
OR I G I N A L A R T I C L E

The exploration of mitochondrial-related features helps
to reveal the prognosis and immunotherapy methods
of colorectal cancer

Yun-hui Xie1 | Hui-zhong Jiang2

1Center of Gastrointestinal and Minimally

Invasive Surgery, Department of General

Surgery, The Third People's Hospital of

Chengdu, Affiliated Hospital of Southwest

Jiaotong University, Chengdu, China

2College of Graduate, Guizhou University of

Traditional Chinese Medicine, Guiyang, China

Correspondence

Hui-zhong Jiang, 71 Baoshanbei Road, Yunyan

District, Guiyang 550001, China.

Email: jianghz93@126.com

Funding information

Chengdu High-level Key Clinical Specialty

Construction Project; National Natural Science

Foundation of China, Grant/Award Number:

82170887

Abstract

Background: Cancer cell survival, proliferation, and metabolism are all intertwined

with mitochondria. However, a complete description of how the features of mito-

chondria relate to the tumor microenvironment (TME) and immunological landscape

of colorectal cancer (CRC) has yet to be made.

We performed subgroup analysis on CRC patient data obtained from the databases

using non-negative matrix factorization (NMF) clustering. Construct a prognostic

model using the mitochondrial-related gene (MRG) risk score, and then compare it to

other models for accuracy. Comprehensive analyses of the risk score, in conjunction

with the TME and immune landscape, were performed, and the relationship between

the model and different types of cell death, radiation and chemotherapy, and drug

resistance was investigated. Results from immunohistochemistry and single-cell

sequencing were utilized to verify the model genes, and a drug sensitivity analysis

was conducted to evaluate possible therapeutic medicines. The pan-cancer analysis

is utilized to further investigate the role of genes in a wider range of malignancies.

Methods and Results: We found that CRC patients based on MRG were divided into

two groups with significant differences in survival outcomes and TME between groups.

The predictive power of the risk score was further shown by building a prognostic model

and testing it extensively in both internal and external cohorts. Multiple immune thera-

peutic responses and the expression of immunological checkpoints demonstrate that the

risk score is connected to immunotherapy success. The correlation analysis of the risk

score provide more ideas and guidance for prognostic models in clinical treatment.

Conclusion: The TME, immune cell infiltration, and responsiveness to immunother-

apy in CRC were all thoroughly evaluated on the basis of MRG features. The compar-

ative validation of multiple queues and models combined with clinical data ensures

the effectiveness and clinical practicality of MRG features. Our studies help clinicians

create individualized treatment programs for individuals with cancer.
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1 | INTRODUCTION

Ten percent of all cancer fatalities each year are attributable to colo-

rectal cancer (CRC), making it one of the most prevalent forms of the

disease.1,2 Despite the development of early screening, better referral

pathways, effective primary surgery, systemic chemotherapy, and

biotherapy, patients with CRC now have a better chance of surviving

following diagnosis.3 Immune checkpoint inhibitor (ICI) therapy's

widespread use is especially relevant.4 The yearly death rate of CRC

patients is still rather high, though.5 Thus, it is of utmost importance

to investigate and develop novel efficient biomarkers for CRC to

enhance patient prognosis and the efficacy of therapy.

Mitochondria are not only the “cell power source” in eukaryotic

cells but also the organelle involved in the complex process of driving

cell fate.6 They participate in cell metabolism, differentiation, and pro-

grammed cell death through metabolic pathways.7–9 Mitochondria

have a vital role in the maintenance and progression of illness,

especially in cancer. By facilitating metabolic switch to glycolysis,

mitochondria ensure cancer cells remain alive in the tumor microenvi-

ronment (TME),10,11 enhancing redox homeostasis,12,13 providing pH

homeostasis,14 participating in tumor dormancy regulation

mechanisms,15,16 cancer cell autophagy,17 mitochondrial hijackings,18

and promoting angiogenesis in the TME.19,20 At the same time, mito-

chondria promote tumor progression by assisting in genomic

instability,21–24 taking part in activities that prevent cell cycle arrest,25

and epithelial mesenchymal transition (EMT).26 Targeted anti-

mitochondrial therapy is currently one of the research hotspots.

Researchers have also revealed that cancer cells' mitochondria aid in

their ability to evade the immune system by creating an acidic

microenvironment,27 glucose depletion,28 recruiting myeloid-derived

suppressor cells (MDSCs),29 contributing to the manifestation of

immunological checkpoints,30 and taking role in the suppression of

the MHC-I expression.16,31 And inducing the development of chemo-

therapy drug resistance32 leads to a decrease in clinical treatment

benefits for cancer patients. Therefore, finding effective strategies to

improve the body's immune response and therapeutic resistance can

help improve the clinical treatment effectiveness of patients and pro-

long their survival time. The features of mitochondrial-related genes

(MRGs) have been validated as biomarkers for predicting multiple can-

cers prognosis and treatment.33–37 However, full investigation of

MRGs' prognostic and immunological usefulness in CRC has yet to be

conducted. Moreover, the link between mitochondria and CRC's TME

has not yet been fully elucidated.

This research used information from the Cancer Genome Atlas

(TCGA) and the Gene Expression Omnibus (GEO) databases for its

analysis. Patients with CRC underwent subtype categorization using

non-negative matrix factorization (NMF) clustering, and a predictive

model was built using risk scores derived from MRG features. We

investigated the utility of the MRG risk score in clinical pathology,

investigated the association between the MRG risk score and the

TME, the immune landscape, and drug sensitivity, and finally com-

pared the effect value of prognosis models based on the MRG risk

score to those relying on other models and confirmed the expression

level of model genes using immunohistochemistry. Single-cell RNA

sequencing (scRNA-seq) was used to investigate the relationship

between model genes and immune cells. Finally, the use of MRGs as

biomarkers and their prognostic significance in pan-cancer were

reviewed.

2 | MATERIALS AND METHODS

2.1 | Data collection and identification of MRG

Using the TCGA (https://portal.gdc.cancer.gov/) and GEO (https://

www.ncbi.nlm.nih.gov/geo/) databases, researchers were able to

access transcriptome data, clinical data, and mutation data from CRC

samples and normal tissue samples. The TCGA cohorts includes

TCGA-COAD (41 normal tissue samples, 480 tumor tissue samples)

and TCGA-READ (6 normal tissue samples, 161 tumor tissue samples).

The GEO cohorts contains GSE17538 (238 samples)38 and GSE39582

(585 samples).39 In the process of organizing clinical data, samples

without a survival time and samples with a survival time of 0 are

excluded. The collection of MRGs are organized through the MITO-

MAP (https://www.mitomap.org/MITOMAP). By removing duplicate

genes, we can obtain an overall of 1592 MRGs.

2.2 | The Gene Ontology and the Kyoto
Encyclopedia of Genes and Genomes enrichment
analysis based on differentially expressed genes

We used the “limma” package40 to screen for differentially expressed

genes (DEGs) based on MRG between normal and tumor tissue sam-

ples using jlogFCj > 1 and FDR < 0.05 as criteria. The ggplot2 package

draws volcanic maps. To further understand the potential biological

functions, cellular localization, and pathways of the selected DEGs,

we ran Gene Ontology (GO) and Kyoto Encyclopedia of Genes and

Genomes (KEGG) functional enrichment analyses using the “cluster-
Profiler” R package.

2.3 | NMF clustering, identification of molecular
subtypes, and immune score analysis

We used the “survival” and “NMF” packages to extract genes linked

to patient survival and prognosis by univariate Cox analysis, and then

did molecular subtype clustering analysis on these genes using NMF

analysis, all based on the expression of DEGs based on MRG. Clusters

of molecular subtypes were limited to a value between 2 and 10.

Overall survival (OS) and progression-free survival (PFS) rates were

compared among MRG clusters, and the data were plotted on a

Kaplan–Meier curve for visual presentation. Using a heat map, we can

see how certain MRG clusters are linked to specific clinical pathologi-

cal characteristics. Calculating TME scores across MRG clusters and

distinguishing between them by StromalScore, ImmuneScore,
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ESTIMATEScore, and TumorPurity is done using the “ESTIMATE”.41

To compare the levels of immune cell infiltration into the various

MRG clusters, we utilized the “MCPcounter”.42 Display the immune

response subtypes corresponding to different MRG clusters through

Sankey plots.

2.4 | Establishment of prognostic features for CRC
based on MRG risk score

Create a Lasso Cox regression algorithm-based prediction model using

the “caret” and “glmnet” packages. Select relevant genes, build a

prognostic model in the validation set, then compute the MRG risk

score using multivariate Cox analysis. Here, coefi is the risk coefficient

and EXPI is the expression level of each gene, hence the formula for

calculating the risk score is risk score = Σ(EXPI * Coefi). Using the

median risk score as the dividing line, the TCGA cohort sample was

stratified into high-risk and low-risk subgroups. The prognostic

model's prediction efficacy and precision were tested and verified

using external validation sets consisting of survival and clinical data

from various separate GEO cohorts, with the analysis of the GEO

cohort performed utilizing the cutoff values from the TCGA cohort's

training set. Kaplan–Meier graphs and receiver operating characteris-

tic (ROC) curves indicated the prognostic impact of OS rate, PFS rate,

and predictive model in the TCGA and GEO cohorts.

2.5 | Subgroup hierarchical analysis of clinical
pathological characteristics in predictive models

Determine how well prognosis may be predicted using predictive

models for various clinical pathology variables. According to different

classification criteria, different clinical pathological features were ana-

lyzed by subgroup stratification, including gender, stage, T, N, and

M. And use box and bar charts to show how MRG risk scores correlate

with various aspects of clinical pathology. Improve the use of prognos-

tic models in clinical settings by comparing the clinical pathological fea-

tures of low- and high-risk groups of patients using heat maps.

2.6 | Construction and validation of independent
prognosis and nomogram for MRG risk score

We performed univariate and multivariate Cox regression analysis, as

well as a forest plot, to see whether the MRG risk score may be

employed as a standalone prognostic indicator for CRC patients. The

“rms” package is used to draw predictive nomograms, which include

clinical pathological features and risk scores for MRG. The calibration

curve demonstrates that the 1-, 3-, and 5-year OS rates are consistent

with expectations, and the ROC curve demonstrates the accuracy of

column charts in forecasting survival rates. To more accurately gauge

nomogram’ prognostic value, the “ggDCA” package is used for deci-

sion curve analysis (DCA).

2.7 | Compare and verify predictive performance
with other models

Two studies, Qi43 and Du,44 respectively, screened 9 and 3 genes related

to iron death to construct prognosis models for CRC patients. Referring

to the method of constructing MRG risk score prognostic model stores,

we obtained gene expression data corresponding to these two predictive

models from the TCGA cohort, constructed a multifactor regression

model, calculated the corresponding risk scores, and divided them into

the two groups. Both the ROC curve and the Kaplan–Meier curve were

used to illustrate the prognostic accuracy of the two models. Calculate

the consistency index (C-index) of these two models and our MRG risk

scoring model separately, and a higher C-index indicates a better prog-

nostic effect. The Restricted Survival Time (RMST) curve is used to eval-

uate and compare the performance and differences between models.

