon cancer: ASNS, ATF4, ATF6B,
BOK, CLU, DDIT3, MANF, SLC39A14, TRAF2.

These genes are all associated with ERS. Among them,
ATF6B/DDIT3/MANF are genes directly related to ERS. The
protein encoded by ATF6B is a TF in the UPR pathway during
ERS and is an important ERS sensing protein. Under resting
state, ATF6B protein binds to GRP78/BIP protein, presenting
an inactive state. During ERS, ATF6B protein dissociates from
GRP78 and transfers to Golgi apparatus, where it is enzyma-
tically hydrolyzed and activated, releasing functional frag-
ments containing alkaline leucine zipper domains that enter
the nucleus and activate transcription of downstream
genes.”>”> DDIT3 encodes a TF called CCAAT/enhancer bind-
ing protein (C/EBP), associated with adipogenesis and ery-
thropoiesis, activated by ERS and promoting cell apoptosis.”*
The protein encoded by the MANF gene is located in the
endoplasmic reticulum (ER) and Golgi apparatus, reducing
its expression increases susceptibility to ERS-induced death
and leads to cell proliferation.”

The other five genes are indirectly related to ERS and
belong to downstream activating proteins of ERS. ASNS
encodes asparagine synthase, ATF4 encodes proteins that
belong to DNA binding proteins, and BOK encodes proteins
that belong to the BCL2 family;”® The protein encoded by the
CLU gene is a secret chaperone, which can also be found in the
cytoplasm of cells under certain stress conditions; SLC39A14
encodes a zinc transporter protein; TRAF2 encodes a TNF
receptor related factor.”” The ERS response caused by glucose
deprivation will lead to a significant increase in the transcrip-
tion of ASNS gene.”® Inhibition of disulfide bonds caused by
cell hypoxia can damage protein folding in the endoplasmic
reticulum, thereby activating ATF4 and generating adaptive
signaling pathways.”” B-cell lymphoma type 2 (BCL-2) killer
(BOK) can selectively regulate the apoptotic response to ER
stress. The specific expression of these proteins reflects that the
ERS process is a self-protective function of cells. During ERS,
cells increase the expression of stress protein genes, upregu-
lates endoplasmic reticulum chaperone proteins, inhibits pro-
tein translation, and initiates endoplasmic reticulum related
protein degradation, improving cellular physiological status,
and strengthening the self-repairing function of the endoplas-
mic reticulum.®® These genes are all ERS-related and help us
dive further into the devotion of ERS to tumors.
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Figure 8. ROC curve of ERSRDEGs. a-I) the ROC curves of ASNS (a), ATF4 (b), ATF6B(c), BOK (d), CLU (e), DDIT3(f), MANF(g),SLC39A14 (h), TRAF2(i)in the TCGA-COAD

dataset with sample information (OS survival outcome).

In the GO/KEGG functional analysis of 9 ERSRDEGs, we
found that these genes are mainly enriched in the response to
ERS, response to topological error proteins, regulation of ERS
response, response to unfolded proteins, protein processing,
TNF signaling pathway, and intrinsic apoptosis signaling
pathway, which is consistent with the function analysis of
each gene. In tumor cells, ERS regulate autophagy and apop-
tosis to induce cell death. When ERS is over severe or persis-
tent, the UPR initiates endoplasmic reticulum related cell
apoptosis mediated by TF C/EBP homologous proteins and
caspase 12, clearing damaged cells and preventing further
damage.®'

We plotted the survival ROC curve and found that all nine
genes were able to accurately predict patient death. Among

them, ASNS, ATF4, BOK, CLU, DDIT3, MANF, and TRAF2
had a prediction rate of AUC > 0.7 for patient death. Through
differential analysis, it was found that there were differences in
the expression of certain specific genes among different clinical
features (case stage T, N, M, age), which revealed a correlation
between these seven genes and the clinical characteristics of
patients. Therefore, we constructed a prognostic model for
colon cancer using these seven genes and plotted a column
chart. This prognostic model has accurate predictive effects on
the 1-year, 3-year, and 5-year outcomes of patients, especially
for the best 5-year survival rate. The prognosis prediction
model has good application value.

