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Abstract
Background: Colorectal cancer (CRC) is the third most commonly diagnosed cancer worldwide. Epithelial-
mesenchymal transition (EMT) has been viewed to play a vital role in immune regulation and treatment
response shaping. EMT is associated with an invasive or metastatic phenotype in CRC and is also related
to patient prognosis and treatment responsiveness. We aimed to explore an EMT gene panel with
potential application in patient classi�cation and precise treatment and assist clinicians to generate
individualized immunotherapeutic strategies for CRC patients.

Methods: TCGA, GEO, STRING, TRRUST, TragetScan, miRTarBase, miRDB, cBioPortal, StarBase databases
were utilized in this study.

Results: In this study, EMT factors were screened in three different ways(EMT factors, EMT-related
pathways, EMT genotyping genes).And the prognosis-related modules were screened by the WGCNA
method. Then, Cox single factor regression analysis was performed on the module hub gene, combined
with multivariate Cox regression, the prognosis model was established, and the risk score of each sample
was calculated. Then the samples were divided into high-risk samples and low-risk samples according to
the risk score, and the differences in immune cell in�ltration, mutation, CNV, clinical characteristics
between high-risk and low-risk samples were compared. The risk model can effectively predict the
prognosis of samples, which is veri�ed by two external data, and it can also effectively predict the
prognosis of CRC samples in the other two digestive tract cancers (liver cancer and gastric cancer) and
has a good indication for the effect of chemotherapy treatment response and immunotherapy.

Conclusion: The prognosis model can effectively predict the prognosis of samples and may be an
effective tool for treatment guidance in CRC patients.

Background
CRC remains the third most commonly diagnosed malignancy and the third common cause of cancer-
related mortality worldwide (Siegel et al. 2021). Although the progress of diagnosis and treatment of CRC
in recent years has dramatically improved the survival rate of early colorectal cancer, the 5-year overall
survival rate of advanced colorectal cancer is still meager (Torre et al. 2015). Currently, tumor metastasis
and chemotherapy resistance are considered two critical factors contributing to the death of CRC patients
(Tsoumas et al. 2018). The tumor-node-metastasis (TNM) staging is considered the gold standard to
evaluate the prognosis of CRC patients. However, CRC patients have gained little bene�t from
immunotherapy, and the treatment effects may signi�cantly differ(Koulouridi et al. 2020). Previous
studies indicated there were few suitable scoring methods for evaluating clinical response to CRC
treatment. Hence, it is of clinical signi�cance to evaluate the prognosis of patients precisely and identify
which patients will bene�t from immunotherapy and chemotherapy.

EMT is the inevitable way of tumor metastasis. EMT is characterized by the interaction of polarized
epithelial cells with the basement membrane. During the process of EMT, epithelial cells acquire the
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characteristics of mesenchymal cells, such as lack of polarization, increased motility and invasiveness,
decreased cell-cell junctions, and chemotherapeutic resistance(Kim et al. 2017). Thus, EMT is essential
for the initial and overall rate-limiting steps of cancer invasion and metastasis. In addition to metastasis,
EMT is closely associated with chemoresistance upon chemotherapeutic treatment. Tumor cells with
chemoresistance capacity usually show a solid mesenchymal phenotype (Shah et al. 2007), and vice
versa, tumor cells undergoing EMT also acquire the capability of chemoresistance (Yin et al. 2007) .In
CRC, EMT is strongly associated with tumor proliferation, in�ltration, metastasis, tumor budding, and
drug resistance (Basu, Haase, and Ben-Ze'ev 2016). EMT is a reversible process(Jolly et al. 2015), which
offers new insight for the treatment of tumors. These �ndings suggest that the EMT plays an essential
role in CRC. Therefore, the EMT-related genes may have great potential to evaluate prognosis and guide
the treatment of CRC patients.

In this study, we proposed using the EMT-related prognostic-immunogenic risk score to predict CRC
patients’ prognosis and instruct immunotherapy and chemotherapy. The scoring system may assist
oncologists to make more e�cient and individualized therapeutic strategies.

Materials And Methods

Data Collection
We obtained the mRNA expression pro�le data and CNV information of colorectal cancer samples from
TCGA(n = 612)(https://xenabrowser.net/datapages/). The clinical information was downloaded by R
package CGDSR (chemotherapy information was downloaded by TCGAbiolinks package). The mutation
data was downloaded by R package TCGAbiolinks package(Colaprico et al. 2016). The survival
information of samples was shown in Table 1.

Table 1
Sample information table

Data source Number of samples Applications

TCGA-COADREAD 612 cancer samples Model Establishing

GSE14333 226 cancer samples Model validation

GSE38832 122 cancer samples Model validation

IMvigor210CoreBiologies 348 cancer samples Immunotherapy prediction

Besides, we downloaded 2 sets of expression pro�le data of colorectal cancer samples from the GEO
database (https://www.ncbi.nIm.nih.gov/geo/)for model validation.

