
Page 1/21

Bioinformatic analysis of autophagy-related genes
for prognosis, malignancy and immune phenotype
of colorectal cancer
Zhiming Jin  (  jzmgyp@hotmail.com )

Shanghai Jiao Tong University A�liated Sixth People's Hospital
Juanjuan Tu 

Shanghai Jiao Tong University A�liated Sixth People's Hospital
Chengsheng Ding 

Shanghai Jiao Tong University A�liated Sixth People's Hospital
Zezhi Shan 

Fudan University Shanghai Cancer Center
Mengcheng Li 

Shanghai Jiao Tong University A�liated Sixth People's Hospital
Yuping Gao 

XinHua Hospital

Research Article

Keywords: Autophagy, Colorectal Neoplasms, Prognosis, Survival analysis

Posted Date: April 21st, 2022

DOI: https://doi.org/10.21203/rs.3.rs-1566232/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-1566232/v1
mailto:jzmgyp@hotmail.com
https://doi.org/10.21203/rs.3.rs-1566232/v1
https://creativecommons.org/licenses/by/4.0/


Page 2/21

Abstract
Background:  Autophagy plays a non-negligible role in carcinogenesis by maintaining a proper cancer
microenvironment to provide nutritional supplements. This study aimed to explore the association
between autophagy-related genes (ARGs) and colorectal cancer (CRC).

Material and Methods:  Public data pro�les were downloaded from The Cancer Genome Atlas (TCGA)
and the Gene Expression Omnibus (GEO) databases: GSE39582 set. In the TCGA cohort, 7 ARGs were
selected to construct the prognostic risk score model for the prognosis of CRC patients. Based on the
median value of risk scores, patients were divided into low- and high- risk score groups (p=4.393e−06).
And the prognostic value of the model was further validated in the GEO cohort and the pooled cohort.

Results: In addition to prognosis, autophagy was also related to malignancy, chemotherapy resistance, as
well as immune type of CRC. Furthermore, a nomogram, including the prognostic risk score model and
clinical characteristics, was developed for quantifying the overall survival probability of CRC patients.
Finally, some drugs/compounds including semagacestat, pentostatin, DNMDP, as well as bexarotene,
were predicted as potential drugs for CRC treatment based on CTRP and PRISM database.

Conclusion: These would assist CRC patients with improving their prognosis.

Background
Colorectal cancer (CRC) is one of the most common malignant tumors worldwide. The mortality of CRC
ranks second among 36 cancer types in the world, with nearly 900,000 deaths each year [1]. Its incidence
is the third highest in men, second highest in women among all types of cancers[2]. At the same time, the
incidence of CRC also varies geographically, which is higher in the developed countries as compared to
that in the developing countries[3]. With the rapidly progress in developing countries, Arnold M et al.[4]
expect that the incidence of CRC will increase to 2.5 million new cases in 2035. There are many risk
factors closely related to CRC, including aging, unhealthy lifestyle, and dietary changes. Through the
nationwide screening program and colonoscopy, the incidence of CRC can be stabilized or even
reduced[5]. However, the mortality and postoperative recurrence rates of CRC are not signi�cantly
declined., 25%-40% of postoperative patients experience tumor recurrence with an unsatisfactory
prognosis, even with chemotherapy[6]. The survival time of CRC patients is closely related to pathological
staging. The majority of CRC patients in early stage have a satisfactory prognosis with a 5-year survival
rate of > 90%[7]. As for patients with advanced cancer, their 5-year survival rate is even lower than 10%[7,
8]. Unfortunately, there is still no accurate and effective technological means to evaluate the prognosis of
postoperative patients with CRC. The current mainstream clinical indicators such as pathological staging
and AJCC-TNM staging cannot accurately determine the prognosis of patients. This brings a barrier to
individualized treatment of patients. Hence, there is an urgent need for a method that can more
accurately assess the prognosis of CRC patients.
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Autophagy is a tightly coordinated process that misfolded proteins and dysfunctional organelles are
sequestered in the autophagosomal vesicles and eventually transported to lysosomes for degradation[9].
Therefore, it plays an important role in maintaining intracellular homeostasis. Dysregulated autophagy is
associated with many diseases such as obesity, type 2 diabetes and nonalcoholic fatty liver[10, 11]. The
most important of these is its role in cancer. Autophagy plays a dual role in cancer. On the one hand,
autophagy can prevent cancer development. On the other hand, autophagy helps maintain a proper
cancer microenvironment to provide nutritional supplements under adverse conditions such as starvation
and hypoxia[12]. And enhanced autophagy promotes tumor cell survival and growth with autophagic �ux
when tumor is established[13, 14]. The role of autophagy in tumor development depends on the type of
cells and tumor microenvironment. In terms of drug treatment, autophagy plays a non-negligible role in
promoting drug resistance[15]. For example, in the treatment of gastrointestinal stromal tumor (GIST)
cells, autophagy was induced to resist to Imatinib™. However, inhibition of autophagy by the
lysosomotropic agent chloroquine (CQ) could overcome resistance to Imatinib™ and cause tumor cell
apoptosis[16].