To explore the biological function and involvement path-
ways of ERSRDEGs in colon cancer, we constructed a risk
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Figure 9. Clinical correlation analysis of ERSRDEGs. a-f) the expression of ERSRDEGs were compared among different groups in pathological stage T (a), pathological
stage N (b), pathological stage M (c), age (d), gender (e), and survival outcome (f).*p < .05, **p < .01

Table 8. Patient characteristics of COAD patients in the TCGA datasets.
overall

characteristics
Pathologic T stage, n (%)

T1&T2 94 (19.7%)
T3 323 (67.7%)
T4 60 (12.6%)
Pathologic N stage, n (%)

NO 284 (59.4%)
N1 108 (22.6%)
N2 86 (18%)
Pathologic M stage, n (%)

MO 349 (84.1%)
M1 66 (15.9%)
Age, n (%)

<65 194 (40.6%)
>65 284 (59.4%)
Gender, n (%)

Female 226 (47.3%)
Male 252 (52.7%)

ASNS, median (IQR)
ATF4, median (IQR)
BOK, median (IQR)
CLU, median (IQR)
DDIT3, median (IQR)

0.28167 (0.17932, 0.44055)
6.7543 (6.453, 7.0782)
3.7826 (3.2001, 4.2203)

2.7959 (1.9633, 3.66)
3.2636 (2.8485, 3.7115)
MANF, median (IQR) 5.3896 (5.1095, 5.729)
TRAF2, median (IQR) 3.424 (3.1726, 3.7304)

TCGA: The cancer genome atlas; COAD: Colon adenocarcinoma.

model based on LASSO analysis and divided the sample of
colon cancer patients into LERS/HERS groups for comparison.
GSEA enrichment analysis found that the pathway with

significantly enriched differential genes is biocarta_IL12,
PI3K_AKT, biocarta_IL7, pid_IL23, these pathways are all
related to cytokines and inflammatory responses. Chronic
inflammation caused by the activation of inflammasome
plays a central role in all stages of tumor development, includ-
ing immune suppression, proliferation, angiogenesis, and
metastasis. Inflammatory factors can cause ERS and activate
UPR. Metabolic factors can all induce ERS and inflammatory
responses in various cells. The possible mechanism is the
imbalance of calcium ion balance in the endoplasmic reticu-
lum caused by cytokines and metabolic factors, as well as the
interference of free radical accumulation with protein folding
and mitochondrial metabolism.*

The PI3K/AKT/mTOR pathway is important for tumor cell
proliferation and metabolism, standing for a target of tumor.
A study by Hsu HS et al.** on pulmonary fibrosis suggests that
PI3K/AKT plays an upstream role in ER stress, affecting the
proliferation of lung fibroblasts and leading to bleomycin
induced pulmonary fibrosis. It is speculated that PI3K/AKT
can phosphorylate IkB kinase, leading to the degradation of
IxB and the release of NF-kB, which transfers into the nucleus,
activating the transcription of inflammatory genes, and caus-
ing ERSs. PI3K/AKT has become a target pathway for inhibit-
ing ERS. Zhang Y et al.* found in their study that leptin
inhibit the activation of ERS through the PI3K/Akt pathway,
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Table 9. COX regression analysis to ERSRGs associated with OS in TCGA-COAD.

Characteristics Total(N)  HR (95% Cl) Univariate analysis  p value Univariate analysis ~ HR (95% Cl) Multivariate analysis  p value Multivariate analysis
ASNS 462 2.036 (1.027-4.038) 0.042 2.069 (0.883-4.848) 0.094
ATF4 462 1.413 (0.952-2.098) 0.086 1.279 (0.801-2.042) 0.302
BOK 462 1.429 (1.106-1.846) 0.006 1.484 (1.123-1.962) 0.006
CLU 462 1.151 (0.992-1.335) 0.064 1.085 (0.924-1.274) 0.319
DDIT3 462 1.278 (1.002-1.630) 0.048 1.200 (0.897-1.605) 0.220
MANF 462 0.749 (0.545-1.028) 0.074 0.635 (0.419-0.962) 0.032
TRAF2 462 2.015 (1.286-3.157) 0.002 1.432 (0.877-2.338) 0.151

