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Abstract

Background: Cuproptosis is a novel mechanism of cell death induced by extra copper that was directly
bound with the lipoylated proteins in the TCA cycle and could lead to the dysfunction of the
mitochondrion. However, the impact of cuproptosis on TIME in colorectal cancer remains unclear. The
investigation of the interplay between cuproptosis and TIME could help us decipher novel strategies for
colorectal cancer diagnosis and treatment. This study aimed to construct a prognostic signature on
immunotherapies and explore the novel patterns of the cuproptosis-related genes(CRGs) in colorectal
cancer.

Methods: All the analyses were performed by R packages. The biological roles and functional patterns of
the CRGs were performed by GO/KEGG analysis. The signature was developed with the prognostic CRGs
by LASSO COX regression analysis. TIMER algorithm was selected for the immune cell infiltration
analysis and the OCLR algorithm was for calculating the stem cell index. Consensus analysis was used
to explore the novel landscape of the CRGs in colorectal cancer.

Results: The CRGs mainly participated in the process of the TCA cycle and energy metabolism in
colorectal cancer. Five CRGs were identified with prognostic values and the correlation with immune
infiltration was also demonstrated, meanwhile, two genes could be independent biomarkers for
immunotherapies. By consensus analysis, the CRGs also showed a significant difference in stem cell
characteristics.

Conclusion: A comprehensive analysis of functional and immune infiltration of CRGs in colorectal cancer
was performed. The results also provided evidence for revealing the vulnerabilities in the correlation
between cuproptosis and TIME. More data from research trials and experiments are required.

Introduction

Colorectal cancer(CRC) has become the third morbidity of malignancy with the second most common
cause of cancer-induced death worldwide, seriously threatening the health of humans'2. Multiple studies
have shown that tumor cells' activity, proliferation, and communication are impacted not just by single
tumor cells, but also by their complex surrounding environment, known as the tumor microenvironment
(TME), which is made up of tumor cells and tumor-related cells®~°. Tumor immune
microenvironment(TIME), representing the immune elements of the TME, has been demonstrated as the
dynamic community and critical role in the oncogenesis and metastasis of colorectal cancer®’.
Immunotherapies including immune checkpoint blockades (ICBs) and others that promote the switch
from a protumor to an antitumor response have given innovative treatments for colorectal cancer
patients®®. However, the low response rates limit the utilization of immunotherapies'®, making TIME
research and precise colorectal cancer classification all the more important.
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Copper-induced cell death, also termed cuproptosis, is a novel mechanism of cell death, which could lead
to the proteotoxic stress response through directly binding with the lipoylated proteins that are key
enzymes in the tricarboxylic acid (TCA) cycle and further induce the dysfunction of mitochondrial
metabolism’"12. Cuproptosis could also induce the death of tumor cells by generating reactive oxygen
species (ROS) to activate the apoptosis signaling pathway which makes it a novel mechanism for the
antitumor studies. However, to get a better understanding of how cuproptosis interact with the TIME
still needs more shreds of evidence.

In this study, ten cuproptosis-related genes(CRGs) which were illustrated participating in the process of
copper-induced cell death were selected to investigate the sophisticated crosstalk between cuproptosis
and TIME, which could help us get a better precise classification and the application of immunotherapies
for colorectal cancer.

Material And Methods
Date and sample source

The Cancer Genome Atlas(TCGA) database was selected and the TCGA-COADREAD cohort was used to
access RNA-sequencing (RNA-seq) data of patients with colorectal cancer, which was released on March
15, 2022. All the obtained data were standardized to Fragments Per Kilobase per Million (FPKM) values
for further analysis and performed by the packages using R software (version 4.0.3) which was shown in
a simple workflow in Fig. 1.

Detecting the expression of CRGs in colorectal cancer.

Ten cuproptosis-related genes(CRGs) involved in the process of copper-induced cell death were selected.
The Wilcoxon test was used to screen the expression of CRGs in colorectal cancer tissues compared with

normal tissues, meanwhile, the STRING database'* was selected to explore the correlation of these ten
CRGs based on the data from TCGA.

