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Abstract: Background: Colon cancer is a major cause of morbidity and mortality worldwide. Copper-induced cell
death, known as cuproptosis, is a form of apoptosis that has been extensively studied in human diseases and
is widely associated with tumor progression, prognosis, and immune response. However, the role of cuproptosis-
related genes (CRGs) in the tumor microenvironment (TME) of colon cancer remains unclear. Objective: This study
aims to explore the role of cuproptosis-related long non-coding RNAs (IncRNAs) in predicting the prognosis of colon
cancer and to establish a risk prediction model based on these IncRNAs to guide clinical decisions and improve
patient outcomes. Methods: A total of 19 cuproptosis-related genes were collected, and 1330 IncRNAs associated
with cuproptosis were identified. Seven cuproptosis-related INcRNAs with prognostic value were selected from The
Cancer Genome Atlas (TCGA) database. Using R software (version 4.1.0), the expression levels of the 19 genes were
extracted, and the subjects were divided into high- and low-risk subgroups. A risk score model was developed based
on cuproptosis-related genes and the seven co-expressed INCRNAs. The dataset was randomly split into a training
set and a validation set. Analysis of clinicopathologic features, TME infiltration, and mutations was conducted,
and nomogram predictions were validated using calibration plots to assess the predictive accuracy of the model.
Results: The high-risk group had significantly shorter overall survival compared to the low-risk group (P<0.001), and
the risk score was an independent prognostic factor (P<0.001). In the training set, the AUC values at 1, 3, and 5
years were 0.666, 0.621, and 0.669, respectively. Furthermore, low-risk patients had a higher survival rate. The ge-
netic markers also correlated with tumor immune cell infiltration, clinical features, and prognosis. Conclusion: This
study established a novel method based on cuproptosis-related IncRNAs to predict the prognosis of colon cancer.
The model has potential clinical applications in identifying patients sensitive to immunotherapy and antitumor treat-
ments, thereby enhancing precision treatment strategies for colon cancer.
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Introduction influencing both carcinogenesis and metasta-
sis [6, 7].
Colorectal cancer (CRC) is the 3rd most com-

mon cancer worldwide and is a leading cause Copper, an essential trace element, plays a

of cancer-related mortality [1]. Tumor cell activ-
ity, proliferation, and intercellular communica-
tion are influenced by not only the tumor cells
themselves but also the entire tumor microen-
vironment (TME), which includes stromal cells,
immune cells, extracellular matrix molecules,
cytokines, and tumor-associated macrophages,
all playing crucial roles in tumor growth and
metastasis [2-5]. Among these, the tumor
immune microenvironment (TIME) has emerged
as a critical determinant in CRC progression,

vital role in several cellular processes, including
mitochondrial respiration, oxidative resistance,
and detoxification. Imbalances in copper levels
have been linked to various diseases, including
cancer. Recent studies suggest that copper
may promote tumor progression by regulating
processes like cell proliferation, angiogenesis,
and metastasis [8-11]. A newly identified form
of programmed cell death, known as cupropto-
sis, is induced by copper binding to lipoylated
components of the tricarboxylic acid (TCA)
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cycle, leading to proteotoxicity, mitochondrial
dysfunction, and cell death. This mechanism
may offer novel anti-tumor strategies by gener-
ating reactive oxygen species (ROS) and acti-
vating apoptotic signaling pathways [12, 13].
Research into cuproptosis-related genes
(CRGs) is still in its early stages, but these
genes have garnered attention for their poten-
tial as biomarkers to predict cancer prognosis
and therapy responses, particularly with regard
to immunotherapy and targeted treatments
[14]. While studies on cuproptosis mechanisms
and their implications in the TME are still in
early stages, evidence is emerging that CRGs
could be used as biomarkers to predict cancer
prognosis and response to therapy. However,
more research is needed to fully understand
the clinical application of CRGs in cancer treat-
ment, particularly in terms of immunotherapy
and targeted therapies.