At present, the pathological stage and AJCC-TNM stage of patients are used as tools to guide treatment
and predict the overall survival in CRC. However, even for CRC patients who are at the same tumor stage,
there are many signi�cant differences in sensitivity to treatment and prognosis because of the high
heterogeneity of CRC. Therefore, �nding new biomarkers or signatures to predict the overall survival of
CRC patients has been our main goal. Recently, in other cancers, some studies have proven that gene
signature is capable of predicting the prognosis of cancer patients. Hu et al.[17] have con�rmed that
autophagy-related gene expression signature can predict prognosis in prostate cancer patients .

There are many studies demonstrating that prognostic signatures based on miRNA or lncRNA have
abilities to predict the prognosis of CRC patients[18–20]. In the current study, we attempted to explore the
relationship between autophagy and colorectal cancer. We downloaded gene expression pro�les of CRC
from TCGA and GEO databases. In the TCGA cohort, a prognostic risk score, which contained 7 ARGs,
was constructed for predicting OS of CRC patients and validated in the GEO cohort and the pooled cohort.
Besides, we developed a nomogram as a tool to evaluate overall survival probability and to manage
patients better.

Results

1 Differentially expressed ARGs between CRC and adjacent
normal colorectum tissue samples
A total of 568 CRC and 44 normal colorectum tissue samples with RNA-seq data in the TCGA cohort were
involved in the current study. We selected 222 identical ARGs from 232 ARGs and RNA-seq data of TCGA
cohort. Among the 222 identical ARGs, 32 differentially expressed ARGs were identi�ed between CRC and
adjacent normal colorectum tissue samples with thresholds of |log2 fold change|> 1 and FDR < 0.05. The
result was shown in a heat map (Fig. 1A) Then, according to differentially expressed ARGs, gene ontology
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(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were
performed. Autophagy, mitochondrial outer membrane, and ubiquitin protein ligase binding were the top
enrichment GO terms for biological processes, cellular components and molecular functions, respectively.
As for KEGG pathway enrichment analysis, apoptosis, p53 signaling pathway and human
cytomegalovirus infection were the top enrichment pathways and autophagy related pathways were also
statistically signi�cant (Fig. 1B-C).

2 Development and validation of a prognostic risk score
model
In the TCGA cohort, we merged the expression matrixes of 222 ARGs with the corresponding overall
survival time and overall survival status for 541 CRC patients on the basis of patients’ ID. The univariate
Cox regression analysis was utilized to select out a total of 8 ARGs as candidate genes that were
signi�cantly associated with OS (Fig. 1D). And the differential expression levels of these candidate genes
between CRC and adjacent normal colorectum tissue samples were shown in Fig. 1E. Subsequently, we
excluded 26 CRC patients whose OS time was 0, and a total of 7 optimal genes were identi�ed for the
construction of the prognostic risk score model in the LASSO Cox regression analysis (Fig. 1F, G). The
optimal genes are MAPK9, CDKN2A, SERPINA1, DAPK1, ULK3, EDEM1 and ULK1. The prognostic risk
score = (-0.211578695097183* expression value of MAPK9) + (0.0426772420693879* expression value
of CDKN2A) + (-0.14956314324999* expression value of SERPINA1) + (0.348009461063805* expression
value of DAPK1) + (0.250327783852896* expression value of ULK3) + (-0.432074832788178*
expression value of EDEM1) + (0.226888644181894* expression value of ULK1).