2.8 | Biobased enrichment analysis and immune
landscape analysis

The “c2. cp. kegg. v7.4. symbols” and “c5. go. v7.4. symbols. gmt” files
were set up to run GO and KEGG enrichment analysis on the two

groups, respectively, and display the results of the top five enrichment

rankings in order to further investigate the biological processes (BPs)

and enrichment pathways of the prognosis model based on MRG risk

score. We used the “GSEABase” and “GSVA” packages45 for GSVA

analysis to supplement the results of KEGG pathway enrichment in

two groups. At the same time, we comprehensively analyzed the TME

and immune landscape of the MRG risk score. The TME between the

two groups is realized through the “ESTIMATE” package. Visualizing

the proportional difference and correlation of 22 immune-related cell

subtypes between the two groups using the CIBERSORT deconvolu-

tion algorithm46 and analyzing the prognostic value of immune cell

infiltration level using the MRG risk score for CRC patients in combi-

nation with clinical survival time. The MCP-counter algorithm may

enhance data from other immune cell infiltration algorithms and make

a connection between low- and high-risk categories of immune cells

via the use of bubble charts. Next, we conducted single-sample gene

set enrichment analysis (ssGSEA)47 to assess the differences in

immune-related functions between the two groups in order to evalu-

ate the abundance of infiltrating immune cells and functions between

the two groups. Collaboratively generate heat maps for adjuvant use

based on different techniques for calculating immune cell infiltration,

such as TIMER,48 quanTIseq,49 xCell,50 and EPIC.51 The expression of

immunosuppressive molecules known as immunological checkpoints52

on immune cells allows for the control of the level of immune activa-

tion. Analyzing immune checkpoint genes in tumor tissue can help

determine the effectiveness of immunotherapy. We compared the

expression levels of 47 immune checkpoint genes across low-risk and

high-risk individuals to identify potential connections and discrepan-

cies. We gathered data from the TIDE (http://tide.dfci.harvard.edu) in

order to compare the MRG risk score's ability to predict immune

treatment response in low- and high-risk patient groups. TCIA47
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(https://tcia.at/home) is a database whereby one may get the findings

of the TCGA cohort's immunotherapy response. The immunopheno-

score (IPS) of CRC patients may be utilized to evaluate differences in

immunotherapy response between the two groups.

2.9 | Microsatellite instability, tumor cell stemness
(CSC index), and tumor mutational burden were
analyzed for their correlations with the risk score

Although breakthrough progress has been made in ICI therapy target-

ing immune checkpoints, it does not necessarily have ideal efficacy in

all patients. At present, immunotherapy mainly identifies three bio-

markers, namely tumor mutational burden (TMB), microsatellite insta-

bility (MSI), and PD-L1 expression. TMB is an indirect indicator of a

tumor's potential to generate new antigens and a predictor of immu-

notherapy's success against certain tumor types. Thus, we employed

the “maftools” suite of programs to compare somatic mutation find-

ings in two groups. Oncoplots comparing mutation rates between the

two groups across the first 20 genes. The packages “ggpubr” and

“ggExtra” were used to examine the association between TMB and

MRG risk scores. We also looked at how low and high risk scores, the

MSI, and the CSC index are related to one another.

2.10 | Correlation and difference analysis of risk
scores and genes related to cuproptosis, multiple drug
resistance, TIS, radiotherapy and chemotherapy, and
disulfidptosis

Mitochondria can participate in cell proliferation, metabolism, and pro-

grammed cell death through various metabolic pathways. To better pre-

dict the biological significance of the prognostic model based on the MRG

risk score we created on cells, we investigated the link among the MRG

risk score and gene expression associated with hot spot death modes such

as cuproptosis53 and disulfidptosis.54 Radiotherapy and chemotherapy are

made more challenging by tumor heterogeneity, and multiple drug resis-

tance in tumors is the primary cause for the failure of tumor treatment.55

Thus, we next looked at the connection among the MRG risk score and

genes involved in resistance to numerous drugs56 as well as radiation and

chemotherapy.57,58 Predicting the efficacy of ICIs combination treatment

is possible with the use of the tumor inflammation signature (TIS), and

genes associated with the TIS may act as useful biomarkers for ICIs com-

bination therapy.59 Our analysis of the association among two groups and

the expression of 18 TIS-related genes may help us better understand the

predictive validity of the MRG risk score in clinical therapy.

2.11 | Drug sensitivity analysis

Semi-inhibitory concentration (IC50) values are utilized in the “pRRo-
phetic”60 to forecast the therapeutic value of chemotherapy and tar-

geted medicines in low- and high-risk patient categories.

2.12 | Expression level and immunohistochemistry
validation of model genes

From the TCGA cohort, we retrieved and compared the protein levels

of prognostic model genes in both normal and malignant tissues. Inte-

grate data from the Human Protein Atlas (HPA) database (https://

www.proteinatlas.org/) to validate the protein expression of five

model genes by obtaining immunohistochemistry results from tumor

and normal tissues.61

2.13 | Validation of model genes in single-cell RNA
sequencing

We applied the TISCH262 (http://tisch.comp-genomics.org/home/) to

obtain CRC-ScRNA-Seq data for GSE166555. This website can ana-

lyze single cell data from existing publicly available databases through

the provided gene set, autonomously cluster cells, complete clustering

annotations based on identified cell markers and alignment results,

and present the distribution results of target genes in cells.

2.14 | Pan-cancer analysis of model genes

This research aims to explore the potential of the MRG risk score as a

pan-cancer prediction model gene. Using heat maps, we showed how

model genes are expressed in different malignancies and how their

expression is correlated using analysis of five genes. Finally, forest

plots were used to display the results of a Cox analysis into the prog-

nostic risk of model genes in pan-cancer.

2.15 | Statistical analysis

The analysis based on the R package in this study was completed

using R version 4.2.3. The log rank test was used to compare OS and

PFS rates between the TCGA and GEO cohorts. Correlations were

analyzed using the Pearson test. Two groups of data may be com-

pared using the Wilcoxon test. p < .05 is considered statistically

significant.

3 | RESULTS

3.1 | Identification and NMF cluster typing
of MRGs

A total of 226 mitochondrial-related differential genes, comprising

151 upregulated genes and 75 downregulated genes, were found

using differential analysis of 1592 MRGs in the TCGA cohort, and the

findings were shown through a volcano map (Figure 1A). The BPs and

pathways associated with MRGs may be elucidated by doing GO

and KEGG enrichment analysis on MRG-DEGs. The analysis of GO
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discovered that in the BP, it involves mostly the generation of precur-

sor metals and energy and mitochondrial transporters (Figure 1B); in

the cellular component (CC), it mainly involves mitochondrial inner

members and matrix; and in the molecular function (MF), it mainly

involves ligase activity. The results of KEGG are shown in the cluster

diagram (Figure 1C), which shows that MRGs are mainly enriched in

fatty acid metabolism and degradation, arginine and profile metabo-

lism, pyruvate metabolism, thermogenesis, apoptosis, the p53, and the

F IGURE 1 Differentially expressed genes (DEGs) extraction and identification of mitochondrial-related genes (MRGs). (A) Volcano plot of the
DEGs of MRGs; (B) Gene Ontology enrichment analysis; (C) Kyoto Encyclopedia of Genes and Genomes analysis of the related pathways; (D)
Heatmap of the NMF clustering (k = 2); (E) Heatmap of differences in clinicopathological factors between the two different Clusters; (F, G) The
Kaplan–Meier curve of overall survival and progression-free survival rates among the Clusters. **p < .01; *p < .05.
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PPAR signaling pathway. The majority of these enriched pathways are

concerned with metabolic and apoptotic processes. Further analysis

of these DEGs identified a total of 204 prognostic-related MRGs

through univariate Cox regression combined with clinical survival

data. The NMF algorithm resulted in K = 2 was the best choice for

MRG clustering and divided these genes into two clusters, Cluster

1 (n = 123) and Cluster 2 (n = 308) (Figure 1D). In light of clinical

data, we compared the differences in clinical pathological features

between two MRG clusters. The heat map shows significant differ-

ences in M-type and stage between the two clusters (p < .01; p < .05;

Figure 1E). The Kaplan–Meier curve, which uses a combination of sur-

vival data, demonstrated that Cluster1 had considerably superior OS

and PFS than Cluster2 among CRC patients (p < .001, HR: 2.72 [95%

CI: 1.51–4.9]; p = .023, HR: 1.68 [95% CI: 1.07–2.63]; Figure 1F,G).

This indicates that CRC patients in the Cluster1 cluster have better

prognostic outcomes.

3.2 | MRG based TME and immune assessment
between two clusters

The purpose of this study is to determine what factors distinguish

Cluster 1 from Cluster 2 in terms of survival and prognosis, we com-

pared the TME between the two clusters and evaluated the immune

invasion. TME findings showed no statistically significant variation in

immunological ratings across groups (p = .27, Figure 2A), but Cluster

2 was higher than Cluster 1 in matrix scores and estimate scores

(p = .00081; p = .0098; Figure 2B,C). However, Cluster 1 has a higher

tumor purity than Cluster 2 (p = .012, Figure 2D). The MCP counter

algorithm shows that Cluster 2 mainly exhibits higher levels of infiltra-

tion on three types of immune cells: T cells, endothelial cells, and

fibroblasts (Figure 2E–G). Existing studies have identified six immune

subtypes, namely immune C1–C6, through immunogenomic analysis

of TCGA pancreatic cancer samples.63 In our study, the analysis of the

immune subtypes contained in Cluster 1 and Cluster 2 showed that

there was no partial aggregation of immune subtypes with immune

rest (C5) in both clusters. Wound healing (C1) accounts for a large

proportion in Cluster 1 and Cluster 2, while other subtypes, including

IFN-γ(C2), inflammation (C3), lymphocyte depletion (C4), and TGF-

dominant (C6), aggregate less in both clusters.