Functional roles of the CRGs

The GO and KEGG databases were utilized to further investigate the biological roles and pathways of
these CRGs in colorectal cancer and clarify the functional landscape by consensus analysis'>'°. All the
standardized data was performed by the ClusterProfiler R program'”(version 3.14.0).

Development of the signature on cuproptosis-related genes

Cox regression analysis was selected to identify the prognostic value of these CRGs. Five CRGs
containing PDHB, MTF1, DLD, DLAT, and CDKN2A were finally chosen, as evidenced by a significant
prognostic value by Kaplan-Meier methods. LASSO Cox regression analysis was used to construct a
prognostic gene signature including these five prognostic CRGs(PDHB, MTF1, DLD, DLAT, and CDKN2A)
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in colorectal cancer, using 10-fold cross-validation to determine the penalty parameter A. Patients with
colorectal cancer were subsequently divided into two categories based on the risk score: low risk and high
risk, and the Kaplan-Meier method was used to assess the rate of overall survival (OS) between these two
groups. To predict the diagnostic accuracy of each gene, the receiver operating characteristic (ROC)
analysis was chosen. Considering the pathological characteristics, a predicted nomogram was developed
to predict the 1-year, 3-year, and 5-year overall survival possibility.

Immune cells infiltration analysis of these prognostic CRGs

TIMER algorithm was utilized to investigate the correlation between prognostic CRGs and immune cell
infiltration in colorectal cancer which was performed by the immuneeconv R software package'®.
Spearman correlation analysis was selected to perform the analysis of TMB(tumor mutation burden) and
MSI(microsatellite-instability) of these five prognostic CRGs, as well as the correlation between the five
CRGs and immune-related genes with a P-value less than 0.05 considered as statistically significant.

The consensus clusters analysis of CRGs

For a better classification of the CRGs in colorectal cancer, consensus clustering analysis was selected,
the ConsensusClusterPlus R package'®(version 1.54.0) was implemented, and the pheatmap R package
(version 1.0.12) was employed for clustering heatmaps?°. The gene expression heatmap was retained for
genes with SD >0.1. If there were more than 1000 input genes, the SD was sorted, and the top 25% of the
genes were retrieved. The difference in expression of mMRNAs was investigated using the Limma R
program (version: 3.40.2). In TCGA or GTEX, the adjusted P value was used to account for false-positive
results. The findings with "Adjusted P >0.05 and|Log (Fold Change)|>1" were chosen as the screening
criterion for differential mMRNA expression. Volcano graphs were created using fold-change numbers and
adjusted P values. To find mRNAs that were differentially expressed between colorectal cancer and
normal tissues, hierarchical clustering was performed. The immune cell infiltration between these two
consensus clusters was analyzed using the TIMER algorithms. The one-class logistic regression (OCLR)
machine-learning algorithm was used to calculate the mRNAsi(mRNA stemness index) of these CRGs.
The mRNA stemness index of the CRGs was mapped to the range [0,1] using the Spearman method, with
the minimum value subtracted and the result divided by the maximum.

Results

1 The difference in expressions of CRGs in colorectal
cancelr.

The expression of these ten selected CRGs in colorectal cancer was initially detected in comparison to
normal colorectal tissues, and the results showed that FDX1, LIAS, LIPT1, PDHA1, GLS, DLD, DLAT, MTF1,

CDKN2A was down-regulated in colorectal cancer tissues, while the expression of PDHB was up-regulated
(Fig. 2A, all P<0.05).
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2 Biological functional enrichment analysis of CRGs

The protein-protein interaction (PPI) network of these ten CRGs was developed (Fig. 3A). The GO analysis
which contained molecular function(MF), biological pathways(BP), and cellular components(CC) showed
that these ten CRGs mainly participated in the process of cyclin-dependent protein serine/threonine
kinase activity, mitochondrial matrix, oxidoreductase complex, cyclin-dependent protein kinase
holoenzyme complex, tricarboxylic acid cycle, acetyl-CoA metabolic process, the acetyl-CoA biosynthetic
process from pyruvate. Moreover, the KEGG analysis results indicated that the pathways in these CRGs
were mainly involved were the Citrate cycle (TCA cycle), Glycolysis / Gluconeogenesis, and Pyruvate
metabolism(Fig. 3B). The Kaplan—Meier survival analysis was performed for clarifying the prognostic
value of these CRGs in colorectal cancer and the results illustrated CDKN2A was the protective factor,
while DLD, DLAT, MTF1, PDHB were the risk factors(Fig. 3C, Table 1).