According to the median value of risk scores, we divided CRC patients into low- and high- risk score
groups. Kaplan-Meier survival curves showed that high-risk group had a lower survival rate than low- risk
group with P-value = 4.393e-06 (Fig. 2A). The ROC of the prognostic risk score model at 5-year was
exhibited in Fig. 2B, with AUC of 0.678. To better demonstrate the association between risk scores and
prognosis, the risk score of each CRC patient was ranked from low to high (Fig. 2C). The survival status
and corresponding risk scores were plotted in Fig. 2D. Red dots represented dead patients and blue dots
represented surviving patients. As shown in the �gure, the red dot density of the low risk score group was
signi�cantly lower than that of the high risk score group. The differentially expressed heat map of
optimal genes, between the low- and high- risk score groups was reported in Fig. 2E. For validation of the
prognostic risk score model, we further compared the survival differences between low- and high- risk
score groups in the GEO cohort. High-risk group also had a poorer prognostic than low-risk group with P-
value of 4.707e − 02 (Supplement Fig. 1A) and the AUC of ROC at 5-year was shown in Supplement Fig.
1B. The distribution of risk score of each patient, survival status and corresponding risk scores, as well as
the differentially expressed heat map of optimal genes were plotted in Supplement Fig. 1C-E. As expected,
the prognostic risk score models also exhibited reliable ability to predict prognosis in the pooled cohort.
Survival curve revealed that patients in the high risk score group had worse OS compared to those in the
low risk score group with AUC of 0.638 (p = 7.7e − 05; Supplement Fig. 2A, B). Supplement Fig. 2C-E
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respectively, demonstrated the distribution of the risk score of each patient, survival status and
corresponding risk scores, as well as the differentially expressed heat maps of optimal genes in the
pooled cohort. In addition to this, we explored the relationship of risk scores and clinical characteristics
and found that patients with advanced cancer had higher risk scores than early stage patients (Fig. 3A-
D). The expression levels of CEA were positively correlated with the risk scores of patients (Fig. 3E).
Figure 3F-H demonstrated the differences of PD1, PD-L1, CTLA-4 between low- and high- risk score
groups, respectively. However, there were no signi�cant differences of risk scores in terms of patients’ age
and gender (Supplement Fig. 3A, B).

3 Chemotherapy in the GEO cohort
According to the above criteria, 139 patients were de�ned to non-chemotherapy resistance group and 111
patients were de�ned to chemotherapy resistance group. Then, we compared the difference of risk scores
between non-chemotherapy resistance and chemotherapy resistance groups, and we found that the
median value of risk scores in the chemotherapy resistance group was higher than that in non-
chemotherapy resistance group with P-value of 0.03 (Fig. 3I). This result meant that patients with low risk
scores could get more bene�ts from chemotherapy than those with high risk scores. Therefore, it is
particularly important for patients with high risk scores to �nd potentially effective treatments.

4 PCA in the TCGA and GEO cohorts
In both TCGA and GEO cohorts, the expression matrixes of all ARGs were analyzed using PCA
respectively. The results of PCA were shown in Fig. 4A, B. After that, we performed PCA on the expression
matrixes of the optimal genes that identi�ed by LASSO Cox regression analysis (Fig. 4C, D). As shown in
the �gures, compared with all ARGs, patients with different risk scores could be distinguished better using
the optimal genes.

5 The results of enrichment analysis
The enrichment analyses of differentially expressed genes between low- and high- risk score groups were
conducted with GO and KEGG pathway enrichment analyses. The results of GO and KEGG pathway
enrichment analyses were demonstrated in Fig. 5A, B. Many immune-related biological processes and
cancer- related pathways were the top enrichment terms and pathways, which indicated that there might
be cancer-related immune differences between low- and high- risk score groups. Meanwhile, the results of
GSEA showed that some cancer-related pathways, such as NOTCH signaling pathway and HEDGEHOG
signaling pathway were enriched in high- risk score group (Fig. 5C, D). In addition, the p53 signaling
pathway was upregulated in the low risk score group (Fig. 5E).



Page 6/21

6 The difference of immune cell in�ltration between low-
and high- risk score groups
CIBERSORT algorithm was applied to quantify the relative abundance of 22 immune cells in each patient
according to the RNA-seq pro�les. Figure 5F presents the differences of immune cell in�ltration between
low- and high- risk score groups.

As shown in �gure, the abundance of plasma cells, resting memory CD4 T cells, activated dendritic cells,
Eosinophils and neutrophils were higher in the low risk score group compared to the high risk score
group. However, regulatory T cells (Tregs) and Macrophages M0 exhibited higher in�ltration in patients
from the high risk score group. Based on the above results, patients with low risk scores were more likely
to bene�t from immunotherapy than those with high risk scores.