Long noncoding RNAs (IncRNAs), which are
non-coding transcripts over 200 nucleotides,
have emerged as key regulators in cancer biol-
ogy [15]. These molecules influence gene
expression, translation, histone modification,
and other post-transcriptional processes [16].
In CRC, IncRNAs have been shown to partici-
pate in tumor progression, immune evasion,
and resistance to therapy. Recent evidence
suggests that IncRNAs may modulate metabol-
ic activities within the TME, influencing tumor
survival and proliferation [17-19]. The interac-
tion between CRGs and IncRNAs represents a
promising area of research, that may lead to
improved prognostic tools and therapeutic
strategies for CRC.

Materials and methods
Data source and preprocessing

We generated RNA sequencing data (RNA-seq)
from 480 colon adenocarcinoma (COAD) sam-
ples and 41 normal tissue samples from colon
cancer patients using the TCGA database
(https://portal.gdc.cancer.gov/), released on
March 15, 2022. All samples were directly
obtained from patients and included survival
information, with mRNA expression data in
Fragments Per Kilobase Million (FPKM) format.
Clinical data, including age, sex, staging, and
race/ethnicity, were collected from the TCGA
data portal. Additionally, somatic mutation data
from whole exome/genome sequencing (WXS/
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WGS) were retrieved from the GDC TCGA-COAD
project on the UCSC Xena server [20]. The
MuTect2 algorithm was used to identify high-
confidence somatic variants and detect addi-
tional germline mutations [21]. The R package
“mafTools” was used to plot Oncoplots in
descending order of mutations [22], and the
data were analyzed using R software (version
4.1.0) and Strawberry Perl.

Samples were included in the study if they were
classified as colon adenocarcinoma (COAD)
and contained complete clinical data (including
survival information, age, sex, cancer staging,
and race/ethnicity). Only samples with mRNA
expression data in FPKM format and reliable
somatic mutation data from WXS/WGS were
considered. Exclusion criteria included sam-
ples that did not meet these requirements,
such as those lacking sufficient clinical data,
incomplete or low-quality mRNA expression
data, or those without corresponding normal
tissue for comparison. Additionally, samples
without reliable somatic mutation data or those
not classified as COAD were excluded.

Detecting the expression of Cuproptosis
Related Genes (CRGs) and extraction of cupro-
ptosis-related IncRNAs in colon cancer

To identify IncRNAs or to separate the non-cod-
ing and coding sections of transcriptome,
Strawberry, for transcript reconstruction and
quantification from RNA-Seq data was used.
The expression level of cuproptosis-related
IncRNAs were found by Cox regression analysis
and Lasso regression. R software (v4.1.0) was
used to extract gene expression data for 19
cuproptosis-related genes. To estimate the cor-
relation coefficient and associated p-value
(along with the confidence interval), we set
up CorFilter and pvalueFilter at value of 0.4
and 0.001, respectively. The expression files of
cuproptosis-related INcRNAs were downloaded
from TCGA and the data were processed.
Finally, 1330 IncRNAs associated with cupro-
ptosis were identified by co-expression analysis
and organized into an expression matrix, which
was merged with survival information. Further-
more, the survival R package with pFilter = 0.01
was used for univariate Cox regression analysis
to screen out 13 prognostic IncRNAs, and the
corresponding forest map was drawn. The
limma package, a commonly used R package,
was used to analyze the differential expression
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of IncRNAs related to prognosis between tu-
mor and normal samples (*P<0.05, **P<0.01,
***P<0.001).

Gene network and enrichment analysis of
CRGs

A gene network analysis was performed using
GENEMANI to check possible interactions of
cuproptosis-related genes [23]. In our study, R
package “clusterProfiler” Gene Ontology (GO)
and Kyoto Encyclopedia of Genes, and
Genomes (KEGG) were used to analyze poten-
tial interactions between these genes as well
as gene enrichment [24]. The Benjamini-
Hochberg method was used for multiple correc-
tions to obtain the false discovery rate (FDR)
<0.05 considered as significant.

Construction and validation of cuproptosis-
related IncRNAs prognostic model

We divided the samples randomly into training
and test groups in a 1:1 ratio using the R pack-
age cart. Then, the smaller penalty term (i.e.
the value of lambda (A)), was chosen by cross-
validation. The optimal model for prediction
performance was then selected using the
Glmnet R package, which was built based on
the 7 IncRNAs. The risk score was calculated
through the following formula:

Risk score = ZCoeﬂ * X

i=1

Where Coef-i is the corresponding coefficient
and X-i is the expression level of each prognos-
tic IncRNAs, respectively. Patients were divided
into high- and low-risk groups using the risk
score based on this model. R Package survival,
survminer, and timeROC were used for survival
analysis and model evaluation as well as for the
corresponding K-M survival curves and 1-, 3-,
and 5-year ROC curves, which were performed
on the training and test sets.