Table 1
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ONTOLOGY
BP

BP

BP

BP

BP

cC

cC

cC

cC

cC

MF

MF

MF

MF

ID
G0:0006086

G0:0006085

G0:0006099

G0:0006101

G0:0006084

G0:0005759

G0:1990204

G0:0000307

G0:1902554

G0:1902911

G0:0016620

G0:0016903

G0:0004693

G0:0030332

Description

acetyl-CoA
biosynthetic
process from
pyruvate

acetyl-CoA
biosynthetic
process

tricarboxylic acid
cycle

citrate metabolic
process

acetyl-CoA
metabolic process

mitochondrial
matrix

oxidoreductase
complex

cyclin-dependent
protein kinase
holoenzyme
complex

serine/threonine
protein kinase
complex

protein kinase
complex

oxidoreductase
activity, acting on
the aldehyde or oxo
group of donors,
NAD or NADP as
acceptor

oxidoreductase
activity, acting on
the aldehyde or oxo
group of donors

cyclin-dependent
protein
serine/threonine
kinase activity

cyclin binding
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GeneRatio

4/14

4/14

4/14

4/14

4/14

9/14

4/14

2/14

2/14

2/14

4/14

4/14

2/14

2/14

BgRatio
16/18670

22/18670

34/18670

35/18670

38/18670

469/19717

112/19717

42/19717

88/19717

109/19717

35/17697

43/17697

29/17697

30/17697

P value

3.58e-
10

1.44e-
09

9.06e-
09

1.02e-
08

1.44e-
08

4.07e-
12

9.45e-
07

3.97e-
04

0.002

0.003

1.27e-
08

2.97e-

2.33e-
04

2.50e-
04

Padjust

1.99e-
07

3.98e-
07

1.42¢-
06

1.42e-
06

1.48e-
06

1.02e-
10

1.18e-
05

0.003

0.011

0.013

8.10e-

9.57e-
07

0.003

0.003



ONTOLOGY ID Description GeneRatio  BgRatio Pvalue Padjust

MF G0:0097472  cyclin-dependent 2/14 30/17697 2.50e- 0.003
protein kinase 04
activity

KEGG hsa00020 Citrate cycle (TCA 4/12 30/8076 7.50e- 4.50e-
cycle) 08 06

KEGG hsa00620 Pyruvate 4/12 39/8076 2.24e- 6.71e-
metabolism 07 06

KEGG hsa00010 Glycolysis / 4/12 67/8076 2.04e- 2.90e-
Gluconeogenesis 06 05

KEGG hsa05218 Melanoma 4/12 72/8076 2.72e- 2.90e-

06 05

KEGG hsa04115 p53 signaling 4/12 73/8076 2.88e- 2.90e-

pathway 06 05

3. The nomogram constructed by prognostic CRGs.

To clarify the correlation between these five prognostic CRGs(PDHB, MTF1, DLD, DLAT, and CDKN2A) and
pathological characteristics in colorectal cancer, a prognostic nomogram was created. The results
showed that CDKN2A and DLAT were identified as the biomarkers that could alter the prognosis of the
patients with colorectal cancer by the univariate analysis, meanwhile, the pT, pN, pM were the factors
associated with these five prognostic by univariate and multivariate analyses, as shown in Fig. 4A-B.
Moreover, the 3-year and 5-year overall survival (OS) rates could be predicted better in the entire cohort, as
shown in Fig. 4C-D.