7 PPI network of differentially expressed ARGs between
low- and high- risk score groups
We utilized the STRING online database to construct the PPI network of differentially expressed ARGs
between low- and high- risk score groups, the result was shown in Fig. 6A and Supplement Table 1. Then,
Cytoscape software was performed to process the data of PPI network further. Figure 6B presents the
interaction of differentially expressed ARGs, red presents ARGs that are highly expressed in high- risk
score group and blue presents ARGs that are highly expressed in low risk score group. Finally, we found
the top 10 hub ARGs in the PPI network using cytoHubba. As shown in the Fig. 6C, the top 10 hub AGRs,
degree ranked from high to low, are BECN1, ATG5, ATG16L1, PIK3R4, MAP1LC3A, MAP1LC3B, ULK1,
ATG13, MAPK3 and ATG3.

8 Development of a nomogram for predicting overall
survival
To predict the OS of CRC patients, we constructed a nomogram that integrated age, gender, pathological
stage, neoadjuvant chemotherapy, the level of CEA and a prognostic risk score model (Fig. 7A). And the
calibration curves at 1-year, 2-year, 3-year and 5-year demonstrated that the nomogram had a good ability
to predict the OS of CRC patients (Fig. 7B-E). The results of univariate and multivariate Cox regression
analyses proved that the prognostic risk score model, age and pathological stage could be regarded as
independent prognostic indicators (Fig. 7F, G). The ROC curves demonstrated that the prognostic risk
score model (AUC = 0.702) presented a good prognostic value than that of age (AUC = 0.623; Fig. 7H).
Meanwhile, univariate and multivariate Cox regression analyses of GEO and pooled cohorts con�rmed
that the prognostic risk score model could act as an independent prognostic indicator (Supplement Fig.
4A-D).
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9 Identi�cation of potential drug targets for CRC patients
Based on the gene expression pro�les and drug sensitivity pro�les of CCLs in the CTRP and PRISM
database, “pRRophetic” R package was applied to estimate the response of CRC patients to
drugs/compounds via the built-in ridge regression model. The estimated AUC value represented the
sensitivity of patients to drugs and compounds, lower AUC value indicated higher sensitivity to drugs. To
further identify potential drugs for patients with different risk scores, Spearman correlation analysis was
performed to quantify the correlation coe�cient between AUC values and risk scores. The AUC value of
CTRP-derived drugs, including DNMDP, brefeldin A, azacitidine, gossypol, PF-543 and L-685458, was
positively related with risk scores; and the AUC value of CTRP-derived compounds, including
semagacestat, epigallocatechin-3-monogallate, SMER-3, NSC48300, CHIR-99021, CHIR-99021, was
negatively related with risk scores (Fig. 8A). In addition, the analysis in PRISM database yielded the top 6
compounds with positive correlation coe�cient (bexarotene, zaleplon, propranolol, clofoctol, 3-amino-
benzamide, selumetinib) and the top 6 compounds with negative correlation coe�cient (pentostatin,
afobazole, regorafenib, tofogli�ozin, mepivacaine, tedizolid-phosphate) (Fig. 8B). Compounds with
negative correlation coe�cient had lower estimated AUC values in the high risk score group, which
indicated that these compounds could act as potential drugs for CRC patients with high risk scores. In
addition to immunotherapy, patients with low risk scores also bene�ted from the compounds with
positive correlation coe�cient, because these compounds had lower estimated AUC values in the low risk
score group.

10 The results of HPA
We compared the expression level of the optimal genes between CRC tissue and normal colorectum
tissue samples by immunohistochemistry in the HPA database. The results were shown in Supplement
Fig. 5, and ULK1 gene was not included because no information was available in the HPA database.

Discussion
Some studies have validated that autophagy is involved in some diseases, such as cancer, and plays a
role in promoting advanced cancer growth [27, 28]. Beyond that, Zhou et al. demonstrated that 5 core
autophagy genes (CAPN10, DAPK2, DNAJB9, GNAI3, PPP1R15A) could help to predict the recurrence of
colorectal cancer in early phase[29].