For this study, the number of groups was set as
1. The data were randomly divided into groups
to construct a test model following perfor-
mance of univariate Cox analysis in order to
obtain meaningful IncRNAs by comparing the
survival time and survival status of each sam-
ple. The LASSO regression model analysis was
then carried out by single factor meaningful
expression files following the point with the
minimum error by cross-validation. At the end,
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the Cox model was constructed by the number
of INcCRNAs screened by LASSO regression.

We then constructed risk scores by using
regression coefficients of the identified CRGs
for the prognostic markers of OS and PFS. We
divided patients into high- and low-risk groups
based on the median risk score. Kaplan-Meier
survival curves were drawn using R package
“ggsurvplot” to compare OS or PFS between
high- and low-risk groups. The R package “sur-
vivalROC” was used to calculate a receiver
operating characteristic (ROC) curve to repre-
sent the predictive ability. Furthermore, we
examined possible differences between sub-
groups stratified by age, gender, and tumor
stage. The R package “regplot” was used to
construct an enhanced regression nomogram
of CRG score and other clinical covariates in
patients with colon cancer. The calibration
curves for CRGs scores and other clinical
covariates in patients with colon cancer were
computed using 1000 bootstrapping to evalu-
ate of the performance the predicted bias-cor-
rected estimates in comparison to the observed
values analyzed using the R package “rms”.

Colon cancer correlation with immune infiltra-
tion and drug sensitivity

The independent predictive value of the model
and its applicability to various clinicopathologic
characteristics of the cohort were studied in
correspondence to the correlation of risk score
with clinicopathologic factors and antitumor
drug sensitivity, in high- and low-risk subgroups.
We used the limma and ggpubr packages to
query whether there were differences in risk
score among different age groups and tumor
stages as well as whether there was differential
expression of the 7 prognostic INcRNAs be-
tween high-risk and low-risk subgroups. The
limma, ggplot2, ggpubr, and ggExtra packages
were used to detect a correlation between
immune cell infiltration and risk score following
instruction in the Tumor Immune Estimation
Resource website (TIMER: https://cistrome.
shinyapps.io/timer/) [25]. We investigated five
copper-death genes that are co-expressed with
Inc RNAs following investigation of their rela-
tionship with six immune cell types (i.e.; CD4+ T
cells, CD8+ T cells, B cells, neutrophils, den-
dritic cells, and macrophages).
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Also, pRRophetic package was used to predict
the IC,, of an antitumor drug to identify a more
effective subset of drug treatments where a
lower IC, indicates a higher sensitivity to the
drug.

Statistical analysis

The R survival package was used for survival
analysis. The survival rate of each group was
tested by log-rank test hypothesis. The Kruskal-
Walllis test was used to compare two or more
groups of data using the Wilcoxon test. The
Kaplan-Meier method was used to draw the
survival curve of patients. The Chi-square test
was used to analyze the frequency of colon
cancer mutations, and Spearman analysis was
used to calculate the correlation coefficient. R
version 4.1.0 was used for all statistical analy-
ses (P<0.05 was considered significant).

Results

Acquisition of genetic alterations of cupropto-
sis-related IncRNAs in colon caner

We downloaded transcriptome data of colon
cancer from the TCGA database and from that,
an mRNA expression matrix was divided into
two parts, i.e.; mRNA and IncRNA following
extraction of the expression of 19 Cuproptosis-
Related genes from the mRNA expression
matrix. The co-expression analysis yielded
1330 IncRNAs related to Cuproptosis. The
Sankey map was drawn by R package “ggplot2”
and “ggalluvil” to determine the co-expression
relationship between cuproptosis gene and
related IncRNAs (Figure 1). The expression
level of INcRNA in the risk model was extracted
by reading expression files of cuproptosis-relat-
ed IncRNA and processing the data.