COAD: Colon adenocarcinoma; ERSRGs: Endoplasmic reticulum stress related genes.
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Figure 10. Construction of the prognostic model. a) the forest map. b) the column chart of the model. c-e) the calibration curves of nomogram for 1-year (c), 3-year (d),
and 5-year (e). f-h) DCA plots of the model for 1-year (f), 3-year (g), and 5-year (h). DCA, decision curve analysis.

thereby alleviating symptoms of cerebral ischemia. However, The GSVA results found that the differential genes between
no application has been seen in colorectal cancer. LERS/HERS risk groups were enriched in TCF dependent
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Figure 11. Immune characteristics between the two groups by ssGSEA. a) the comparison chart of immune infiltration. b-c) the correlation analysis results between
immune cells in the low ers-risk group (b) and high ers-risk group (c). d-e) correlation plot between immune cells and ERSRDEGs in the low ers-risk group (d) and high

ers-risk group (e).ns, no significance;*p < .05, **p < .01, ***p < .001.

signaling by dvl, arachidonate production from DAG, VEGF
ligand receiver interactions, etc. It is speculated that these
pathways are mostly related to the cellular repair function
after ERS response. However, the interaction between ERS
and these pathways still requires in-depth analysis.

We used the ssGSEA algorithm to calculate and compare
the infiltration abundance between LERS/HERS groups of 28
immune cells and found 11 differentially expressed.
Correlation analysis showed a strong correlation between
TRAF2 and CD56dim natural Kkiller cells, while CD56dim
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Figure 12. Immune characteristics between the two groups by CIBERSORT. a) the comparison chart of immune infiltration with abundance > 0. b-c) the correlation
risk group (d) and high ers-risk group (e). ns, no significance;*p < .05, **p < .01, ***p <.001.
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natural killer cells were correlated with almost all ERSRDEGs.
This suggests that CD56dim natural killer cells and TRAF2
gene may become targets for immunotherapy. We also used
the CIBERSORT algorithm and found that the TRAF2 gene
has the strongest correlation with T cell regulation, indicating
that TRAF2 is a promising target for immunotherapy.

The ERSRGs identified as prognostic markers in our study
could serve as direct targets for novel therapeutic agents. Drugs
designed to modulate the activity of these genes might help in
alleviating endoplasmic reticulum stress, potentially reducing
tumor viability and enhancing the effectiveness of existing
treatments. Understanding the role of ERSRGs in the patho-
genesis of colon adenocarcinoma could lead to more effective
combination therapy strategies. For example, combining ER
stress-modulating drugs with conventional therapies such as
chemotherapy or radiation might enhance therapeutic out-
comes by attacking multiple pathways critical for cancer cell
survival and proliferation.

There are still some limitations in this study. Firstly, we
identified specific ERS gene biomarkers with great prognostic
value for COAD, but without confirmation in large-scale clin-
ical studies. We intend to collaborate with clinical partners to
obtain a broader range of colon cancer samples. This will allow
us to validate our findings across a more diverse patient
cohort, thereby enhancing the generalizability of our results.
Secondly, some deep-seated regulatory pathways and axes still
need to be further explored, such as the impact of P3IK/AKT
on ERS. We need to conduct in vitro and in vivo assays to
examine the effect of these genes on cancer cell proliferation,
migration, apoptosis, and explore the therapeutic implications
of ERSRDEGs in targeted treatments or immunotherapy.
Thirdly, we have developed a promising prognostic prediction
model based on the ERSRGs, but this model still needs to be
proven in practical use.

Conclusions

Our study identifies several ERS-related genes that demon-
strate significant associations with prognosis in colon adeno-
carcinoma. In addition, these findings also offer promising
avenues for further research, potentially guiding the

development of novel therapeutic strategies, which will require
extensive further research to determine their viability and
efficacy in clinical settings.
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