3.3 | Construction of a prognostic model based
on MRG

The TCGA whole cohort's CRC samples were randomly split into a

training set (n = 303) and a testing set (n = 128) with a 7:3 ratio, and

there were no discernible differences in clinical pathological features

between the two sets (Table S1). Using Lasso-Cox regression analysis,

we developed a model for predicting MRG outcomes (Figure S1A),

and five model genes (TRAP1, HIGD1A, PPARGC1A, EFHD1, and

P4HA1) were identified (Figure S1B). Among them, TRAP1, HIGD1A,

and PPARGC1A are protective factors, while EFHD1 and P4HA1 are

risk factors. Calculate the risk score based on MRG features through

F IGURE 2 Immune-microenvironment analysis between the cluster subtypes. (A) The ImmuneScore results between the cluster subtypes;
(B) The StromalScore results between the cluster subtypes; (C) The ESTIMATEScore results between the cluster subtypes; (D) The TumorPurity
results between the cluster subtypes; (E–G) Analysis of the T cells, Endothelial cells, Fibroblasts infiltration among the cluster subtypes;
(H) Sankey plot of the correlation between the cluster subtypes and immune subtypes.
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multivariate Cox regression analysis. Risk score = (�0.6794 * expres-

sion of TRAP1) + (�0.8594 * expression of HIGD1A) + (�0.4220 *

expression of PPARGC1A) + (0.4966 * expression of EFHD1)

+ (0.7134 * expression of P4HA1). Low- and high-risk segments of

the TCGA cohort are defined by the median risk score as the dividing

line. The internal validation (training set and test set of the TCGA

cohort) and external validation (GEO cohort) are also divided into high

and low risk groups using the same method, and the following analysis

is performed to further evaluate the robustness of the prognosis

model based on the MRG risk score. Survival rates and mortality rates

for CRC patients both rise with MRG risk score, as seen by the TCGA

whole cohort's risk distribution map. Meanwhile, the expression of

TRAP1, HIGD1A, and PPARGC1A genes was positively connected to

MRG risk score, while EFHD1 and P4HA1 were negatively correlated

with MRG risk score (Figure 3A). GEO cohort (Figure 3B), training set

(Figure S1C), and test set (Figure S1D) validation of the association

between MRG risk score and survival status and model gene expres-

sion. Kaplan–Meier analysis of the TCGA population showed that the

low-risk group had a considerably higher OS rate than the high-risk

group (p < .001, HR: 1.47 [95% CI: 1.28–1.69], Figure 3C), and that

the low-risk group had a lower percentage of fatalities among CRC

patients than the high-risk group (12% vs. 31%, Figure 3G). Prognostic

value was strong in the TCGA cohort, as shown by the ROC curve,

with AUC values of 0.677 at 1 year, 0.700 at 3 years, and 0.787 at

5 years (Figure 3D). The prognostic worth also rises with the amount

of time between the forecast and its execution. These MRG risk

scores were shown to have prognostic significance, and this was fur-

ther confirmed in the validation sets. Patients classified as low risk

had an excellent OS rate, as seen by the Kaplan–Meier curve both in

the training and test sets (p < .001, HR: 1.66 [95%CI: 1.42–1.95];

p = .003, HR: 1.12 [95%CI: 0.82–1.53]; Figure S2A,E). CRC patients

at high risk of complications had a greater mortality rate than those at

low risk (28% vs. 11%, 37% vs. 15%; Figure S2D,H). AUC values of

0.733, 0.714, 0.805, and 0.584, 0.670, and 0.754 at 1, 3, and 5 years

were also seen in the ROC curves of the training and testing sets, indi-

cating strong prognostic effects (Figure S2C,G). At the same time, in

the GEO external cohort, The low-risk group had a far greater OS rate

than the high-risk group (p = .005, HR: 1.12 [95% CI: 1.04–1.21],

Figure 3E). Moreover, the high-risk group had a greater mortality rate

than the low-risk group did among those with CRC (40%, 31%,

Figure 3H). 1-, 3-, and 5-year AUC values were 0.532, 0.576, and

0.572, respectively (Figure 3F). Considering the unique nature of

tumor disease development, where tumor growth is to some extent

the cause of tumor-related deaths, we conducted a disease-free pro-

gression analysis on patients in the TCGA cohort. PFS in the low-risk

group was considerably greater than in the high-risk group, as shown

by the Kaplan–Meier curve in the TCGA whole cohort (p < .001, HR:

0.43 [95% CI: 0.29–0.63], Figure 3I), which was confirmed in the

F IGURE 3 Construction and validation of the mitochondrial-related gene risk scores. (A, C, D, G, I) Risk distribution, survival status, related
gene expression, overall survival (OS) rates, receiver operating characteristic (ROC) curves, and progression-free survival rates between the
two groups in TCGA cohort; (B, E, F, H) Risk distribution, survival status, related gene expression, OS rates, ROC curves of patients between the
two groups in Gene Expression Omnibus cohort.
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training and testing sets (p = .002, HR: 0.5 [95% CI: 0.32–0.79];

p < .001, HR: 0.31 [95% CI: 0.15–0.65]; Figure S2B,F). The disease-

free progression period reflects the growth of tumors and can better

predict and reflect clinical benefits. These findings demonstrate that

the MRG risk score-based prediction model performs well in terms of

both robustness and prognostic capacity.

3.4 | The clinical value of MRG risk score
prognostic model

To examine the clinical prognostic efficiency of the prognostic model,

we conducted stratified subgroup research on several clinical and

pathological characteristics of CRC patients. There is no statistically

significant difference in OS among the T1-2 and M1 subgroups, as

shown by the Kaplan–Meier curve for subgroup classification based

on clinical pathological features (Figure 4G,L). Low-risk patients had a

considerably greater OS rate than those in the high-risk group across

all categories (Figure 4A–F,H–K). This demonstrates the model's

strong prognostic abilities across a wide variety of clinical subgroups.

We studied the relationship between risk scoring and clinical

pathological characteristics to learn more about the clinical utility of

risk scoring. A higher proportion of patients in the high-risk CRC

group had advanced stages of various clinical pathological features,

while being of similar age and gender to those in the low-risk group

(Figure S3A). Subgroups with distinct clinical pathological traits are

compared using risk ratings (Figure S3B), the results showed that

regardless of age or gender, there were no discernible changes in risk

ratings (p > .05). risk scores varied significantly by stage, T, N, and M

(p < .05), demonstrating a strong link between risk scores and certain

clinical pathological aspects. In response to this result, we analyzed

the overall differences in clinical pathological features. Surprisingly,

we discovered that the sole distinguishing factor between the two

groups was T stage (p = .015, Figure 5A,B). This may mean that our

prognostic model has greater application value in subgroup stratifica-

tion of clinical pathological features, which is beneficial for analyzing

the impact of MRG risk scores on specific clinical subgroup patients.

Clinical pathological features within 1-, 3-, and 5-years indicate high

predictive performance for the MRG risk score-based prognosis

model, as shown by the ROC curve (Figure 5C–E).

3.5 | Validation of nomograms and independent
risk score prognostication

We used univariate and multivariate Cox regression analysis to evalu-

ate the prognostic relevance of MRG risk scores and clinical patholog-

ical features as independent factors. Excluding gender from the

analysis, univariate Cox regression demonstrated that other clinical

pathological characteristics and MRG risk scores may independently

F IGURE 4 Prognosis stratified by mitochondrial-related gene risk scores with clinicopathologic factors in colorectal cancer. (A—L) Subgroup
analysis of the clinical data.
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alter the model's predictive effectiveness (p < .05, Figure 6A). The

predictive value of age, T, and risk score was further validated by

the multivariate Cox regression findings (p < .05, Figure 6B). In other

words, the MRG risk score may be used apart from other factors to

predict how well a patient with CRC would do. Concurrently, we

developed a nomogram to assess an individual's likelihood of survival

(Figure 6C). The ROC curve also demonstrated the nomogram's high

degree of accuracy in making predictions (AUC = 0.791, Figure 6D).

Similarities between expected and actual survival are shown on the

nomogram's calibration curve (Figure 6E), while the DCA curve con-

firms the accuracy of the nomogram (Figure 6F).

3.6 | Comparison of predictive performance
between models

The MRG risk score was used to create a prognosis model for patients

with CRC, and this model was compared to two additional models.

The Kaplan–Meier curve demonstrates that our model is superior to

those developed by Qi and Du in terms of its ability to differentiate

prognosis (p < 0.001; p = .066; p = .145; Figure 7A–C). Comparisons

were made between the three models' AUCs after 1-, 3-, and 5- years.

Findings demonstrate our MRG risk scoring model's improved

predictive performance (Figure 7D–F). RMST is a robust and clinically

interpretable summary method for the distribution of survival time.

The three sets of RMST curves and C-index results (Figure 7G,H)

show that the prognostic characteristics of MRG have consistently

superior performance and better clinical practicality.

3.7 | Bioenrichment analysis based on MRG
risk score

The top five BPs and pathways were identified by an examination of

GO and KEGG enrichment in two groups. Low-risk individuals had a

higher propensity to be engaged in mitochondrial respiratory chain

complex assembly and oxidative physiology, according to the findings

of the GO enrichment analysis comparing two groups (Figure 8A),

whereas matrix was the biggest contributor to the high-risk group

(Figure 8B). Low-risk individuals were mostly enriched in KEGG illness

pathways associated with the nervous system (Figure 8C), while the

high-risk group mainly focused on cell adhesion molecules (CAMs),

ECM receptor interaction, and cyclokine-cyclokine receptor interac-

tion (Figure 8D). Our supplemental GSVA analysis of KEGG enrich-

ment revealed that the low-risk group was mostly engaged in

metabolic-related pathways, whereas the high-risk group was

F IGURE 5 Identification of the clinical application value. (A) Clinical stratification comparison between the two groups; (B) Specific
differences in the two groups in the N stage; (C–E) Risk scores predicted 1-, 3-, 5-years for patients stratified by clinicopathologic
factors. *p < .05.
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primarily involved in a wide variety of cancer-related pathways, typical

carcinogenic-related pathways, etc (Figure 8E).

3.8 | Comprehensive immune landscape analysis
of prognostic characteristics of MRG risk score

Immunotherapy is one of the most effective means of cancer treat-

ment. The TME can directly or indirectly affect the effects of immuno-

therapy. We compared the TME disparity among two groups using

ESTIMATE. The high-risk group had a higher matrix score, immuno-

logical score, and estimate score than the low-risk group (p < .001,

Figure 9A–C). The low-risk group had far higher tumor purity than

the high-risk group (p < .001, Figure 9D). Using the MCPcounter

method, we found a positive association between the MRG risk

score and many subsets of immune cells: T cells, CD8 T cells,

cytotoxic lymphocytes, B lineage, monocytic lineage, myeloid

dendritic cells, endothelial cells, and fibroblasts (p < .05, Figure 9E).

The CIBERSORT technique was used as a supplementary tool to

compare immune cell infiltration between two groups. A negative

F IGURE 6 Verification of the risk scores' predictive ability. (A, B) Validation of the prognostic effect of the risk scores; (C) Survival
nomograms for the TCGA cohort, estimating OS rates; (D) Predictions of the nomogram's impact using its associated ROC curves; (E) The
Calibration curve of the nomogram; (F)The DCA curves used to test the prediction accuracy of the nomogram. ***p < 0.001; **p < .01.
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correlation was found between the risk score and activated den-

dritic cells, resting dendritic cells, eosinophils, and plasma cells

(p < .05, Figure S4A,B,D,E,F), whereas resting M0 macrophages and

NK cells exhibited a substantial positive connection with the risk

score (p < .05, Figure S4C,G). More immune cell correlation calcula-

tion methods are presented in the form of bubble charts to improve

our results (Figure 9G). Plasma cells, T CD4 memory resting cells,

monocytes, dendritic cells resting cells, dendritic cells activated

cells, and eosinophils were more numerous in the low-risk group,

while B naive cells, NK resting cells, and M0 macrophage were more

numerous in the high-risk group (Figure 9F). We also performed a

combined study of immune cell infiltration and survival time to bet-

ter understand the connection among the two variables and the

prognosis in two groups. Patients with a lower MRG risk score and a

lower infiltration abundance of naive B cells and M0 macrophages

had a better prognosis, as shown by the Kaplan–Meier survival

curve (p = .006; p = .038, Figure S4H,K). Patients have a better

chance of survival because to the large number of infiltrating T cells,

as well as activated follicular helper and mast cells (p = .044;

p = .027, Figure S4I,J).