In the current study, we obtained the expression pro�les of ARGs from public online databases and
focused on exploring the relationship between ARGs and the overall survival of CRC patients. Firstly, 32
differentially expressed ARGs were identi�ed between CRC and normal colorectum tissue samples. GO
and KEGG pathway enrichment analyses were utilized to process these ARGs, and the results indicated
that many differentially expressed ARGs played an important role in autophagy and cancer-related
pathways. Then, we utilized the univariate Cox regression analysis to screen out 8 ARGs from CRC
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patients of TCGA cohort. Further, the LASSO Cox regression analysis was performed to identify 7 ARGs
(MAPK9, CDKN2A, SERPINA1, DAPK1, ULK3, EDEM1, ULK1) as the optimal genes for constructing the
prognostic risk score model, which could be used as an independent indicator to predict the prognosis of
CRC patients. And the results from the GEO cohort and the pooled cohort illustrated that the prognostic
risk score model had a general applicability in CRC patients from other cohorts. Subsequently, we found
that patients’ risk scores calculated by a speci�c formula were associated with clinical characteristics
and the expression levels of immune checkpoints (PD1, PD-L1, CTLA-4). The advanced-stage patients
had higher risk scores than the patients at the early clinical stage. We further classi�ed patients into low-
and high- risk score groups according to the median value of risk scores, patients with high risk score had
poorer overall survival than those in the low risk score group. To look for the potential mechanisms
behind it, we compared the differences of enrichment analyses between low- and high- risk score groups.
Many cancer-related pathways were enriched in the high risk score group. And interestingly, we found that
patients with higher risk score seemed to be more likely to be resistant to chemotherapy according to the
results of GEO cohort. A large number of studies on other cancer types and responses to other cancer
therapies have con�rmed that autophagy is both caused by the treatment used and produces resistance
to the treatment[15, 30]. However, the mechanism of treatment-induced autophagy is very complicated
and not fully understood. P53 signaling pathway activation induced by DNA damage may illustrate that
how conventional genotoxic drugs, such as radiotherapy or cisplatin, induce autophagy through p53-
mediated autophagy regulators such as DRAM (damage-regulated autophagy modulator)[31].
Furthermore, Simon et al.[32] have demonstrated that p53 is proapoptotic, and can also inhibit autophagy
according to speci�c conditions. The role of p53 in these responses is consistent with our results.

Taking these results together, it was essential for patients with a high risk scores that received reinforced
follow-up and active therapeutic intervention, while exploring new potential drugs/compounds for CRC
patients was particularly important. Therefore, we developed a nomogram, which integrated age, gender,
pathological stage, neoadjuvant chemotherapy, the level of CEA and a prognostic risk score model for
predicting the 2-, 3- and 5-year overall survival probabilities of CRC patients. The results were satisfactory,
which demonstrated that the prognostic risk score model was extensively applicable in CRC patients.
Finally, we predicted some drugs/compounds that might be effective for patients with a variety of risk
scores via analysis of CTRP and PRISM database. Drugs with negative coe�cients, such as
semagacestat, pentostatin and so on, might play a signi�cant role in treating patients with high risk
scores; and those patients with low risk scores probably bene�ted from the therapy containing drugs with
positive coe�cients, represented by DNMDP and bexarotene. This provides novel insights for drug
therapy strategies for colorectal cancer in the future.

In conclusion, we explored the association between ARGs and CRC. This study reveals that some speci�c
ARGs play a non-negligible role in the classi�cation of CRC, prognosis, as well as prediction of potential
drugs. However, there are still some limitations to this study. First, it is a retrospective study with data
from the TCGA and GEO databases, which is short of validation in prospective clinical trials. Second, the
threshold value that classi�es patients into low- and high- risk score groups may vary depending on the
method, so other methods are needed for study validation in the future. Third, the information of clinical
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pathological characteristics such as pathological grading was not complete, which may affect the
accuracy of the current study.

Conclusion
In conclusion, we analyzed the autophagy-related gene expression matrixes of TCGA and GEO databases.
A total of 7 ARGs were screened out to develop a prognostic risk score model that had the ability of
predict the overall survival of CRC patients accurately. Beyond that, we constructed a nomogram, which
integrated the prognostic risk score model and clinical characteristics, to quantify the overall survival
probability in CRC patients. According to these results, the prognostic risk score model can be regarded as
a potential prognostic marker in CRC and nomogram can play a signi�cant role in the screening of high-
risk patients who require reinforced follow-up and positive therapeutic intervention. Some
drugs/compounds were identi�ed as potential drugs for CRC treatment. Further validation is needed prior
to clinical application.