Prognosis-related IncRNAs in colon cancer
were screened by univariate Cox regression
analysis and prognostic signature of cupropto-
sis-related genes

A total of 1330 IncRNAs associated with
cuproptosis were extracted for univariate Cox
regression analysis, following the univariate
Cox significance filter standard set at 0.05
(coxPfilter0.05). Thirteen IncRNAs with prog-
nostic significance were identified in which ea-
ch one was labeled with pro-oncogenes (HR>
1, EIF1AX-AS1, AP002449.1, AC069222.1,
AL138921.1, AC048344.4, ACO90517.2, THC-
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AT158, AC025171.4, MCCC1-AS1, ALMS1-IT1,
AC012313.5, AC064836.3, AC010463.3) (P<
0.01) (Figure 1D). Differential analysis showed
that the expression of each IncRNA for tumor
specimens was significantly different in com-
parison to normal specimens. The number of
groups was set to 1, and the data were random-
ly divided into groups to construct a test model
following by univariate Cox analysis in order to
obtain meaningful IncRNAs by comparing the
survival time and survival status of each sam-
ple. The LASSO regression model was carried
out by single factor meaningful expression files,
where the point with the minimum error was
found by cross-validation. The Cox model was
the constructed by the number of IncRNAs
screened by LASSO regression. According to
the overall risk curve, we plotted the median
risk values of the training and test groups,
respectively. We found that the risk of death
significantly increased with an increase of risk
score. According to the risk heat map, we also
intuitively found that the cuproptosis co-ex-
pressed IncRNAs such as: AC048344.4, ACO9-
0517.2, THCAT158, AC025171.4, and McCcl-
asl. High level expression of ALMS1-IT1 IncRNA
showed that these 5 IncRNAs correlated with
high risk of copper mortality. In contrast, the
expressions of EIF1AX-AS1 and AC012313.5
decreased along with an increase in risk score.
This clearly showed that they were IncRNAs
that correlated with low risk of cuproptosis
(Figure 2).

Principal component analysis

Through principal component analysis, we were
able to guide the IncRNAs involved in the model
construction in order to distinguish colon can-
cer patients in high- and low-risk groups. They
were divided as Cuproptosis-Related genes,
Cuproptosis-Related IncRNAs, all gene sets,
and model IncRNAs, respectively. Principal
component analysis demonstrated a distinc-
tion between high- and low-risk IncRNAs. Also,
IncRNA participating in the model construction
could distinguish patients in both high- and low-
risk groups.

Construction and validation of a risk predictive
model

Initially, univariate Cox regression analysis was

performed on 1330 IncRNAs associated with
cuproptosis, and 7 IncRNAs were found to be
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Figure 1. Differential expression and genetic alterations of cuproptosis-related INcRNAs in colon cancer patients:
(A, B) Differential expression of copper death-related genes in colon cancer patients, (C) Sankey diagram of cupro-
ptosis-related IncRNAs in colon cancer, (D) Univariate forest map of IncRNA for cuproptosis-related IncRNAs in colon
cancer, (E) Heat map of cuproptosis-related IncRNAs co-expression in colon cancer, (F) Protein-Protein Interaction

of cuproptosis-related genes.

significantly correlated with OS. Also, we per-
formed Lasso regression analysis on 7 IncCRNAs
and a risk prognostic model was built. After col-
lecting data and sampling where needed, the
next step was to split data into training and vali-
dation sets with equal numbers according to
one random cycle. Figure 3 shows the risk
scores, survival status, and expression of
seven prognhostic INCRNAs in two groups of
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samples. The risk score equation based on
the model was: EIF1AX-AS1, AC048344.4,
AC090517.2,AC025171.4, McCcl-asl, ALMS1-
IT1, and AC012313.5. The K-M survival curves
of the training and validation sets showed that
the survival prognoses of high- and low-risk
groups were significantly different, which was
determined by the median risk score (the high-
risk group had worse OS). Moreover, the overall