F IGURE 7 The prognostic properties of mitochondrial-related gene (MRG) risk scores compared to other prognostic models. (A–C) Kaplan–
Meier curves established by Qi, Du, and MRG; (D–F) The receiver operating characteristic curves established by Qi, Du, and MRG; (G) The
Restricted Survival Time curves compared the prognostic effects of the three prognostic models; (H) The C-index comparison of the three
prognostic models.
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Out of 29 immune-related functions, only MHC class I, NK cells,

and Th2 cells showed no difference between the two groups in the

ssGSEA analysis. In all other areas, however, the high-risk group had

superior immune function ratings than the low-risk group (p < .05,

Figure 10A). The expression levels of 38 immune checkpoint genes

were found to vary between the two groups after analyzing the

F IGURE 8 Biological enrichment results based on prognosis model genes for mitochondrial-related gene risk factors. (A, B) Gene Ontology
enrichment results for the two groups; (C, D) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment results; (E) GSVA
supplementation of KEGG pathway enrichment results.
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correlation among these genes and the MRG risk scores (p < .05,

Figure 10B). Only one of these immune checkpoint genes, HHLA2,

showed increased expression in the low-risk group compared to the

high-risk group, whereas the expression levels of the other 37 genes

were significantly greater in the high-risk group. Forty immune check-

point genes had a strong correlation with the MRG risk score

(Figure 10C). We looked examined how CD274, CTLA4, and PDCD1

(the most common immune checkpoint genes) were associated with

the risk ratings. As the risk score increased, there was a statistically sig-

nificant increase in the expression of these three genes

(p < .05, Figure 10D–F). Predicting the therapeutic efficacy of ICI (anti-

PD-1/anti-CTLA4) may be done using the TIDE score, which measures

tumor immune dysfunction and rejection. In contrast to the low-risk

group, the high-risk group had a higher TIDE score (p < .01,

Figure 10G). Combining the TCIA-obtained IPS with the MRG risk score

for analysis helps clarify the favorable effects of immunotherapy on

high- and low-risk populations. A study looking at the usage of anti-

PD-1 and CTLA4 found that the low-risk group's IPS scores were signif-

icantly higher than the high-risk group's under treatment with PD-1 or

CTLA4 inhibitors alone (p < 0.05; p < .001, Figure 10H,I). Simulta-

neously, the low-risk group had a much better IPS score than the high-

risk group, and this was the case even in the absence of PD-1 and

CTLA4 inhibitor therapy (p < .001, Figure 10K). When PD-1 and CTLA4

inhibitors were used combined, there was no discernible difference in

IPS scores among the two groups (Figure 10J). Patient outcomes with

anti-PD-1/anti-CTLA4 immunotherapy were better in the low-risk

group than in the high-risk group, as illustrated above.

3.9 | Correlation analysis of prediction models
with MSI, CSC index, and TMB

MSI and TMB have been established in prior research to be reliable

indicators for estimating immunotherapy success. The CSC index can

also affect the effectiveness of patients receiving immunotherapy.

Predictive value of immunotherapy in CRC patients may be improved

with the use of correlation analysis among the MRG risk score and

MSI, TMB, and CSC index. Patients with MSI-H types were more

prevalent in the high-risk group than in the low-risk group, according

to this research (23% vs. 14%, Figure 11A), and the risk score of

MSI-H type patients was significantly higher than that of MSS type

patients (p < .01, Figure 11B). The tumor cell stemness index based

on RNA expression was significantly negatively in close relation to the

MRG risk score (p < .001, Figure 11C). The oncoplot displays

the results of the top 20 most common gene mutations in the high-

risk and low-risk group samples (Figure 11D,E). The findings demon-

strate that whereas mutation rates are greater across the board for

the high-risk group, they are higher for the low-risk group in just two

genes (APC and KRAS). Conversely, there was no discernible variation

in TMB between the high- and low-risk groups (p = .098, Figure S5A).

F IGURE 9 Tumor microenvironment (TME) and immune cell infiltration predicted by the prognostic model. (A–D) StromalScore,
immuneScore, ESTIMATEScore, and TumorPurity results for the TME; (E) Infiltration of immune cells and their relationship to the mitochondrial-
related gene risk score; (F) Differences in immune cell levels; (G) With the use of several algorithms, the heatmap displays the variation in immune
cell expression. ***p < .001; **p < .01; *p < .05.
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On the other hand, there was a favorable connection between the

MRG risk score and TMB (p = .013, Figure S5B). We used the MRG

risk score predictive model for CRC patients and conducted a sub-

group analysis combining TMB level and risk score to investigate the

impact of TMB level on survival time. The data revealed that the

5-year survival rate for CRC patients was greatest in the high muta-

tion and low risk categories (p < .0001, Figure S5C). Mutation analysis

of five genes included in the prognostic model revealed that missense

mutations accounted for the vast majority of changes, and that the

frequency of mutations in CRC samples was low (Figure S5D).

3.10 | Correlation of the prediction model with the
TIS-, multidrug resistance-, chemoradiotherapy-,
cuproptosis-, and disulfidptosis-related genes

The tumor inflammation index-related genes are 18 based on IFN-γA,

a gene set composed of signaling pathways, T cell markers, and NK

cell activity factors. These 18 genes are highly correlated with the

clinical response of ICIs, and TIS can more effectively predict the clini-

cal immunotherapy efficacy of patients compared to PD-L1 protein

expression. To determine whether high-risk patients might benefit

from therapeutic immunotherapy, we analyzed gene expression levels

linked with TIS in high- and low-risk groups and discovered a

substantial difference (p < .05, Figure 12C). This finding is supported

by the observation of a positive connection between the expression

of genes associated with TIS and risk scores (Figure S6C). We also

looked for links between the risk score and genes known to contrib-

ute to resistance to chemo, radiation, and combination drug regimens.

Expression levels of ABCC10 and ABCC1 in many drug resistance-

related genes were considerably greater in the high-risk group com-

pared to the low-risk group, whereas expression levels of ABCC6

were significantly higher in the low-risk group compared to the high-

risk group (p < .05, Figure 12B). The expression levels of ABCC6 and

ABCC3 in these genes are negatively connected to risk scores

(Figure S6B). Increased expression of radiation and chemotherapy-

related genes such as EZH2 and HOXA9 was seen in the low-risk

group (p < .05, Figure 12D), and there was a negative link with the

risk score and these genes (Figure S6D). EGFR, AKR1C1, and CPZ

were more significantly expressed in the high-risk group and positively

link with risk scores. Cuproptosis and disulfidptosis are two newly dis-

covered cell death modes. Among the 19 cuproptosis-related genes,

13 showed differences in expression levels between the two groups.

The high-risk group had elevated levels of expression for MTF1,

CDKN2A, and NLRP3, whereas the low-risk group had elevated

expression for the other 10 genes (p < .05, Figure 12A). Similar to the

findings of level differences, evidence of a link between cuproptosis

expression and risk score holds (Figure S6A). When comparing the

F IGURE 10 Forecasting the immune response using the mitochondrial-related gene (MRG) risk score. (A) Analysis of immune-related
functional differences; (B) Immune checkpoint genes were differentially expressed; (C) Analysis of the connection between the MRG risk score
and the immune checkpoint genes; (D– F) Key immunological checkpoint genes: correlation analysis results; (G) The TCIA analysis of the
immunotherapy response results in the two groups; (H–K) The IPS analysis of the response. ***p < .001; **p < .01; *p < .05.
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two groups, we found that ACTN4, FLNB, MYH10, IQGAP1, MYH9,

FLNA, and TLN1 expression levels were all greater in the former

(p < .05, Figure 12E), whereas the low-risk group had elevated levels

of just MYL6. The association between risk score and disulfidptosis-

related gene expression supports the results of our differential analy-

sis (Figure S6E).

3.11 | Drug sensitivity analysis

To find suitable targeted drugs and chemotherapy drugs for treating

CRC patients with an MRG risk score, risk score, and half-inhibitory

concentration were analyzed together. Cytarabine and GW.441756

exhibited lower IC50 values in the low-risk category (p < .001,

Figure S7A,B). High-risk CRC patients responded better to treatments

such AZD.2281, bexarotene, TW.37, and dasatinib (p < .001,

Figure S7C–F). The sensitivity to drugs indicates the effectiveness that

can be achieved in radiotherapy and chemotherapy, indicating that we

may have found suitable treatment drugs for MRG risk scoring.

3.12 | Expression level and immunohistochemistry
validation of model genes

Five model genes were selected and their expression differences

between normal colon tissue and CRC tumor tissue were retrieved

using the TCGA cohort. HIGD1A, EFHD1, and PPARGC1A were

found to be overexpressed in normal tissue, whereas TRAP1 and

P4HA1 were found to be overexpressed in CRC tumor tissue

(p < .001, Figure S8A). Except for PPARGC1A, for which patho-

logical and normal tissue samples could not be obtained, the

above results were validated by the expression levels of four

F IGURE 11 Association between mitochondrial-related gene (MRG) risk score and microsatellite instability (MSI), tumor mutational burden,
and cancer stem cells in colorectal cancer. (A, B) Connecting the MRG risk score to the MSI; (C) Correlation of MRG risk score and cancer stem
cells; (D, E) Somatic mutation analysis via the MRG risk score on oncoplots.
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other genes between tumor and healthy tissues, as shown by the

immunohistochemistry results acquired from the HPA database

(Figure S8B,C).

3.13 | Five MRGs in scRNA-Seq

To investigate TME MRGs expression, we used the TISCH2 data-

base's single cell dataset GSE166555 from CRC patients. It can be

seen from the data that the GSE166555 dataset has 13 different

kinds of cells (Figure S9A). TRAP1 and P4HA1 are highly expressed

at the intracellular level, whereas PPARGC1A, EFHD1, and

HIGD1A are only expressed by a minority of tumor cells

(Figure S9B). TRAP1 and P4HA1 are mainly expressed on malig-

nant cells, CD4+ conventional T cells, and fibroblasts. Epithelia

cells mainly express a small amount of TRAP1, P4HA1, PPARGC1A,

and HIGD1A. The expression of EFHD1 is mainly concentrated in

myofibroblasts.

F IGURE 12 Several genes are expressed differently. (A–E) Differential expression analysis of TIS-, multidrug resistance-, chemoradiotherapy-
, cuproptosis-, and disulfidptosis-related genes. ***p < .001; **p < .01; *p < .05; ns, non significant.
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3.14 | Pan-cancer analysis of model genes

Pan-cancer expression profiling revealed that all 5 MRGs were differ-

ently expressed across a wide range of tumor types. Among them,

TRAP1 is highest expressed in COAD and READ, while P4HA1 is

highest expressed in KIRC, GEM, and HNSC (Figure S10A). The

expression of TRAP1 in pan-cancer was shown to be substantially

inversely linked with that of HIGD1A and EFHD1, and positively cor-

related with that of PPARGC1A, according to a correlation study of

5 MRGs (Figure S10B). P4HA1 and EFHD1 expression levels are posi-

tively linked. Then, we looked at the role that model genes have in

pan-cancer prognosis. While TRAP1 is protective in terms of progno-

sis in LGG and READ, it poses a danger in LAML (Figure S10C).