4 Developing the signature of the CRGs in colorectal cancer.

With the prognostic value and correlation with the pathological characteristics in colorectal cancer, a
prognostic gene signature was created containing these five prognostic CRGs(PDHB, MTF1, DLD, DLAT,
and CDKN2A) using the LASSO Cox regression analysis (Fig. 5A-B). Two groups including high-risk and
low-risk were subsequently separated calculating with the formula of the risk score=(-0.2954)*DLAT+
(0.1097)*CDKN2A. The expression, risk score distribution, and survival status of the final prognostic
signature in colorectal cancer were all present and the survival curves showed that the death risks
increased with their risk score raised, as shown in Fig. 5C. The Kaplan-Meier survival curves for the
signature demonstrated that the overall survival (OS) rate was higher in colorectal cancer patients with
low-risk scores (median time =4.2 and 8.2 years) (P =0.000264), with AUCs of 0.645,0.671, and 0.696 in
the 1-year, 3-year, and 5-year ROC curves, respectively (Fig. 5D, 5E)
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5 CRGs were associated with immune cell infiltration in
colorectal cancer.

The TIMER algorithm which contained six immune infiltration cells: CD8 + T cell, CD4 + T cell, B cell,
myeloid dendritic, macrophage, and neutrophils was used for analyzing the correlation between the five
prognostic CRGs(PDHB, MTF1, DLD, DLAT, and CDKN2A) and the infiltration of the immune cells. The
results demonstrated the correlation between the five CRGs and the number of immune infiltration cells,
especially the B cell, macrophage, as well as CD8 + T cell showed a significant correlation with four CRGs,
more interestingly, the MTF1 showed the correlation with all these six immune infiltration cells(Fig. 6A).
To further screen the immune roles of these five CRGs in colorectal cancer, the correlation between the
genes of the immune suppressor, immune checkpoints(Fig. 6B), MHC(major histocompatibility complex)
(Fig. 6C), Chemokines(Fig. 6D), as well as Chemokines receptor(Fig. 6E) and these five CRGs were also
performed. The analysis results illustrated a significant relation between these five CRGs and most
immune-related genes in colorectal cancer, especially the MTF1.

7. The analysis results of application for immunotherapies
in CRGs.

To identify whether these five prognostic CRGs could serve as the independent biomarkers and predict the
potential response of the immunotherapies in colorectal cancer, the analysis of tumor mutation burden
(TMB), as well as microsatellite instability (MSI) analyses were further performed, and the final results
revealed a significant positive correlation between TMB and MTF1(Fig. 7B, P =0.042), as well as a
positive correlation between MSI and MTF1(Fig. 7G, P = 1.12e-5), DLAT(Fig. 71, P =0.0039). The above
results illustrated that the MTF1 and DLAT could be the biomarkers forimmunotherapies in colorectal
cancer.

8. The consensus clusters of CRGs in colorectal cancer

Consensus cluster analysis was performed to explore the novel patterns of these CRGs in colorectal
cancer based on the characteristics such as biological function, metabolism, and immune infiltration by
the data from TCGA. The delta area curve of the consensus clusters represents the relative change in area
under the cumulative distribution function (CDF) curve for each category number k when compared to k-1
consistency analysis, and the abscissa of the CDF represents category number k, as well as the ordinate,
represents the relative change in the area(Fig. 8A-B). When the k number was two, all the selected data
were best suited for further analysis, and two clusters were finally divided(Fig. 8C-D).

9 Functional landscape of the CRGs in colorectal cancer.

The difference in mRNA expression between these two clusters in colorectal cancer was first analyzed,
and the results showed that 4135 mRNAs were up-regulated which was shown in red compared with 331
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mRNAs that were down-regulated in blue(Fig. 9A-B). The GO analysis results of these two clusters in
colorectal cancer suggested that the up clusters were mainly related to the process of cell cycles such as
the regulation of cell cycle, proteasomal protein, catabolic process, cell cycle checkpoint, chromosome
segregation, DNA replication, RNA splicing and the metabolism process like phase transition regulation of
DNA metabolic process, proteasomal protein catabolic process, and ncRNA metabolic process, while the
down was associated with the protein targeting to membrane, ATP synthesis coupled electron transport,
oxidative phosphorylation, protein targeting, and ATP metabolic process by the GO analysis(Fig. 9C).
From the results of the KEGG analysis, the up mRNAs were associated with the p53 signaling pathway,
colorectal cancer, spliceosome, and cell cycle signaling pathways, while the down clusters were mainly
related to glutathione metabolism, oxidative phosphorylation, and 2 - oxocarboxylic acid metabolism
signaling pathways(Fig. 9D).