Int J Clin Exp Pathol 2025;18(4):148-165



Cuproptosis-related IncRNAs in colon carcinoma

A 13 13 13 13 13 12 11 11 10 10 10 8 5 3 2 B 13 13 1 10 5
o T ~
El - .
8
g
2 .
- R o
- R & ©
8 : 8
< o |\ ETesdLLEE T T L de £
g S TR0l LT et 2
= I R R R R AR SR AR S o
S | T T T ee4eeet?
k]
5
o o~
)
©
o
<
)
T T T T T T T T T T
-7 -6 -5 -4 -3 -7 -6 -5 -4 -3
Log(A) Log Lambda
C = o H fod D - = E .
© High risk : : o High risk . = e Highrisk -
o e LowRek : : © - o LowRisk ¢ © | o LowRisk
g e s ? g o I £ . :
A i< i
o~ ; ~ o
o 4 / ° o | e——
: T T T T ; : T T T ; T T T T
o 100 200 300 400 o 50 100 150 200 0 50 100 150 200
Patients (increasing risk socre) Patients (increasing risk socre) Patients (increasing risk socre)
F & O - G o H o
_ o |®Dead : : _ o | Dead & o ¢ Dead
Z % e Aive . Z % e At £ 77 e aive
2= g2 o g -
s H S
% L £ PR e (X
5 . 3 . .
RS TP S A % ol e
e h’ ””’\*wh R R I A 3 o AL -\_ ,-
- N ..r’ '# fantte '\'t’ o [ PRI TR )
400 O 50 100 150 200 0 50 100 150 200
Patients (increasing risk socre) Patients (increasing risk socre) Patients (increasing risk socre)

Rk
B
ron
2

— ‘

Acoums s

Hl

I’HII Il {\ HH}HI (W

I
I Hl} I

\‘HH\

I o

|“H

o

H H Il‘ |

:;M

| \
il Hllllh T

|

|

Acouees

lli IIH \‘ |I w I
l“

Il

| )

il

s

as171e

W
W

(/3\

Figure 2. Construction of a prognosis risk prediction model: (A, B) The least absolute shrinkage and selection opera-
tor (LASSO) regression was performed with the minimum criteria, (C-E) Exhibition of Cuproptosis-Related IncRNAs
prediction model based on risk score of the training, test, and entire sets, respectively, (F-H) Survival status of the
high and low risk group between the high-and low-risk group in the training, test, and entire sets, respectively, (I-K)
cuproptosis-related IncRNAs heat map in the high and low risk group. The asterisks represent the p value (*P<0.05;

**P<0.01; ***P<0.001).

area under the ROC curve (AUC) for 1, 3,and 5
years also confirmed the good predictive per-
formance of the model where the values of AUC
at 1, 3, and 5 years were 0.666, 0.621 and
0.669, respectively. Furthermore, in the ROC
curve containing risk score, age, gender, stage,
and grade, the AUC value of the risk score was
higher than that of other clinical data in predict-
ing the survival of colon cancer patients. The
comparison of progression-free survival (PFS)
in the high- and low-risk groups was statistically
significant. When risk score, age and tumor
stages were included in univariate and multi-
variate Cox regression analyses, they all were
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inversely proportional to length of survival, and
all were independent prognostic factors.
Therefore, this model achieved at least compa-
rable accuracy in predicting prognosis from
clinical features (Figure 3).

Nomogram development and validation for
colon cancer

The C-index and calibration plots of the nomo-
gram showed good consistency in predicting
survival of colon cancer patients, tumor stag-
ing, and risk score. We observed that the 1-year
survival probability of patients with a compre-
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Figure 3. Prognostic value of the risk prediction model in the training, test, and entire sets: (A-D) Kaplan-Meier
survival curves of survival probability of patients and PFS between low-and high-risk groups in the training, test,
and entire sets, respectively, (E, F) ROC curves to predict the sensitivity and specificity of 1-, 3-, and 5-year survival
according to the CRG_score in the training, test, and entire sets, respectively, (G, H) Univariate and multivariate
regression analysis of clinical factors (age, gender, risk score, tumor stage) and risk score with OS.

hensive score of 174 in age, gender, risk score,
and tumor stage was 0.847. The survival prob-
ability for > 3 years was 0.691 whereas the sur-
vival probability for > 5 years was 0.552.
Concordant with the nomogram results, the 1-,
3-, and 5-year survival calibration curves of the
prediction model were plotted. This showed
that our predictive model had a high accuracy
for the survival for colon cancer patients. We
also performed model validation for clinical
grouping. The OS of the high- and low-risk
groups of stages I-Il, and IlI-IV patients were
found, showing that the high-risk group had a
shorter OS in comparison to the low-risk group.
The risk model could accurately discern and
predict survival for patients with early or
advanced colon cancer (Figure 4).