HIGD1A is a protective factor in MESO. EFHD1 is a protective factor

in KICH, KIRC, and LGG, while it is a risk factor in COAD. PPARGC1A

is a favorable factor in ACC, COAD, KIRC, KIRP, and MESO, while it is

an unfavorable factor in THCA, THYM, and UCEC. P4HA1 is a risk

factor in various cancers, such as CESC, HNSC, KICH, KIRP, MESO,

PAAD, SARC, THCA, and UVM. In summary, five MRGs play different

roles in the prognosis of different cancers.

4 | DISCUSSION

CRC is a cancer of the digestive tract that has consistently ranked

high in the global rankings of cancer incidence rate and death. The

survival rate for people with CRC has grown as a result of the con-

stant development of new treatments in recent years.64,65 Unfortu-

nately, individuals with advanced and metastatic CRC still have a

relatively low life expectancy because of problems such tumor hetero-

geneity. Therefore, finding effective biomarkers and constructing

accurate prognostic models are particularly crucial. Mitochondria are

crucially involved in metabolic reprogramming and cell death. The

structure and function of mitochondria are affected by MRGs.34,66

Although MRGs have been shown to be useful indicators for progno-

sis and immunotherapy in a variety of tumor types, not enough is

known about their role in CRC yet.

We conducted this research to learn more about the link between

MRG expression and clinical outcomes and immunotherapy for CRC.

DEGs in the mitochondria were examined, and existing CRC samples

were categorized. We found that after NMF clustering, the OS and

PFS rates of CRC patients in Cluster 1 were higher than those in

Cluster 2. But when we evaluated the two clusters' immunological

scores on the basis of the amount of TME and immune cell infiltration,

we observed no significant difference. Cluster2 had a considerably

worse prognosis than Cluster1, likely because of its higher matrix

score and estimate score. A higher matrix score indicated a greater

propensity to tumor cell metastasis.67 Analysis of immunological sub-

types for Clusters 1 and 2 found no statistically significant variations

in subtype assignment. Cluster 2 had more T cells, endothelial cells,

and fibroblasts, according to an examination of immune cell infiltra-

tion. Tumor parenchymal cells rely on interstitial cells like endothelial

cells and fibroblasts for nourishment and growth, which in turn affects

tumor parenchyma's ability to invade and metastasize.68,69

To further assess the predictive usefulness of MRGs in CRC

patients, we created a risk score-based prognosis model for

mitochondrial-related characteristics. Groups of high and low risk

were determined using a model on the basis of five MRGs (TRAP1,

HIGD1A, PPARGC1A, EFHD1, and P4HA1). The low-risk group dem-

onstrated strong prognostic value in the Kaplan–Meier and ROC

curves of OS and PFS rates. Patients' outcomes are correlated with

TNM staging, and our prognostic model shows high prediction power

for a variety of clinical and pathological characteristics. In subgroup

analysis of clinical pathological features, our prognostic model

also shows better application value, especially in stages T, N, and

M. Independent prognostic research confirms that the MRG-based

risk score is a reliable predictor of survival in CRC patients. Moreover,

a nomogram with greater accuracy and consistency in predicting CRC

patients' survival was constructed.

TNF-receptor-associated protein-1 (TRAP1) is a member of the

Hsp90 family exclusive to mitochondria and a major regulator of met-

abolic flux. It can promote the occurrence and development of many

cancers by upregulating its expression, supporting glycolysis, and

counteracting cell death.70,71 Interestingly, the upregulation of TRAP1

expression has different effects in different cancers, exhibiting a dual

effect of carcinogenesis72,73 or cancer inhibition.74 Clinical experi-

ments have shown that overexpression of TRAP1 is connected to a

poor prognosis in CRC patients.75 Apart from that, TRAP1 can regu-

late glycolysis metabolism and help reverse the resistance of CRC

patients to EGFR inhibitors.76 Our immunohistochemical results con-

firm the conclusion that TRAP1 expression levels are upregulated in

CRC patients compared to normal colon tissue. Hypoxia-inducible

gene domain family member 1A (HIGD1A) is a HIF-1α The regulated

mitochondrial proteins can regulate oxygen consumption and reactive

oxygen species production under hypoxic conditions, thereby activat-

ing the dormancy mechanism of tumor cells and enabling their sur-

vival.77,78 Related studies have shown that silencing the expression of

HIGD1A can inhibit the malignant development of tumors.79 None-

theless, studies on a variety of colon adenocarcinoma cell lines80 show

that suppressing HIGD1A expression may stimulate tumor cell motil-

ity and invasion, promote colony formation, and increase cell prolifer-

ation. Peroxisome proliferator activated receiver gamma coactivator

1 alpha (PPARGC1A) is a key transcription coactivator that can regu-

late oxidative phosphorylation to promote tumor cell metastasis.81

Upregulation of PPARGC1A expression can promote the metastasis

of lung cancer.82 However, the link between increased PPARGC1A

expression and a favorable prognosis in clear cell renal cell carcinoma

remains contentious.83 The mutation of PPARGC1A has been shown

to contribute to CRC susceptibility84 and can serve as a negative bio-

marker for CRC.85,86 EF hand domain family member D1 (EFHD1) is

a calcium-binding protein located in the inner mitochondrial mem-

brane.87 The combined detection of EFHD1 and PPP1R3C methyla-

tion in plasma DNA tests of CRC patients can show high sensitivity

and specificity,88 this might aid in the early detection of CRC

patients. Prolyl 4-hydroxylase bundle 1 (P4HA1) participates in

extracellular matrix remodeling89,90 by regulating HIF-1α. Addition-

ally, it may stimulate tumor invasion, metastasis, and the EMT tran-

sition.91,92 The P4HA1/HIF1 has been identified as a modulator of
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glycolysis and carcinogenic activity in pancreatic cancer.93 Previous

research has shown that P4HA1 is a predictive marker for both oral

squamous cell carcinoma and high-grade glioma.94,95 Important to

note, we assessed the predictive performance of the prognostic

models composed of these five genes with other models, and the

results showed that our prognostic model has better predictive

value and better clinical practicality. Meanwhile, the prognostic

model used as a control comparison is based on ferroptosis-related

genes, which have been widely studied in current research and are

gradually recognized as reliable biomarkers. Therefore, our prognos-

tic model has more reliable results than other models, which may

mean that these five MRGs can also serve as biomarkers guiding the

clinical prognosis of CRC patients.

In order to learn more about the results of MRG on immunother-

apy, we next performed a deep investigation on the connection

between MRG and the tumor immune microenvironment (TIME). The

MRG risk score was first subjected to a bioconcentration study, a GO

enrichment analysis showed that the matrix has strong ties to the

high-risk cohort. According to the findings of the KEGG enrichment

pathway analysis, we know that CAMs, ECM receptor interaction,

cycline receptor interaction, various cancer-related pathways, and

classical carcinogenic pathways contribute substantially to cancer

occurrence in the high-risk population. We use a variety of TIME-

related algorithms to comprehensively assess the immune landscape

of the MRG risk score. The high-risk group scored higher on all three

measures (matrix, immunology, and ESTIMATE), as well as poorer

tumor purity, according to the ESTIMATE-based TME data. Tumor

stromal cells, which are abundant in tumor tissue and thought to help

with tumor development, illness progression, and medication resis-

tance, are reflected in the matrix score.96 We used bioaccumulation

analysis results to examine the intricate relationship between tumor

cells, stromal cells, and extracellular matrix in the TME, which acts as a

biological barrier around tumor tissue, prevents immune cells from

penetrating tumor sites, and makes the tumor resistant to radiation,

chemotherapy, and immunotherapy.97,98 These factors may contrib-

ute to a poor outcome for patients in the high-risk category. The prog-

nosis of individuals with CRC is strongly influenced by the variety of

immune cells that have infiltrated the tumor. Using the MCPcouter

algorithm, we discovered that there is a positive correlation between

the presence of many immune cells and risk scores. This finding sug-

gests that the infiltration content of immune cells is higher in the

high-risk category. At this point, our supplementary algorithmic analy-

sis showed that M0 macrophages and resting NK cells constituted the

bulk of the immune cell types in the high-risk group, both of which

showed a greater infiltration abundance. Macrophages in the TIME

are usually called TAM, the M2 macrophage activation subtype,

enhances tumor cell EMT and angiogenesis, therefore facilitating CRC

liver metastasis.99–102 M0 macrophages can be induced by anti-

inflammatory factors103 to polarize into M2 macrophages with immu-

nosuppressive effects,104 thereby promoting the CRC development.

Extensive research has demonstrated that NK cells have an anti-

tumor role as congenital effectors in gastrointestinal cancers, one of

their many TME functions.105 However, in CRC patients, tumor-

related NK cells have been found to secrete angiogenic factors

through the STAT3 and STAT5 pathways to stimulate tumor blood

vessel formation and invasion.106,107

In B- and T-cell acute lymphoblastic leukemia (B/T-ALL), studies

have linked significant infiltration of NK cells to a poor prognosis.

Based on our research, it can be inferred that a high infiltration of

tumor-related NK cells in CRC patients may indicate a poor prognosis.

In addition, our combined study of immune cell and survival data in

CRC patients revealed that an abundance of T cells follicular helper

and mast cell activation is associated with a better prognosis than a

plethora of naive B cells and M0 macrophages infiltration. Immune

function scores and levels of immune checkpoint genes were com-

pared between the two groups using ssGSEA, and the high risk group

was found to have considerably higher scores and levels for the

majority of the immunological checkpoint genes. Among the most

widely-studied immune checkpoint genes, CD274, CTLA4, and

PDCD1 all show positive correlations with risk assessments. Inhibition

of immune checkpoint expression promotes immunological responses

against tumors and has a suppressive effect. ICI therapy is currently a

mature and widely used means of immunotherapy. Important immu-

nosuppressive molecules such as PD-1 and CTLA-4 enhance tumor

incidence and growth by aiding in the evasion of immune surveil-

lance.108,109 In CRC patients, the up-regulated expression of PD-1

may indicate poor prognosis,110 and CTLA-4 can inhibit the prolifera-

tion of T-effector cells, thereby inhibiting tumor immunity.111

Together with previous findings on the number of immune cells in dif-

ferent organs, this data suggests that the compensatory phenomenon

of local immune activity being lowered by checkpoints may explain

the substantial infiltration of immune cells in the high-risk group. A

high number of T cells and other immune cells congregate in the

tumor's periphery, yet they are unable to enter the cancer nest. With

the increase of compensatory immunosuppressive cells, the absolute

increase of certain types of immune cells is limited, ultimately resulted

with a bad outlook in CRC patients. The TIDE and IPS scores were

then examined to determine the efficacy of immunotherapy. The eval-

uation using the TIDE score represents tumor evasion of immunity,

while a higher TIDE score in the high-risk group implies a higher likeli-

hood of immune surveillance evasion, suggesting that ICI therapy is

less likely to be successful for high-risk individuals. Results from the

IPS score suggest that immunotherapy with PD-1 or CTLA4 inhibitors

alone is most effective for patients in the low-risk category. These

results provide more evidence that the MRG risk score corresponds

with immunotherapy effectiveness.