Material And Methods

1 Data acquisition
The RNA sequencing (RNA-seq) data of colorectal cancer (CRC) patients with HTSeq-FPKM work�ow type
were downloaded from the TCGA database (https://tcga-data.nci.nih.gov/tcga/), which contains 568 CRC
and 44 adjacent normal colorectum tissue samples. Meanwhile, we also obtained the clinical information
of 548 CRC patients using GDC data portal (https://portal.gdc.cancer.gov/), such as overall survival time,
survival state, pathological stages. The microarray data and corresponding clinical information of
GSE39582 were downloaded from GEO database (https://www.ncbi.nlm.nih.gov/geo/). The microarray
data was generated by the Affymetrix Human Genome U133 Plus 2.0 Array and the annotation of gene
symbols was based on the corresponding probe in the GPL570 platform. For subsequent analysis, Perl
script based on the JAVA8 platform was applied to process and normalize the microarray data, while the
probe ID was converted into the corresponding gene symbol based on the annotation �le. When more
than one probes were matched to the same symbol ID, mean value was taken. Furthermore, patients in
TCGA database and GEO database were combined for pooled validation. ComBat method was performed
to remove the batch effect between TCGA and GEO databases via “sva” R package.

Besides, in the current study, a total of 232 genes corresponding to autophagy were acquired from the
Human Autophagy Database (http://www.autophagy.lu/index .html). Perl script was utilized to screen out
the overlapping genes from 232 autophagy-related genes (ARGs) and the RNA expression matrix of TCGA
cohort.

2 Enrichment analysis of the differentially expressed ARGs
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In the TCGA cohort, the differentially expressed genes (DEGs) of ARGs between CRC and adjacent normal
colorectum tissue samples were retained using the “limma” package in R, which with |log2 fold change|>
1 and the false discovery rate (FDR) < 0.05. Then, gene ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment analyses were performed to reveal the major biological
features and cell functional pathways of DEGs using “clusterPro�ler” package in R. Adjusted P-value < 
0.05 was considered statistically signi�cant. Next, the visual processing of the annotation results was
performed by “enrichplot” and “ggplot2” packages in R.

3 Establishment and validation of a prognostic risk score
model
In the TCGA cohort, the data analysis of the expression level of each ARG and CRC patients’ overall
survival were performed using univariate Cox regression analysis, ARGs with p < 0.05 were considered as
candidate genes. Then, we utilized the LASSO Cox regression analysis to narrow candidate genes for
avoiding the interference of over�tting. Each candidate gene was screened based on the LASSO Cox
regression using “glmnet” package in R, the candidate genes with nonzero regression coe�cients were
selected as optimal genes for the construction of the prognostic risk score model. To determine the
penalty parameter (λ) of the model, the tenfold cross-validation was performed. The formula applied to
calculate the prognostic risk score of each patient was as follows:

Risk score = ∑ i
1(Coefi*ExpGenei) (1)The “Coef” represents nonzero regression coe�cients from the

LASSO Cox regression analysis and “ExpGene” is the expression value of optimal genes of prognostic
risk score model. The risk score of each patient in GEO cohort and the pooled cohort was also calculated
using the formula mentioned above. The median value of risk scores was regarded as a threshold that
could classify all CRC patients into low- and high- risk score groups in TCGA cohort. Next, the comparison
of the survival difference between low- and high- risk score groups was conducted by Kaplan-Meier
analysis with the log-rank test. Besides, “survivalROC” package in R was utilized to plot the receiver
operating characteristic (ROC) curve for assessing the predictive accuracy of the prognostic risk score
model. Finally, we evaluated the potential relationship of risk scores and clinical characteristics. We also
compared the expression levels of immune checkpoints (PD1, PD-L1, CTLA-4) between low- and high- risk
score groups. When comparing the two groups, Wilcoxon rank-sum test was utilized and when comparing
three or more groups, Kruskal-Wallis (K-W) test was utilized.

4 The relationship between chemotherapy and risk scores in
CRC patients
In the GEO cohort, we selected two groups of patients with chemotherapy resistance and non-
chemotherapy resistance. According to the study of Mini et al.[21]. The patients with disease recurrence
within 3 years from chemotherapy were classi�ed into the chemotherapy resistance group and patients



Page 11/21

without disease recurrence within 5 years were considered as non-chemotherapy resistant. Then we
obtained the corresponding risk score of each patient in the two groups according to patients’ ID. The
difference of risk scores between chemotherapy resistance and nonchemotherapy groups was explored
with the Wilcox-test, which P-value < 0.05 was considered as statistically signi�cance.

5 The results of principal component analysis (PCA) before
and after modeling
In both TCGA and GEO cohorts, PCA was utilized to analyze the expression matrixes of all ARGs for each
patient with “limma” package in R, respectively. Subsequently, the expression matrixes of the optimal
genes from LASSO Cox regression analysis were also processed by PCA. To display the results of PCA,
“ggpolt2” R package was performed and each patient was drawn as a point on two-dimensional
diagrams on the basis of the �rst two principal components.