10 The comparison of differences in immune infiltration
between the consensus clusters.

The TIMER algorithm was selected to compare the infiltration of the immune cells between these two
clusters in colorectal cancer, and the results illustrated that there was a significant difference in the B
cells, CD8 + T cells, Neutrophil, Macrophage, Myeloid dendritic cells between these two clusters(Fig. 10A).
For the comparison of the immune checkpoints between these two clusters, eight genes were selected as
the immune checkpoint-relevant transcripts, and the analysis results illustrated that between these two
clusters, five genes including CD274, CTLA4, HAVCR2, PDCD1LG2, and TIGIT showed the significant
difference(Fig. 10B). The OCLR algorithm?’ was used for comparing the stemness which reflects the
index stem cell-like characteristics of tumor cells between these two clusters in colorectal cancer. The
final OCLR scores in these two groups were shown in Fig. 10C and the results showed a significant
difference between these two clusters of the stemness in colorectal cancer(P = 0.0012).

Discussion

With the huge advancement in the area of bioinformatics algorithms and multi-omics research
methodologies?223, the researchers could get a better understanding of colorectal cancer. The studies of
the characteristics and heterogeneity of the tumor immune microenvironment(TIME) which was
illustrated as a complex and dynamic community, could help get a more precise classification and novel
clinical strategies for patients with colorectal cancer?4~2°. Copper is a critical factor for the metabolism
of all cells, however, when the organism has more copper than its homeostasis, the excess copper would
directly bind to the lipoylated proteins of the tricarboxylic acid (TCA) cycle and further induce the
dysfunction of the mitochondria which could finally lead to the death of cells'". In tumor cells, three
pathways containing reactive oxygen species(ROS) accumulation, proteasome inhibition, and
antiangiogenesis were illustrated as the mechanisms correlated with the process of copper-induced cell
death, also termed cuproptosis'®. The exploration of the correlation between copper-induced cell death
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and TIME could help find the vulnerabilities and novel biomarkers for the immunotherapies of colorectal
cancer.

In this study, all these ten cuproptosis-related genes(CRGs) significantly showed different expressions in
the colorectal cancer tissues, and the functional enrichment analysis suggested that these CRGs were
mainly involved in the function and signaling pathways of tricarboxylic acid(TCA) cycle, mitochondrial
metabolism, and the metabolism-related protein complex activities which were related with the disorders
of energy metabolism and dysfunction of mitochondria of colorectal cancer?’28. Five CRGs containing
PDHB, MTF1, DLD, DLAT, and CDKN2A were demonstrated with prognostic value in colorectal cancer,
meanwhile, the CDKN2A and DLD were demonstrated with a significant correlation with the pathological
characteristics in patients with colorectal cancer by the univariate analysis. Moreover, based on the
prognostic value of these five CRGs, a gene signature containing these genes was developed by the
LASSO Cox regression analysis, and according to the calculated results of the signature, the high-risk
score group was associated with shorter overall survival(OS) rate. The above results revealed that these
CRGs not only have a significant expression in colorectal cancer tissues but also could have a correlation
with the prognosis and pathological characteristics of the patients with colorectal cancer.