We performed further research on the association between the

risk score and the MSI, TMB, and CSC indices to more thoroughly

examine and forecast the response of the MRG risk score to immuno-

therapy effectiveness. When comparing the proportion of patients

with MSS and MSI-H type CRC, more MSI-H cases were found in the

high-risk group than in the low-risk group. Previous research has used

MSI status to categorize CRC patients. MSI-H type CRC belongs to a

“hot tumor” that is sensitive to immunotherapy,112 while MSS type
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CRC belongs to a “cold tumor” that is not sensitive to immunother-

apy. Patients who score poorly on both the TIDE and IPS have a

greater chance of benefiting from immunotherapy when MSI results

are taken into account. However, patients who score highly on both

the TIDE and IPS, as well as those with a high MSI-H proportion, can

become the “dominant population” for immunotherapy in the high-

risk group. Higher degrees of cell differentiation and less stem cell fea-

tures are seen in CRC cells with lower MRG risk scores, the MRG risk

score is inversely related to the CSC index. A strong correlation has

been identified in CRC between MSI and TMB at high levels. The high

TMB reflects a higher number of new antigens released or presented

by tumors, which can stimulate the response of immune cells (espe-

cially T cells), thereby enhancing the therapeutic effect.113 The corre-

lational findings of this research showed that the presence of TMB

increased as the MRG risk score increased. A better prognosis may be

expected with immunotherapy in individuals who have both high

TMB and low risk scores. The limits of biomarkers, such as TMB, are

increasingly being brought to light, despite growing evidence that this

is necessary due to the intricacy of the immunological process in the

TME,114 so it is more necessary to cooperate with other predictors to

better apply them to clinical practice. The data from previous investi-

gations indicate that mitochondria are engaged in cell metabolism,

proliferation, and programmed cell death, affecting tumor cell death,

drug resistance, and the immune response. TIS is a new tumor

immune biomarker, and multiple drug resistance is the main barrier to

the success of CRC chemotherapy. Cuproptosis and disulfidptosis are

newly discovered cell death modes that may serve as potential targets

for inhibiting cancer occurrence. By examining this link between the

MRG risk score and the aforementioned associated genes, we give

further suggestions for our prognostic model in clinical therapy. Based

on the risk score, we predicted drug sensitivity and identified six

potential drug targets related to the MRG risk score. In addition,

scRNA-seq results can determine the expression distribution of MRG

in tumor cells, which is helpful for future gene expression localization

and mechanism analysis. Finally, we performed a pan-cancer examina-

tion of MRG to improve its predictive ability and potential applications

in cancer types other than CRC. Our research is currently one of the

most comprehensive and in-depth articles on bioinformatics mining

and analysis of mitochondrial features related to CRC. However, this

article still has certain limitations, such as the lack of sufficient in vitro

and in vivo experiments and real clinical data to verify the analysis

results. However, our research findings still have certain guiding

significance. With the continuous in-depth analysis and explora-

tion of mitochondrial function, its role in immune response has

been continuously explored, especially in mitochondrial metabo-

lism. It has been proven that improving mitochondrial metabolism

can increase the response to anti-PD-1 antibodies, which is a

promising method for treating different malignant tumors.115,116

Some ions may interfere with mitochondrial metabolism and

immune regulation by affecting oxidative stress and antioxidant

defense barriers, such as magnesium ions.117 These results can

play an important guiding role in personalized tumor treatment in

our clinical practice.

5 | CONCLUSION

In summary, our research indicates that MRG is a promising bio-

marker that is related to immunity and prognosis. By constructing

and validating a prognostic model and comprehensively analyzing

the response of the MRG risk score to immunotherapy and the

correlation of multiple biomarkers, it can help guide the MRG risk

score to become an effective tool for clinical application in CRC.

The results of our studies aid in identifying the immunological

profile of CRC patients and making more accurate therapy

decisions.

AUTHOR CONTRIBUTIONS

Yun-hui Xie: Conceptualization (equal); data curation (supporting); for-

mal analysis (equal); funding acquisition (lead); investigation (equal);

methodology (equal); project administration (equal); resources

(equal); software (equal); supervision (supporting); validation (support-

ing); visualization (supporting); writing – original draft (equal);

writing – review and editing (equal). Hui-zhong Jiang: Conceptualiza-

tion (equal); data curation (lead); formal analysis (equal); funding acqui-

sition (supporting); investigation (equal); methodology (equal); project

administration (equal); resources (equal); software (equal); supervision

(lead); validation (lead); visualization (lead); writing – original draft

(equal); writing – review and editing (equal).

ACKNOWLEDGMENTS

In addition to the reviewers, the authors would also like to thank the

research groups for the TCGA and GEO, who contributed data for this

study.

FUNDING INFORMATION

This work was partially supported by the National Natural Science

Foundation of China (No. 82170887); Chengdu High-level Key Clini-

cal Specialty Construction Project.

CONFLICT OF INTEREST STATEMENT

The authors have stated explicitly that there are no conflicts of inter-

est in connection with this article.

DATA AVAILABILITY STATEMENT

The datasets used in this research are publicly available via several

databases. Article/Supplementary Materials contains information

about repositories and accession numbers.

ETHICS STATEMENT

All information used in this study came from a publicly available

database or a published source that was properly cited. It is there-

fore not subject to ethical approval and informed consent is not

required.

ORCID

Yun-hui Xie https://orcid.org/0000-0002-0572-1814

Hui-zhong Jiang https://orcid.org/0000-0003-1888-3131

XIE and JIANG 19 of 22

https://orcid.org/0000-0002-0572-1814
https://orcid.org/0000-0002-0572-1814
https://orcid.org/0000-0003-1888-3131
https://orcid.org/0000-0003-1888-3131


REFERENCES

1. Sung H, Ferlay J, Siegel RL, et al. Global cancer statistics 2020:

GLOBOCAN estimates of incidence and mortality worldwide

for 36 cancers in 185 countries. CA Cancer J Clin. 2021;71(3):

209-249.

2. Dekker E, Tanis PJ, Vleugels JLA, Kasi PM, Wallaceet M. Colorectal

cancer. Lancet. 2019;394:1467-1480.

3. Snaebjornsson P, Jonasson L, Olafsdottir EJ, et al. Why is colon can-

cer survival improving by time? A nationwide survival analysis span-

ning 35 years. Int J Cancer. 2017;141(3):531-539.

4. Olguin JE, Mendoza-Rodriguez MG, Sanchez-Barrera CA,

Terrazas LI. Is the combination of immunotherapy with conventional

chemotherapy the key to increase the efficacy of colorectal cancer

treatment? World J Gastrointestin Oncol. 2023;15(2):251-267.

5. Siegel RL, Miller KD, Goding Sauer A, et al. Colorectal cancer statis-

tics, 2020. Canc J Clinic. 2020;70(3):145-164.

6. Wagner A, Kosnacova H, Chovanec M, Jurkovicova D. Mitochondrial

genetic and epigenetic regulations in cancer: therapeutic potential.

Int J Mol Sci. 2022;23(14):7897.

7. Verdin E, Hirschey MD, Finley LW, Haigis MC. Sirtuin regulation of

mitochondria: energy production, apoptosis, and signaling. Trends

Biochem Sci. 2010;35(12):669-675.

8. Chew EGY, Lim TC, Leong MF, et al. Observations that suggest a

contribution of altered dermal papilla mitochondrial function to

androgenetic alopecia. Exp Dermatol. 2022;31(6):906-917.

9. Shen L, Zhan X. Mitochondrial dysfunction pathway alterations offer

potential biomarkers and therapeutic targets for ovarian cancer. Oxid

Med Cell Longev. 2022;2022:1-22.

10. van Gisbergen MW, Offermans K, Voets AM, et al. Mitochondrial

dysfunction inhibits hypoxia-induced HIF-1α stabilization

and expression of its downstream targets. Front Oncol. 2020;

10:770.

11. Chang CW, Lo JF, Wang XW. Roles of mitochondria in liver cancer

stem cells. Differentiation. 2019;107:35-41.

12. Lee S, Hallis SP, Jung KA, Ryu D, Kwak MK. Impairment of HIF-1α-
mediated metabolic adaption by NRF2-silencing in breast cancer

cells. Redox Biol. 2019;24:101210.

13. Paredes F, Williams HC, San MA. Metabolic adaptation in hypoxia

and cancer. Cancer Lett. 2021;502:133-142.

14. Czowski BJ, Romero-Moreno R, Trull KJ, White KA. Cancer and pH

dynamics: transcriptional regulation, proteostasis, and the need for

new molecular tools. Cancer. 2020;12(10):2760.

15. Yu-Lee LY, Lee YC, Pan J, et al. Bone secreted factors induce cellular

quiescence in prostate cancer cells. Sci Rep. 2019;9(1):1-19.

16. Mandal JP, Shiue CN, Chen YC, et al. PKCδ mediates mitochondrial

ROS generation and oxidation of HSP60 to relieve RKIP inhibition

on MAPK pathway for HCC progression. Free Radic Biol Med. 2021;

163:69-87.

17. Ajoolabady A, Aghanejad A, Bi Y, et al. Enzyme-based autophagy in

anti-neoplastic management: from molecular mechanisms to clinical

therapeutics. Biochimica et Biophysica Acta Rev Cancer. 2020;

1874(1):188366.

18. Saha T, Dash C, Jayabalan R, et al. Intercellular nanotubes mediate

mitochondrial trafficking between cancer and immune cells. Nat

Nanotechnol. 2022;17(1):98-106.

19. Wicks EE, Semenza GL. Hypoxia-inducible factors: cancer pro-

gression and clinical translation. J Clin Investig. 2022;132(11):

e159839.

20. Sun X, Vale M, Jiang X, Gupta R, Krissansen GW. Antisense HIF-1α
prevents acquired tumor resistance to angiostatin gene therapy.

Cancer Gene Ther. 2010;17(8):532-540.

21. Bonora M, Missiroli S, Perrone M, et al. Mitochondrial control of

genomic instability in cancer. Cancer. 2021;13(8):1914.

22. Kalkavan H, Green DR. MOMP, cell suicide as a BCL-2 family busi-

ness. Cell Death Different. 2018;25(1):46-55.

23. Xu Y, Surman DR, Diggs L, et al. Bile acid-induced “Minority MOMP”
promotes esophageal carcinogenesis while maintaining apoptotic

resistance via Mcl-1. Oncogene. 2020;39(4):877-890.

24. Huang JX, Yan W, Song ZX, et al. Relationship between proliferative

activity of cancer cells and clinicopathological factors in patients

with esophageal squamous cell carcinoma. World J Gastroenterol:

WJG. 2005;11(19):2956-2959.

25. Zhou D, Shao L, Spitz DR. Reactive oxygen species in normal and

tumor stem cells. Advances in cancer research. Vol 122. Academic

Press; 2014:1-67.

26. Erler JT, Bennewith KL, Nicolau M, et al. Lysyl oxidase is essential for

hypoxia-induced metastasis. Nature. 2006;440(7088):1222-1226.

27. Becker HM. Carbonic anhydrase IX and acid transport in cancer. Br J

Cancer. 2020;122(2):157-167.

28. Klein K, He K, Younes AI, et al. Role of mitochondria in cancer

immune evasion and potential therapeutic approaches. Front Immu-

nol. 2020;11:573326.