GO and KEGG enrichment analysis between
risk groups

We performed Gene Ontology (GO) enrichment
analysis to investigate the role of Cuproptosis-
Related IncRNAs in colon cancer. Our results
showed that gene sets related to cuproptosis
and immunity were significantly enriched in the
low-risk group, including categories such as
immunoglobulin complex, immunoglobulin pro-
duction, and antigen binding. KEGG enrichment
analysis identified several significant pathways,
including vascular smooth muscle contraction,
focal adhesion, ECM-receptor interaction, ma-
laria, renin secretion, CGMP-PKG signaling
pathway, bile secretion, pancreatic secretion,
protein digestion and absorption, and fat diges-
tion and absorption. KEGG pathway annotation
revealed that differentially expressed genes
(DEGs) were significantly enriched in all 10
pathways, including the ECM-receptor interac-
tion, protein digestion and absorption, and
CGMP-PKG signaling pathways. This suggests
that additional DEGs and signaling pathways
are involved in colon cancer progression. The
ECM receptor interaction and focal adhesion
pathways have been shown to play a critical
role in tumor shedding, adhesion, degradation,
movement, and proliferation [26]. Studies have
demonstrated that the ECM receptor interac-
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tion pathway contributes to the invasion and
metastasis of gastric cancer [27], and in
colorectal cancer, it promotes epithelial-mes-
enchymal transition (EMT) [28]. Furthermore,
during tumor metastasis, tumor cells utilize
ECM receptor interaction pathways, and the
tumor suppressor protein Nischarin may inter-
act with multiple proteins to inhibit cancer cell
migration [29, 30]. Although invasion and me-
tastasis are a hallmarks of malignant tumors,
our results suggest that the expression of ECM
receptor interaction pathways in colon cancer
tissues may offer new insight for targeted can-
cer therapy (Figure 5).

Comparison of immune microenvironment and
drug sensitivity for risk groups

We identified a set of TME-related genes that
could predict disease outcome and treatment
response of patients with colon cancer.
According to the mutation burden correlation
analysis, 219 of 228 colon cancer patients in
the low-risk group had mutations, and 177 of
186 colon cancer patients in the high-risk
group had mutations, mainly related to APC,
TP53, TTN, KRAS and PIK3CA genes. The muta-
tion rate was 96.05% in the low-risk group and
95.16% in the high-risk group, respectively.

This study explored the immune microenviron-
ment and drug susceptibility analyses in order
to investigate the expression of immunothera-
py-related genes and the differences in IC_ of
therapeutic agents in colon cancer patients.
Through copper-death co-expression of INcRNA-
related genes, we found that GLS, GCSH, MTF1,
ATP7A, and DBT genes were positively correlat-
ed. Immune cell infiltration of TCGA primary
tumors were downloaded from TIMER web serv-
er (https://cistrome.shinyapps.io/timer/) [25].
The infiltration estimation results generated by
the TIMER algorithm consist of 6 specific
immune cell subsets, including B cells, CD8+ T
cells, CD4+ T cells, macrophages, neutrophils,
and dendritic cells. We extracted infiltration
estimates to assess the relationship between
five cuproptosis gene expression levels and dif-
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Figure 5. Pathway enrichment analysis of CRGs in colon cancer patients in the TCGA: (A-C, F) the enriched item in
the gene ontology analysis, (D, E, G) the enriched item in the Kyoto Encyclopedia of Genes and Genomes analysis.

ferent immune cell subsets in colorectal can-
cer. These were analyzed using TIMER, with
P<0.05 considered significant. We found that
GLS, MTF1, ATP7A, and DBT genes were associ-
ated with colon cancer immune B cells. CD8+ T
cell, CD4+ T cell, macrophage, neutrophil, and
dendritic cell secretion were positively correlat-
ed, suggesting that copper death-related
IncRNA may play an important role in regulation
of the colon cancer immune microenvironment.
We found that the expression of MTF1 gene
was highly correlated with CD8+ T cell, CD4+ T
cell, neutrophil, and dendritic cell development
(correlation coefficients were 0.42, 0.506,
0.551, and 0.558 where P<0.05 was consid-
ered significant). The expression of ATP7A was
correlated with the secretion of CD4+ T cell
(correlation coefficient was 0.412, P<0.05).