To clarify whether these five prognostic CRGs(PDHB, MTF1, DLD, DLAT, and CDKN2A) were associated
with the TIME which was the immune parts of TME in colorectal cancer, the TIMER algorithm was first
selected for estimating the immune cell infiltration of these five CRGs, meanwhile, the genes of immune
suppressor, MHC, Chemokines, and Chemokines receptor were selected to detect the immune roles of
CRGs in colorectal cancer. The results of the TIMER analysis revealed the correlation of these CRGs with
the infiltration of the immune cells and four CRGs were illustrated the significant correlation with the B
cell, CD8 + T cell, as well as the macrophage which was illustrated as the critical roles in the oncogenesis,
metastasis and cell death such as apoptosis and pyroptosis of the tumor cells2®3°. The immune
suppressor and immune checkpoints have been demonstrated with a significant impact on the escape
from the immune surveillance of the tumor cells and immunotherapies in colorectal cancer'32, MHC
genes have shown the correlation with the cell death and function of the immune cells such as CD4+ T
cells and CD8 + T cells3334 chemokines and chemokines receptor genes were associated with the energy
metabolism and the macrophage polarization in tumor cells®>36. The above immune-related estimation
illustrated the significant correlation between CRGs and TIME in colorectal cancer, especially the MTF1.
Moreover, the TMB and MSI analysis results of these five CRGs in colorectal cancer demonstrated that
MTF1 and DMAT could serve as the independent biomarkers for the immunotherapies of colorectal
cancer®’38_ All the above analysis results suggested that these five prognostic CRGs have a significant
correlation between the TIME and immune infiltration cells in colorectal cancer, more interestingly, the
correlation between the CRGs and the immune genes suggested the CRGs could have an impact on the
polarization of macrophages, function of B cell and CD8 + T cell in colorectal cancer and the metastasis
of the tumor cells.
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For further screening of the immune and functional landscape of these CRGs in colorectal cancer,
consensus clustering analysis was selected to explore the novel patterns of these CRGs in TCGA and two
clusters were finally identified. The different expression of mMRNAs between these two clusters was first
detected, and the results revealed the significant characteristics for the classification of CRGs in
colorectal cancer. The comparison of the function between these two clusters was subsequently
performed by KEGG and GO databases, and the results were summarized with up-regulated and down-
regulated. The up-regulated mRNAs were mainly associated with the process of the cell cycle and the
metabolism by GO analysis, meanwhile, the pathway patterns by the KEGG database revealed the up
clusters mainly participate in the pathways of colorectal cancer, p53 signaling pathway, and the cell cycle
pathway which were related with the oncogenesis and metabolism of tumor cells®®~*1. While the down-
regulated mMRNAs were mainly related to protein targeting like targeting to membrane, the process of TCA
cycle and mitochondrion metabolism such as oxidative phosphorylation and process of ATP metabolism
by GO analysis, and the pathways analysis revealed the down-regulated mRNAs mainly participated in
the glutathione metabolism and oxidative phosphorylation signaling pathways which were associated
with the cell death as well as the dysfunction of the mitochondrion in tumor cells*2~44. For screening the
difference in immune infiltration landscape between these two clusters, the TIMER algorithm was
selected and the results showed a significant difference in the immune infiltration cells, moreover, five
immune-checkpoints genes expression between these two clusters also showed a statistically significant
difference. The difference of mMRNAsi calculated by the OCLR algorithm illustrated the significant
difference in stem cell-like characteristics between these two clusters which were associated with the

behavior, growth, communication, and immune response of tumor cells in colorectal cancer*®™4/,

The above results revealed that the CRGs were mainly characterized by the process of the TCA cycle and
energy metabolism of tumor cells in colorectal cancer. The results of immune infiltration patterns and
MRNA stemness index could provide the clues that the immune checkpoints and stem cell-like
characteristics might play key roles in the precise classification of the copper-induced cell death in
colorectal cancer, respectively. Meanwhile, the relationship between CRGs and immune cell infiltration
also suggested the directions for anti-cancer research such as immunotherapies in colorectal cancer.

There are also some limitations to this research. All studies were carried out with the TCGA-COADREAD
cohort, and more data from in vivo, in vitro research, and clinical studies could be used to corroborate the
results.