29. Yang Y, Li C, Liu T, Dai X, Bazhin AV. Myeloid-derived suppressor

cells in tumors: from mechanisms to antigen specificity and microen-

vironmental regulation. Front Immunol. 2020;11:1371.

30. Cheng AN, Cheng LC, Kuo CL, et al. Mitochondrial Lon-induced

mtDNA leakage contributes to PD-L1–mediated immunoescape via

STING-IFN signaling and extracellular vesicles. J Immunother Cancer.

2020;8(2):e001372.

31. Brea EJ, Oh CY, Manchado E, et al. Kinase regulation of human

MHC class I molecule expression on cancer Cells. Cancer Immunol

Res. 2016;4:936-947.

32. Bohloli M, Atashi A, Soleimani M, Kaviani S, Anbarlou A. Investigat-

ing effects of acidic pH on proliferation, invasion and drug-induced

apoptosis in lymphoblastic leukemia. Cancer Microenviron. 2016;9:

119-126.

33. Shi Y, Huang G, Jiang F, et al. Deciphering a mitochondria-related

signature to supervise prognosis and immunotherapy in hepatocellu-

lar carcinoma. Front Immunol. 2022;13:1070593.

34. Zhang L, Wu S, Huang J, Shi Y, Yin Y, Cao X. A mitochondria-related

signature for predicting immune microenvironment and therapeutic

response in osteosarcoma. Front Oncol. 2022;12:12.

35. Jiang N, Zhang X, Chen Q, et al. Identification of a mitochondria-

related gene signature to predict the prognosis in AML. Front Oncol.

2022;12:12.

36. Luo W, Han Y, Li X, Liu Z, Meng P, Wang Y. Breast cancer prognosis

prediction and immune pathway molecular analysis based on

mitochondria-related genes. Genet Res. 2022;2022:1-13.

37. Dong J, Liu J, Zhang B, et al. Mitochondria-related transcriptome

characterization associated with the immune microenvironment,

therapeutic response and survival prediction in pancreatic cancer.

Int J Mol Sci. 2023;24(4):3270.

38. Smith JJ, Deane NG, Wu F, et al. Experimentally derived metastasis

gene expression profile predicts recurrence and death in patients

with colon cancer. Gastroenterology. 2010;138(3):958-968.

39. Marisa L, de Reyniès A, Duval A, et al. Gene expression classification

of colon cancer into molecular subtypes: characterization, validation,

and prognostic value. PLoS Med. 2013;10(5):e1001453.

40. Ritchie ME, Phipson B, Wu D, et al. Limma powers differential

expression analyses for RNA-sequencing and microarray studies.

Nucleic Acids Res. 2015;43(7):e47.

41. Yoshihara K, Shahmoradgoli M, Martínez E, et al. Inferring tumour

purity and stromal and immune cell admixture from expression data.

Nat Commun. 2013;4(1):2612.

42. Becht E, Giraldo NA, Lacroix L, et al. Estimating the population abun-

dance of tissue-infiltrating immune and stromal cell populations

using gene expression. Genome Biol. 2016;17(1):1-20.

43. Qi X, Wang R, Lin Y, et al. A ferroptosis-related gene signature iden-

tified as a novel prognostic biomarker for colon cancer. Front Genet.

2021;12:692426.

20 of 22 XIE and JIANG



44. Du S, Zeng F, Sun H, et al. Prognostic and therapeutic significance of

a novel ferroptosis related signature in colorectal cancer patients.

Bioengineered. 2022;13(2):2498-2512.

45. Hänzelmann S, Castelo R, Guinney J. GSVA: gene set variation anal-

ysis for microarray and RNA-seq data. BMC Bioinform. 2013;14(1):

1-15.

46. Sturm G, Finotello F, Petitprez F, et al. Comprehensive evaluation of

transcriptome-based cell-type quantification methods for immuno-

oncology. Bioinformatics. 2019;35(14):i436-i445.

47. Charoentong P, Finotello F, Angelova M, et al. Pan-cancer immuno-

genomic analyses reveal genotype-immunophenotype relationships

and predictors of response to checkpoint blockade. Cell Rep. 2017;

18(1):248-262.

48. Li B, Severson E, Pignon JC, et al. Comprehensive analyses of tumor

immunity: implications for cancer immunotherapy. Genome Biol.

2016;17(1):1-16.

49. Finotello F, Mayer C, Plattner C, et al. Molecular and pharmacologi-

cal modulators of the tumor immune contexture revealed by decon-

volution of RNA-seq data. Genome Med. 2019;11(1):1-20.

50. Aran D, Hu Z, Butte AJ. xCell: digitally portraying the tissue cellular

heterogeneity landscape. Genome Biol. 2017;18(1):1-14.

51. Racle J, de Jonge K, Baumgaertner P, Speiser DE, Gfeller D. Simulta-

neous enumeration of cancer and immune cell types from bulk

tumor gene expression data. Elife. 2017;6:e26476.

52. Talaat IM, Elemam NM, Zaher S, Saber-Ayad M. Checkpoint mole-

cules on infiltrating immune cells in colorectal tumor microenviron-

ment. Front Med. 2022;9:2440.

53. Tsvetkov P, Coy S, Petrova B, et al. Copper induces cell death by

targeting lipoylated TCA cycle proteins. Science. 2022;375(6586):

1254-1261.

54. Liu X, Nie L, Zhang Y, et al. Actin cytoskeleton vulnerability to disul-

fide stress mediates disulfidptosis. Nat Cell Biol. 2023;25(3):404-414.

55. Wang Q, Shen X, Chen G, Du J. Drug resistance in colorectal cancer:

from mechanism to clinic. Cancer. 2022;14(12):2928.

56. Zhang YK, Wang YJ, Gupta P, Chen ZS. Multidrug resistance pro-

teins (MRPs) and cancer therapy. AAPS J. 2015;17:802-812.

57. Zeng CM, Chang LL, Ying MD, et al. Aldo–keto reductase AKR1C1–
AKR1C4: functions, regulation, and intervention for anti-cancer

therapy. Front Pharmacol. 2017;8:119.

58. Bao J, Lu W, Duan H, et al. Identification of a novel cuproptosis-

related gene signature and integrative analyses in patients with

lower-grade gliomas. Front Immunol. 2022;13:933973.

59. Ayers M, Lunceford J, Nebozhyn M, et al. IFN-γ–related mRNA pro-

file predicts clinical response to PD-1 blockade. J Clin Invest. 2017;

127(8):2930-2940.

60. Geeleher P, Cox N, Huang RS. pRRophetic: an R package for predic-

tion of clinical chemotherapeutic response from tumor gene expres-

sion levels. PLoS One. 2014;9(9):e107468.

61. Uhlén M, Fagerberg L, Hallström BM, et al. Tissue-based map of the

human proteome. Science. 2015;347(6220):1260419.

62. Ya H, Yuting W, Xin D, et al. TISCH2: expanded datasets and new

tools for single-cell transcriptome analyses of the tumor microenvi-

ronment. Nucleic Acids Res. 2023;51(D1):D1425-D1431.

63. Thorsson V, Gibbs DL, Brown SD, et al. The immune landscape of

cancer. Immunity. 2018;48(4):812-830. e14.

64. Polanco PM, Mokdad AA, Zhu H, Choti MA, Huerta S. Association

of adjuvant chemotherapy with overall survival in patients with rec-

tal cancer and pathologic complete response following neoadjuvant

chemotherapy and resection. JAMA Oncol. 2018;4(7):938-943.

65. Karoui M, Rullier A, Piessen G, et al. Perioperative FOLFOX 4 versus

FOLFOX 4 plus cetuximab versus immediate surgery for high-risk

stage II and III colon cancers: a phase II multicenter randomized con-

trolled trial (PRODIGE 22). Ann Surg. 2020;271(4):637-645.

66. Luo Y, Ma J, Lu W. The significance of mitochondrial dysfunction in

cancer. Int J Mol Sci. 2020;21(16):5598.

67. Kasprzak A. The role of tumor microenvironment cells in colorectal

cancer (CRC) cachexia. Int J Mol Sci. 2021;22(4):1565.

68. Thuringer D, Berthenet K, Cronier L, Solary E, Garrido C. Primary

tumor-and metastasis-derived colon cancer cells differently modu-

late connexin expression and function in human capillary endothelial

cells. Oncotarget. 2015;6(30):28800-28815.

69. Martinez-Outschoorn UE, Lisanti MP, Sotgia F. Catabolic cancer-

associated fibroblasts transfer energy and biomass to anabolic can-

cer cells, fueling tumor growth. Seminars in cancer biology. Vol 25.

Academic Press; 2014:47-60.

70. Yoshida S, Tsutsumi S, Muhlebach G, et al. Molecular chaperone

TRAP1 regulates a metabolic switch between mitochondrial respira-

tion and aerobic glycolysis. Proc Natl Acad Sci. 2013;110(17):E1604-

E1612.

71. Wengert LA, Backe SJ, Bourboulia D, Mollapour M, Woodford MR.

TRAP1 chaperones the metabolic switch in cancer. Biomolecules.

2022;12(6):786.

72. Vartholomaiou E, Madon-Simon M, Hagmann S, et al. Cytosolic

Hsp90α and its mitochondrial isoform Trap1 are differentially required

in a breast cancer model. Oncotarget. 2017;8(11):17428-17442.

73. Kowalik MA, Guzzo G, Morandi A, et al. Metabolic reprogramming

identifies the most aggressive lesions at early phases of hepatic car-

cinogenesis. Oncotarget. 2016;7(22):32375-32393.

74. Matassa DS, Amoroso MR, Lu H, et al. Oxidative metabolism drives

inflammation-induced platinum resistance in human ovarian cancer.

Cell Death Different. 2016;23(9):1542-1554.

75. Gao C, Li M, Jiang AL, et al. Overexpression of the mitochondrial

chaperone tumor necrosis factor receptor-associated protein 1 is

associated with the poor prognosis of patients with colorectal can-

cer. Oncol Lett. 2018;15(4):5451-5458.

76. Maddalena F, Condelli V, Matassa DS, et al. TRAP1 enhances War-

burg metabolism through modulation of PFK1 expression/activity

and favors resistance to EGFR inhibitors in human colorectal carci-

nomas. Mol Oncol. 2020;14(12):3030-3047.

77. Hayashi T, Asano Y, Shintani Y, et al. Higd1a improves respiratory

function in the models of mitochondrial disorder. FASEB J. 2020;

34(1):1859-1871.

78. Ameri K, Maltepe E. HIGD1A-mediated dormancy and tumor sur-

vival. Mol Cell Oncol. 2015;2(4):e1030537.

79. Cheng Z, Wang G, Zhu W, Luo C, Guo Z. LEF1-AS1 accelerates

tumorigenesis in glioma by sponging miR-489-3p to enhance

HIGD1A. Cell Death Dis. 2020;11(8):690.

80. Xu Z, Sun J, Mao Y, et al. HIG1 domain family member 1A disrupts

proliferation, migration, and invasion of colon adenocarcinoma cells.

Bioengineered. 2021;12(2):10501-10511.