6 Enrichment analysis between low- and high- risk score
groups
We utilized “limma” R package to screen out the differentially expressed genes (DEGs) from all genes
between low- and high- risk score groups, which with thresholds of |log2 fold change|> 1 and FDR < 0.05.
Then, we acquired the corresponding Entrez ID of each DEG using “org.Hs.eg.db” package in R. The GO
and KEGG pathway enrichment analyses were performed on the DEGs, respectively with “clusterPro�ler”
package. Next, we visualized the results of enrichment analyses using “enrichplot” and “ggplot2”
packages. Finally, we conducted gene set enrichment analysis (GSEA) based on GSEA software (version:
4.0.3) between low- and high- risk score groups using “c2.cp.kegg.v7.1.symbols.gmt gene sets” as a
reference gene set. And enrichment pathways with FDR < 0.25 were considered statistically signi�cant.

7 Evaluation of immune cell in�ltration via CIBERSORT
algorithm
To quantify the immune cell in�ltration of each patient, CIBERSORT algorithm (R script v1.03) was
applied to estimate the relative abundance of different immune cells in a mixed cell population. The
analysis of CIBERSORT algorithm was based on a known reference set, which contained a set of gene
expression features of 22 leukocyte subtypes-LM22, such as CD8 T cells, plasma cells, NK cells, as well
as dendritic cells. Then, we compared the differences of immune cell in�ltration between low- and high-
risk score groups with the Wilcoxon rank-sum test and P-value < 0.05 was considered statistically
signi�cant. Finally, the results of the comparison were shown in box plots using “ggpubr” package in R.

8 Protein-protein interaction (PPI) network
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( )
In the current study, we utilized the “limma” package to select differentially expressed genes from
autophagy-related genes between low- and high- risk score groups with |log2 fold change|> 1 and a false
discovery rate < 0.05. The STRING online database (version: 11.0; https://string-db.org/) was used to
produce PPI network data of differentially expressed genes with an interaction score > 0.95 (very high
con�dence). Subsequently, Cytoscape software (version: 3.7.2) was utilized to visualize the PPI network
data. The Cytohubba (version: 0.1) is a plug-in of Cytoscape that can predict and explore important nodes
and subnetworks in a given network by several topological algorithms. Therefore, we utilized cytoHubba
to identify the top 10 hub genes from PPI network according to the degree rank of genes in a given
network.

9 Construction of a nomogram for predicting overall
survival (OS)
To predict the OS of CRC patients, we utilized the “rms” package in R to construct a nomogram that
integrated age, gender, pathological stage, neoadjuvant chemotherapy, the level of CEA and a prognostic
risk score model based on the TCGA cohort. The calibration curves at 1-year, 2-year, 3-year, and 5-year
were plotted to evaluate the accuracy of OS prediction in the nomogram. Univariate and multivariate Cox
regression analyses were performed by nomogram to validate the independent prognostic value of the
risk score model, which P-value < 0.05 was considered as statistically signi�cance. Besides, the
effectiveness of OS prediction of the risk score model was compared with other clinical characteristics of
nomogram through the Online ROC Curves (http://www.houshixu.cn:3838/sample-apps/ROC/).

10 Prediction of potential drugs for CRC
According to the patient's risk score, some compounds/drugs were predicted as potential treatment for
CRC patients. Based on previous study[22], the expression pro�le data and somatic mutation data of
human cancer cell lines (CCLs) were obtained from the Broad Institute Cancer Cell Line Encyclopedia
(CCLE) project[23]. And we acquired the CCLs drug sensitivity data from the Cancer Therapeutics
Response Portal (CTRP) (https://portals.broadinstitute.org/ctrp) and PRISM Repurposing dataset
(https://depmap.org/portal/prism/). CTRP and PRISM have sensitivity data for 481 compounds in 835
CCL and 1448 compounds in 482 CCL, respectively. The area under the dose–response curve (AUC)
represents the sensitivity to compounds/drugs, and lower AUC means higher sensitivity.
Compounds/drugs lacking of more than 20% data were excluded. Before predicting drug sensitivity, k-
nearest neighbor (k-NN) imputation was used to identify and replace missing AUC values.

11 The Human Protein Atlas (HPA)
HPA (version: 19.3; https://www.proteinatlas.org/)[24–26] is a program that aims to map all human
proteins in cells, tissues and organs using the integration of various omics technologies, including
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antibody-based imaging, mass spectrometry based proteomics, transcriptomics and systems biology.
The tissue atlas of HPA can show the expression level of human proteins based on
immunohistochemistry, which contains 44 different tissue types. Therefore, we utilized HPA to explore the
expression levels of each optimal gene based on immunohistochemistry in colorectal cancer and normal
tissue samples.