Conclusion

A comprehensive analysis of the functional and immune landscape of the cuproptosis-related
genes(CRGs) in colorectal cancer(colorectal cancer) was performed, and a gene signature was developed
based on the prognostic value of the CRGs. TCA cycle and energy metabolism were the pathways these
CRGs characterized, meanwhile, the significant correlation between CRGs and immune cells infiltration
was illustrated. Moreover, the stemness index could also serve for the classification of the CRGs in
colorectal cancer. This research provided new perspectives on cuproptosis with the tumor immune
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microenvironment(TIME) and novel biomarkers for the immunotherapies as well as the precise
classification for colorectal cancer. More data and investigations are required to corroborate these
findings.
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The expression of these 10 CRGs in colorectal cancer compared with normal tissues. Tumor, red; Normal,
blue (*p <0.05, **p < 0.01, ***p <0.001).
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A The protein-protein interaction network of CRGs using the STRING database. B The enriched item in
gene ontology (GO) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis. The size
of columns represented the number of genes enriched. BP, biological process; MF, molecular function. C

The prognostic value of CRGs in colorectal cancer.
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The correlation between the clinical characteristics and PDHB, MTF1, DLD, DLAT, and CDKN2A in
colorectal cancer

Page 20/27



0 2 2 3 4 5 5 3 5 3 S 5 4 4 3 3 3 22 2 22
v -
1
i -
A
F : |
2 T - T
7] g i 171
H % 3 | -uo..nuu-o”uu.uuu-oco-ué..o.o".
2z - |
(§ - i
E 7 i
B~ i
B i
| | | T |
=7 -6 -5 -4 -3
LI Norm Log(%)
i -
—05 RidiType 1.004 Log—tank P = 0000264
w —HE(High groups)=1 945 == groups=High groups
:'_%1 aTs H"‘—u.‘_ pin m1‘:',6_‘-' - 2.781) = groups=Low groups
w - He3] e, g [t N
g =10 -E‘ \ i P
% - - =L ey T
=1 Z 050 mmmm———— - -
-5 E l!" - =
% : -------- {l IIIIIIIIIII
& 0254 ! !
-20 g E E
2 oo Median rime:4.2 and S;IZ :
groups=High gwps'=369 52 10 & [1]
groups=Low groups-{ 310 54 25 9 1
! L] ‘e e : = - ! ’ Time ?ycn:s) ? .
E L -" * - -
= - " - -
4 u. .‘.’:o : "o o .g .0 .‘0 P y Lo
- "."' %0 N g Bt e Kas
a‘ '
- Jf* 075
o] = =1 E
s
COKNZA 5 050
g
=
0.25 Type
BERE m— | =Years AUC=0,645,95%CI(0.585-0.705)
| | Il Wi — 3=Years AUC=0.671,55%C1(0.61-0.731)
0.100 = 5=Years AUC=0.696,55%C1(0.614-0.778)
0.0 025 0.50 0.75 1.00

r—score of expression “ -

=2=101 2 False posilive [raction

Figure 5

The construction of a signature with prognostic CRGs. A LASSO coefficient profile of the five CRGs. B
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expression of five prognostic CRGs in colorectal cancer. D Overall survival curves for colorectal cancer
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A-E TMB analysis of the prognostic CRGs(PDHB, MTF1, DLD, DLAT, and CDKN2A) in colorectal cancer. F-
J MSI analysis of the prognostic CRGs(PDHB, MTF1, DLD, DLAT, and CDKN2A) in colorectal cancer. TMB,

tumor mutation burden; MSI, microsatellite instability.

Page 23/27



consensus CDF Delta area

25

0.8 —

£
o
h o
8 2 4
06 R
-
& a
o m g o=
- = <]
0.4 A ;
| 5 g
C] § =
e -
02 - g
2
w o
=
00 - by
T T T T T B -H—‘_"x"‘“—o—-_._._o
o o - @ ) =) 2 4
= =] = =) = - = T T T T T
consansus index 2 3 4 5 6
k
matrix k=2 .
tracking plot
a1
m 2
2
3
= 4
5
g
samples

Consensus clusters analysis of cuproptosis-related genes in colorectal cancer A Cumulative distribution
function (CDF) of consensus clustering by consistency analysis; B-D Consensus matrices of the sarcoma
patients fork = 2.