81. LeBleu VS, O'Connell JT, Gonzalez Herrera KN, et al. PGC-1α
mediates mitochondrial biogenesis and oxidative phosphorylation in

cancer cells to promote metastasis. Nat Cell Biol. 2014;16(10):992-

1003.

82. Li JD, Feng QC, Qi Y, Cui G, Zhao S. PPARGC1A is upregulated

and facilitates lung cancer metastasis. Exp Cell Res. 2017;359(2):

356-360.

83. Ma T, Meng L, Wang X, et al. TNFSF13B and PPARGC1A expression

is associated with tumor-infiltrating immune cell abundance and

prognosis in clear cell renal cell carcinoma. Am J Trans Res. 2021;

13(10):11048-11064.

84. Miao Y, Zhang H, Su B, et al. Construction and validation of an RNA-

binding protein-associated prognostic model for colorectal cancer.

PeerJ. 2021;9:e11219.

85. Feilchenfeldt J, Bründler MA, Soravia C, Tötsch M, Meier CA.

Peroxisome proliferator-activated receptors (PPARs) and associated

transcription factors in colon cancer: reduced expression of PPARγ-
coactivator 1 (PGC-1). Cancer Lett. 2004;203(1):25-33.

86. Cao S, Chen C, Gu D, et al. Establishment and external verification

of an oxidative stress-related gene signature to predict clinical

XIE and JIANG 21 of 22



outcomes and therapeutic responses of colorectal cancer. Front

Pharmacol. 2023;13:991881.

87. Ulisse V, Dey S, Rothbard DE, et al. Regulation of axonal morpho-

genesis by the mitochondrial protein Efhd1. Life Sci Alli. 2020;3(7):

e202000753.

88. Takane K, Midorikawa Y, Yagi K, et al. Aberrant promoter methyla-

tion of PPP1R3C and EFHD1 in plasma of colorectal cancer patients.

Cancer Med. 2014;3(5):1235-1245.

89. Gilkes DM, Bajpai S, Chaturvedi P, Wirtz D, Semenza GL. Hypoxia-

inducible factor 1 (HIF-1) promotes extracellular matrix remodeling

under hypoxic conditions by inducing P4HA1, P4HA2, and PLOD2

expression in fibroblasts. J Biol Chem. 2013;288(15):10819-10829.

90. Xiong G, Stewart RL, Chen J, et al. Collagen prolyl 4-hydroxylase 1 is

essential for HIF-1α stabilization and TNBC chemoresistance. Nat

Commun. 2018;9(1):4456.

91. Duan Y, Dong Y, Dang R, et al. MiR-122 inhibits epithelial mesen-

chymal transition by regulating P4HA1 in ovarian cancer cells. Cell

Biol Int. 2018;42(11):1564-1574.

92. Zhu X, Liu S, Yang X, Wang W, Shao W, Ji T. P4HA1 as an unfavor-

able prognostic marker promotes cell migration and invasion of glio-

blastoma via inducing EMT process under hypoxia microenvironment.

Am J Cancer Res. 2021;11(2):590-617.

93. Cao XP, Cao Y, Li WJ, Zhang HH, Zhu ZM. P4HA1/HIF1α feedback

loop drives the glycolytic and malignant phenotypes of pancreatic

cancer. Biochem Biophys Res Commun. 2019;516(3):606-612.

94. Hu WM, Zhang J, Sun SX, et al. Identification of P4HA1 as a prog-

nostic biomarker for high-grade gliomas. Pathol Res Pract. 2017;

213(11):1365-1369.

95. Kappler M, Kotrba J, Kaune T, et al. P4HA1: a single-gene surrogate

of hypoxia signatures in oral squamous cell carcinoma patients. Clinic

Transl Radiat Oncol. 2017;5:6-11.

96. Zhu Y, Li X, Wang L, et al. Metabolic reprogramming and crosstalk of

cancer-related fibroblasts and immune cells in the tumor microenvi-

ronment. Front Endocrinol. 2022;13:988295.

97. Wieder R. Fibroblasts as turned agents in cancer progression. Can-

cer. 2023;15(7):2014.

98. Yuan Z, Li Y, Zhang S, et al. Extracellular matrix remodeling in tumor

progression and immune escape: from mechanisms to treatments.

Mol Cancer. 2023;22(1):48.

99. Overman MJ, McDermott R, Leach JL, et al. Nivolumab in patients

with metastatic DNA mismatch repair-deficient or microsatellite

instability-high colorectal cancer (CheckMate 142): an open-label,

multicentre, phase 2 study. Lancet Oncol. 2017;18(9):1182-1191.

100. Ding J, Yang C, Zhang Y, et al. M2 macrophage-derived G-CSF pro-

motes trophoblasts EMT, invasion and migration via activating

PI3K/Akt/Erk1/2 pathway to mediate normal pregnancy. J Cell Mol

Med. 2021;25(4):2136-2147.

101. Zhu D, Johnson TK, Wang Y, et al. Macrophage M2 polarization

induced by exosomes from adipose-derived stem cells contributes

to the exosomal proangiogenic effect on mouse ischemic hindlimb.

Stem Cell Res Therapy. 2020;11:1-14.

102. Ye YC, Zhao JL, Lu YT, et al. NOTCH signaling via WNT reg-

ulates the proliferation of alternative, CCR2-independent tumor-

associated macrophages in hepatocellular carcinoma. Cancer Res.

2019;79(16):4160-4172.

103. Su B, Han H, Gong Y, et al. Let-7d inhibits intratumoral macrophage

M2 polarization and subsequent tumor angiogenesis by targeting IL-

13 and IL-10. Cancer Immunol Immunother. 2021;70:1619-1634.

104. Lee C, Jeong H, Bae Y, et al. Targeting of M2-like tumor-associated

macrophages with a melittin-based pro-apoptotic peptide.

J Immunother Cancer. 2019;7(1):1-14.

105. Wang F, Lau JKC, Yu J. The role of natural killer cell in gastrointesti-

nal cancer: killer or helper. Oncogene. 2021;40(4):717-730.

106. Bruno A, Bassani B, D'Urso DG, et al. Angiogenin and the

MMP9-TIMP2 axis are up-regulated in proangiogenic, decidual NK-

like cells from patients with colorectal cancer. FASEB J. 2018;32(10):

5365-5377.

107. Albini A, Bruno A, Bassani B, et al. Colorectal cancer (CRC) progres-

sion and angiogenesis: tumor infiltrating natural killer cells as novel

inflammatory orchestrators. Ann Oncol. 2017;28:vi11-vi12.

108. Duault C, Kumar A, Taghi Khani A, et al. Activated natural killer cells

predict poor clinical prognosis in high-risk B-and T-cell acute lym-

phoblastic leukemia. Blood. 2021;138(16):1465-1480.

109. Kuai W, Xu X, Yan J, et al. Prognostic impact of PD-1 and Tim-3

expression in tumor tissue in stage I-III colorectal cancer. Biomed Res

Int. 2020;2020:1-13.

110. Kollmann D, Schweiger T, Schwarz S, et al. PD1-positive tumor-

infiltrating lymphocytes are associated with poor clinical outcome

after pulmonary metastasectomy for colorectal cancer. Onco Targets

Ther. 2017;6(9):e1331194.

111. Fu X, Luo H, Zheng Y, et al. CTLA-4 immunotherapy exposes dif-

ferences in immune response along with different tumor progres-

sion in colorectal cancer. Aging (Albany NY). 2020;12(15):15656-

15669.

112. Martelli V, Pastorino A, Sobrero AF. Prognostic and predictive

molecular biomarkers in advanced colorectal cancer. Pharmacol Ther.

2022;108239:108239.

113. Jardim DL, Goodman A, de Melo GD. The challenges of tumor muta-

tional burden as an immunotherapy biomarker. Cancer Cell. 2021;

39(2):154-173.

114. McGrail DJ, Pilié PG, Rashid NU, et al. High tumor mutation burden

fails to predict immune checkpoint blockade response across all can-

cer types. Ann Oncol. 2021;32(5):661-672.

115. Houshyari M, Taghizadeh-Hesary F. Is mitochondrial metabolism a

new predictive biomarker for antiprogrammed cell death Protein-1

immunotherapy? JCO Oncol Pract. 2023;19(3):123-124.

116. Behnam B, Taghizadeh-Hesary F. Mitochondrial metabolism: a

new dimension of personalized oncology. Cancer. 2023;15(16):

4058.

117. Ashique S, Kumar S, Hussain A, et al. A narrative review on the role

of magnesium in immune regulation, inflammation, infectious dis-

eases, and cancer. J Health Popul Nutr. 2023;42(1):74.

SUPPORTING INFORMATION

Additional supporting information can be found online in the Support-

ing Information section at the end of this article.

How to cite this article: Xie Y, Jiang H. The exploration of

mitochondrial-related features helps to reveal the prognosis

and immunotherapy methods of colorectal cancer. Cancer

Reports. 2024;7(1):e1914. doi:10.1002/cnr2.1914

22 of 22 XIE and JIANG

info:doi/10.1002/cnr2.1914

	The exploration of mitochondrial-related features helps to reveal the prognosis and immunotherapy methods of colorectal cancer
	1  INTRODUCTION
	2  MATERIALS AND METHODS
	2.1  Data collection and identification of MRG
	2.2  The Gene Ontology and the Kyoto Encyclopedia of Genes and Genomes enrichment analysis based on differentially expresse...
	2.3  NMF clustering, identification of molecular subtypes, and immune score analysis
	2.4  Establishment of prognostic features for CRC based on MRG risk score
	2.5  Subgroup hierarchical analysis of clinical pathological characteristics in predictive models
	2.6  Construction and validation of independent prognosis and nomogram for MRG risk score
	2.7  Compare and verify predictive performance with other models
	2.8  Biobased enrichment analysis and immune landscape analysis
	2.9  Microsatellite instability, tumor cell stemness (CSC index), and tumor mutational burden were analyzed for their corre...
	2.10  Correlation and difference analysis of risk scores and genes related to cuproptosis, multiple drug resistance, TIS, r...
	2.11  Drug sensitivity analysis
	2.12  Expression level and immunohistochemistry validation of model genes
	2.13  Validation of model genes in single-cell RNA sequencing
	2.14  Pan-cancer analysis of model genes
	2.15  Statistical analysis

	3  RESULTS
	3.1  Identification and NMF cluster typing of MRGs
	3.2  MRG based TME and immune assessment between two clusters
	3.3  Construction of a prognostic model based on MRG
	3.4  The clinical value of MRG risk score prognostic model
	3.5  Validation of nomograms and independent risk score prognostication
	3.6  Comparison of predictive performance between models
	3.7  Bioenrichment analysis based on MRG risk score
	3.8  Comprehensive immune landscape analysis of prognostic characteristics of MRG risk score
	3.9  Correlation analysis of prediction models with MSI, CSC index, and TMB
	3.10  Correlation of the prediction model with the TIS-, multidrug resistance-, chemoradiotherapy-, cuproptosis-, and disul...
	3.11  Drug sensitivity analysis
	3.12  Expression level and immunohistochemistry validation of model genes
	3.13  Five MRGs in scRNA-Seq
	3.14  Pan-cancer analysis of model genes

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

	ETHICS STATEMENT
	REFERENCES