Furthermore, the expressions of B cells, neutro-
phils, and DC cells were significantly different in
the high and low risk groups. The correlations
between B cells and T CD4 cells, DC cells, and
T CD8 cells were all significant. We further ana-
lyzed the relationship between immune cells
and survival and found that the expression of B
cells was statistically different in the high and
low risk groups, where it was better in the high
risk group than the low risk group. However,
macrophages were statistically significant for
the high and low risk groups, and the survival of
the high risk group was worse than that of the
low risk group. At the immune checkpoint, we
found that the expression of CTLA4, CD274,
and TIGIT were significantly different between
the two groups.

By analyzing drug sensitivity, we found that in
the low-risk group, the IC, of CAL-101, QL-XII-47,
CGP-082996, DMOG, Rapamycin, Salubrinal,
Sunitinib, TGX221, WZzZ1-84, XL-184, and
ZSTKA474 were lower than those of the high-risk
group. Our results showed that the IC, value of
the high-risk group was lower than that of the
low-risk group and the two groups differed sig-
nificantly (Figures 6-9).

Discussion

Bioinformatics has enabled significant strides,
particularly in database development and the
application of deep learning methods, advanc-
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ing our understanding of cancer mechanisms
[31, 32]. The role of copper in cellular process-
es such as energy metabolism, ROS detoxifica-
tion, and signaling is essential. As previously
established, elevated cellular copper levels can
bind to TCA cycle components, inducing mito-
chondrial dysfunction and eventually leading to
cell death [12]. This process, known as cupro-
ptosis, has crucial antiangiogenic effects in
tumor cells. Studies have shown that copper-
induced ROS, including superoxide anions,
hydroxyl radicals, and hydrogen peroxide, con-
tribute to tumorigenesis and cell death.
Copper’s therapeutic potential is evident in
fields like chemodynamic therapy, chemothera-
py, and phototherapy [14].

Our study highlights the significant role of
cuproptosis-related genes (CRGs) in colorectal
cancer (CRC). Functional analysis revealed that
TCA cycle-related pathways were abundant,
corroborating previous findings that copper
dysregulation affects CRC development and
progression. Notably, ATP7A, a copper trans-
port ATPase, was found to influence tumor
immunity and prognosis by modulating the
tumor microenvironment and immune cell infil-
tration [33, 34]. This aligns with studies show-
ing that ATP7A affects VEGFR2 signaling and
angiogenesis by inhibiting autophagy-mediated
degradation of VEGFR2 [35]. Previous research
has linked ATP7A to a poor prognosis in CRC,
and our findings suggest that high ATP7A
expression could be a biomarker for immuno-
therapy response, particularly anti-PD-1/PD-L1
treatments. Increasing evidence underscores
the importance of cuproptosis in the tumor
immune microenvironment (TME). Recent stud-
ies have also explored the prognostic value of
cuproptosis-related IncRNAs, supporting the
idea that these molecules may be biomarkers
for CRC prognosis. Our analysis of 13 cupropto-
sis-related IncRNAs revealed differential ex-
pression between tumor and normal tissues,
which was strongly associated with overall sur-
vival (OS) and progression-free survival (PFS),
further confirming their clinical relevance. In
terms of ECM, our findings are consistent with
reports suggesting that ECM components pro-
vide structural support and regulate tumor pro-
gression through mechanical and signaling
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Figure 6. Genetic characteristics of CRG_score and tumor somatic mutation of colon cancer: (A, B) Waterfall plot of
tumor somatic mutation established by those with low- and high-risk group, (C) Tumor mutation burden in high- and
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Cuproptosis-Related IncRNAs, in colon cancer in high and low risk groups, (F) Overall survival of the patients strati-
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pathways. The interaction between cancer cells transduction abnormalities, plays a crucial role
and ECM components, leading to mechanical in malignant transformation [36]. We also
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Figure 7. Correlation between (A) GLS, (B) GCSH, (C) MTF1, (D) ATP7A and (E) DBT expression and immune infiltra-
tion in colon cancer in the TIMER database.
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Risk

found that ECM normalization, coupled with
treatments such as nanoparticles containing
piperidine and NLG919, can enhance the effi-
cacy of chemotherapy and immunotherapy,
which is consistent with studies indicating that
ECM remodeling can improve therapeutic out-
comes [37].