Page 24/27



= Logy P=raluc

C Log :‘;eu ehaage) D
KBGG paitiway (Up) G0 (Up)
p53 signaling pathway{ » 1ib lecprotein complex biog
mBNA surveillince pathway{ o regulation of mitotic cell cycle phase ttansition [ ]
Ubiguitin mediated proteolysisg L] regulation of cell cycle phase transition | ]
splicecsome] @ seglation of DNA c-tabgl:c%r obEss ]
RNA degradaion] ® Gt proteasom e-mediated ublquitin-dependent protein P
q catabolic process —logloip.adjusyy
Protein processing i endoplasmic revicu lm L] ] proteasomal pretein ca%oimgr 0CEsS a I
Platinum diug tesistance{ # & ctganelle fission [ ] 15
Docyte meioss - ® w nucleocytoplasmic transport L ] "
Nuclectide excision repair {» 9w niuclear transport L ] H
Nucleocytoplasmic transporty @ neENA processing | L] :i
Homelogous recombination{ s =hogl O adjuzt) neRNA metabolic process L |
Hespes simp lex virus 1 infection L | ' mitotie nuclear division L G
ForQ signaling pathway L N le org: g CEnter ionqe P
Fanoonianemia pathway{e chromosmme segregation L ] ®
Endocytosics L] 4 centrosome cycled &=
Colorectal cancer{ o 2 cell eycle checkpoint L ]
Cellular L cell eyele G2M phase transition L ]
Cell cycle a RNA plicing
Basal wranseription factors{e DNA replication L ]
Autophagy = animal - DNA integtity checkpoint{®
LU T T T R L1 LLi} L1 LY ]
Ewsichment Ratio Ensichme nt Ratio
KEGG pathway ( Down) GO (Down)
Thermogengsis [ ] wiral transeription L ]
Sphingolipid metabolism{ viral gene expression *
Ribogome: L ] PrOtEin LAIgeting 1o membrane L ]
Retrograde endocannabinoid signaling ] protein targeting to ER{e
Prion disease e comn protein targeting @ -oplopadmy
Pathways of nevrodegeneration — multiple diseases] L ] protein localization 1o endoplasmic reticulum .
Parkinson disease [ .5 oxidative phosphory lation ] 18
Oxidative phospherylation [ ] : : nucleoside phosphate biogymthetic process L ] ::
Non-aleoholic faty liver disease L ] nuclear—transeribed mENA catabolic process ] 0
Influenza A [ ] —boglorpadjng mitochondrial ATP eynthesis{®
Huntington disease ] P coupled electron transpertys
Gluathione metabolism{ @ 20 establishment of protein localization to membrane] @ Count
Diabetic cardiceny opathy Y 15 SRP-dependent cotranslational proteire .
Coronavirus disease - COVID-19 [ ] 0 elestron transpont chain L] .
Chemical carcinogenesis - teasive okygen species L ] L] digestion e L
Biosynthesis of amino acids - cotranslational protein targeting 1o membrane{® L
Amyotrophic lateral selerosis [ ] antimicrebial humoral respenseq@
Alzheimer disease [ targeting to membrane®
African trypanosomiasis] ATP synthesis coupled electron transport{*
2-Oxocarborylic acid metabolism{ » ATP metabolic process L]
005 0050 00Fs 000 0125 0 oM 0 008 OF

Figure 9

‘Buasichment Ratio

Easichmeat Ratio

A Volcano plots of clustering analysis of mRNAs, B Hierarchical clustering analysis of mRNAs, C-D The
enriched item in gene ontology (GO) analysis, and Kyoto Encyclopedia of Genes and Genomes (KEGG)
analysis of consensus clusters. The size of circles represented the number of genes enriched.
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Figure 10

The immune infiltration difference between these two consensus clusters by the TIMER algorithm. B The
estimate between the two CRGs consensus clusters and the immune checkpoints(SIGLEC15, TIGIT,
CD274, HAVCR2, PDCD1, CTLA4, LAG3, and PDCD1LG2). C The comparison in mRNA stem index
between these two clusters. Asterisks represent levels of significance (*p <0.05, **p <0.01, ***p <0.001,-p,
no significance).

Page 26/27



Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

» CrosscheckreportbyiThenticate.pdf

e Therawdataforthisstudy.xlsx

Page 27/27


https://assets.researchsquare.com/files/rs-1634407/v1/041d04fe7fe9add61e50b85d.pdf
https://assets.researchsquare.com/files/rs-1634407/v1/0545773010f146148f722634.xlsx