12 Statistical analysis
Wilcoxon rank-sum test was utilized to compare the difference in two groups, whereas the Kruskal-Wallis
test was performed to compare three or more groups. Kaplan-Meier analysis was applied to evaluate the
survival differences between low- and high- risk score groups. Univariate Cox regression analysis and
multivariate Cox regression analysis were performed to determine independent indicators for predicting
OS in colorectal cancer. The ROC curves were plotted to access the predictive effectiveness of the
prognostic risk score mode and nomogram. All statistical analysis was conducted in R 4.0.0 (p < 0.05).
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Figures

Figure 1

Differentially expressed ARGs selection in the TCGA cohort. (A) The heat map of 32 differentially
expressed ARGs. (B) The result of GO enrichment analysis of differentially expressed ARGs. (C) The result
of KEGG enrichment analysis of differentially expressed ARGs. (D) Forrest plot of 8 ARGs related to
prognosis after univariate Cox regression analysis. (E) The differential expression levels of candidate
genes between normal and CRC tissue samples. (F) LASSO Cox regression analysis of 8 ARGs related to
prognosis selected 7 genes to construct a prognostic risk score model for predicting prognosis. (G)
LASSO coe�cient pro�les of the 8 ARGs with p < 0.05 as assessed by the univariate Cox regression
analysis.
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Figure 2

Prognostic value of prognostic risk score model in the TCGA cohort. (A) Kaplan–Meier curve of TCGA
cohort. (B) ROC analysis of the sensitivity and speci�city for OS prediction by the prognostic risk score
model. (C) Distribution of risk scores ranked from low to high. (D) Comparison of survival status between
low- and high- risk score groups. (E) Heat map of 7 genes selected by LASSO Cox regression analysis.
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Figure 3

The associations of risk score with clinical characteristics, the expression level of immune checkpoints,
as well as chemotherapy resistance of patients. (A) The association between risk scores and pathological
stages in the TCGA cohort. (B) The association between risk scores and AJCC-T stages in the TCGA
cohort. (C) The association between risk scores and AJCC-N stages in the TCGA cohort. (D) The
association between risk scores and AJCC-M stages in the TCGA cohort. (E) The association between risk
scores and the expression level of CEA in the TCGA cohort. (F) The association between risk scores and
expression level of PD-1 in the TCGA cohort. (G) The association between risk scores and expression level
of PD-L1 in the TCGA cohort. (H) The association between risk scores and expression level of CTLA-4 in
the TCGA cohort. (I) The association between risk scores and chemotherapy resistance in the GEO cohort.

Figure 4

The results of PCA. (A) The result of PCA before LASSO selection in the TCGA cohort. (B) The result of
PCA after LASSO selection in the TCGA cohort. (C) The result of PCA before LASSO selection in the GEO
cohort. (D) The result of PCA before LASSO selection in the GEO cohort.
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Figure 5

Comparison of enrichment analysis and immune cell in�ltration between low- and high- risk score groups.
(A) The GO enrichment analysis of genes with |log2 fold change|> 1 and FDR< 0.05. (B) Kegg enrichment
analysis of genes with |log2 fold change|> 1 and FDR< 0.05. (C, D and E) The results of GSEA. (F) The
comparison of immune cell in�ltration between low- and high- risk score groups.
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Figure 6

Protein-protein interaction (PPI) network. (A) PPI network of DEGs between low- and high- risk score
groups. (B) PPI network processed by Cytoscape; red: ARGs that expressed highly in the high risk score
group, blue: ARGs expressed highly in the low risk score group. (C) Top 10 hub genes selected by
cytoHubba.
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Figure 7

Development of a nomogram. (A) Nomogram predicting OS of patients in the TCGA cohort. (B, C, D and
E) The calibration plots of the nomogram prediction for 1-, 2-, 3- and 5-year survival, respectively. The x‐
axis is the nomogram‐predicted survival and the y‐axis is actual survival. (F) Univariate Cox regression
analysis of nomogram. (G) Multivariate Cox regression analysis of nomogram. (H) ROC curves of
independent prognostic indicators.

Figure 8

Prediction of drugs for CRC treatment. (A) Top six drugs with positive and negative coe�cients predicted
in the CTRP database. (B) Top six drugs with positive and negative coe�cients predicted in the PRISM
database.
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