Our prognostic model based on cuproptosis-
related IncRNAs was able to stratify CRC
patients into high- and low-risk groups, with
survival analysis revealing significantly better

162

Risk

e sis-related IncRNASs risk.

OS in the low-risk group. These results align
with previous research linking risk scores to
prognosis in CRC. The model also demonstrat-
ed strong predictive performance, similar to
other models based on molecular signatures.
Our use of Cox regression and Lasso regres-
sion, combined with elastic net regularization,
resulted in a robust model for predicting pa-
tient prognosis. The association of the 7
IncRNAs (including EIF1AX-AS1, MCCC1-AS1,
and ALMS1-IT1) with tumor development or
prognosis in CRC supports earlier studies that
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identified these INCRNAs as key players in can-
cer progression [38, 39]. Additionally, univari-
ate and multivariate Cox regression analysis
confirmed the independent predictive value of
the risk score and tumor stage, which is in line
with findings from other studies that emphasize
the importance of staging in CRC prognosis.
The model’s accuracy in predicting 1-, 3-, and
5-year OS further corroborates its potential for
clinical application, as seen in similar models
that use molecular signatures for personalized
cancer treatment. Finally, we constructed a
prognostic nomogram based on cuproptosis-
related IncRNAs, incorporating age and tumor
stage as independent risk factors. Our model’s
ability to predict accurately the OS across vari-
ous time points aligns with current trends in
precision medicine, underscoring the impor-
tance of individualized treatment strategies
based on molecular markers.

In this study, we utilized LASSO Cox regression
to identify prognostic factors, including tumor
stage and cuproptosis-related IncRNAs risk
score, both of which were statistically signifi-
cant. These findings are consistent with prior
research linking tumor stage to prognosis in
colorectal cancer (CRC) [40, 41]. Kaplan-Meier
survival analysis demonstrated better overall
survival (0S) and progression-free survival
(PFS) in the low-risk group, which aligns with
similar studies that show cuproptosis-related
factors correlate with better prognosis in can-
cer [42]. Moreover, somatic mutation analysis
revealed that higher risk scores were associat-
ed with mutations in key oncogenes such as
APC, TP53, and KRAS. This concurs with exist-
ing literature on the elevated mutation rates of
these genes in colon cancer. Our TIMER algo-
rithm analysis revealed that cuproptosis-relat-
ed genes (CRGs) significantly correlated with
immune cell infiltration, particularly B cells,
CD8+ T cells, and macrophages. These results
support findings from other studies showing
that immune cell interactions, particularly mac-
rophages, play a pivotal role in tumor progres-
sion [43, 44]. Our data also showed significant
differences in immune cell expression between
the high- and low-risk groups, with B cells linked
to improved outcome and macrophages associ-
ated with worse outcome. These findings are in
line with previous reports that highlight the dual
roles of immune cells, with B cells promoting
anti-tumor immunity and macrophages contrib-
uting to malignancy. Additionally, we observed
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notable variations in immune checkpoint mark-
ers (CTLA4, CD274, TIGIT), suggesting potential
differences in immunotherapy efficacy, a point
supported by recent studies indicating the role
of these markers for immune evasion in cancer.
The present study strengthens the case for
using cuproptosis gene risk scores as an inde-
pendent prognostic biomarker for CRC, a con-
clusion that aligns with the growing body of
research supporting the clinical relevance of
metabolic pathways in cancer. While TCGA-
COAD data were utilized for this cohort study,
further experimental validation using qRT-PCR,
cell-based assays, and animal models is war-
ranted. GSEA results and in vitro/in vivo stud-
ies will provide deeper insights into the molecu-
lar mechanisms of these IncRNAs and their
effect on the tumor microenvironment.

Conclusion

This study conducted a comprehensive analy-
sis of cuproptosis-related genes (CRGs) in colon
cancer, exploring their functional and immune
status, and established a predictive model
based on CRGs to assess the prognosis of
colon cancer patients. The research provides a
novel methodological framework for studying
immune-related colon cancer from the per-
spective of cuproptosis-related genes, tumor
microenvironment (TME), and emerging bio-
markers for immunotherapy.
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