Select EMT Differential Genes
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According to the PM information of colorectal cancer samples, the differences between M0 and M1 were
analyzed (451 vs 85). The differential expression genes were screened with adj. P < 0.05 as the threshold.
The R software package limma was applied to analyze the gene expression data. (Ritchie et al. 2015)

Classify Cancer samples based on EMT Differential Genes
Utilizing EMT Differential Genes to classify cancer samples, we used ConsensusClusterPlus
package(Wilkerson and Hayes 2010) for consistent clustering analysis. The distance of clustering was
Pearson, the clustering method was HC, and 100 repetitions were carried out to ensure the stability of
classi�cation.

WGCNA analysis and Identi�cation of disease hub gene
Based on the expression pro�les of EMT-related genes screened by different approaches in TCGA
datasets, weighted coexpression network analysis (WGCNA) was performed(Langfelder and Horvath
2008). The modules related to clinical characteristics and grouping were screened out, and the key
modules were screened out. The genes with module gene correlation greater than 0.5 and feature
signi�cance greater than 0.1 were considered as the core genes (Hub gene) in the module. Then the
protein interaction network of key module genes was constructed by using string database(Franceschini
et al. 2013), and the genes with more than 4 degrees of freedom were screened as hub genes in the
network. The intersection of the two hub gene sets was used as the disease hub gene.

Construction of multi-regulatory networks
We used the TRRUST database(htps://www.grnpedia.org/trrust/)to download the regulatory relationship
of TF-mRNA and identify the transcription factors interacting with the hub gene. From the TargetScan
database(http://www targetscan.org/vert_72/)to download miRNA-mRNA targeting relationship;from the
miRTarBase database (http://mirtarbase.mbc.nctu.edu.tw/php/index.php) to download miRNA-mRNA
targeting relationship. From miRDB database (http://mirdb.org/) to download miRNA-mRNA targeting
relationship. Then we screened the miRNAs that interacted with the disease hub gene in the three
databases. From the Starbase database (http:// starbase.sysu.edu. cn/) to download the targeting
relationship of lncRNA-miRNA, and identify the lncRNA that interacts with the miRNA screened above. TF-
mRNA-miRNA-lncRNA network was constructed by Cytoscape.(Han et al. 2015; Hsu et al. 2014; Li et al.
2014)

Survival analysis
Survival analysis is a method to analyze and infer the survival time of organisms or people according to
the data obtained from experiments or surveys, and to study the relationship between survival time and

https://xenabrowser.net/datapages/
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outcomes and many in�uencing factors, as well as their degree. It is also called survival rate analysis.
Here we use Kaplan Meier for survival analysis, and Log Rank Test is used to examine. We de�ne the
genes with P < 0.05 as prognostic genes related to survival.

Construction and validation of prognosis model
Firstly, we used univariate Cox regression analysis to screen the genes related to prognosis (OS), and
used multivariate Cox regression analysis to obtain the weight of key genes and construct the prognosis
model. Median or R-package survminer was used to determine the optimal threshold of high-risk and low-
risk groups. Kaplan-Meier survival analysis was used to evaluate the predictive ability of the prognostic
model, and R-package survivalROC was used to predict 1-year, 3-year, 5-year, and 10-year survival
outcomes. The risk score is the sum of the expression value of each candidate gene multiplied by the
weight.

Evaluation of the proportion of immune in�ltrating cells
CIBERSORT (https://cibersort.stanford.edu/) is a method to characterize cell composition according to
gene expression pro�le of complex tissue(Newman et al. 2015). The leukocyte characteristic gene matrix
lm22 composed of 547 genes was used to distinguish 22 immune cell types, including myeloid
subpopulations, natural killer cells, plasma cells, immature and memory B cells, and 7 T cell types. We
used cibersort combined with lm22 characteristic matrix to estimate the proportion of 22 human
hematopoietic cell phenotypes in the sample. The sum of the proportions of all estimated immune cell
types for each sample is equal to 1.

Calculation of Immune score, Matrix score and Stemness
index
In the tumor microenvironment, immune and stromal cells are two main types of non-tumor components,
and have been proposed to be valuable for tumor diagnosis and prognosis evaluation; rabbit plague
score and stromal score based on ESTIMATE algorithm can promote the quanti�cation of immune and
stromal components in tumor. We used the R package estimate to calculate the immune and matrix
scores according to the speci�c gene expression characteristics of immune and stromal cells. by
inputting the gene expression pro�les of samples.(Yoshihara et al. 2013)

CNV Analysis
GISTIC method was used to detect common copy number change regions in all samples according to
SNP6 CopyNumber segment data(Beroukhim et al. 2007). The parameters of the GISTIC method were
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set: Q ≤ 0.05 as the standard of change signi�cance; when determining the peak interval, the con�dence
level was 0.95. The sub bridge is implemented through the corresponding MutSigCV module in Gene
Pattern(https://cloud.genepattern.org/gp/pages/index.jsf),an online analysis tool developed by Broad
research institute.

Construction and evaluation of Nomogram
Alignment diagram, also known as nomograms, is based on multi-factor regression analysis, which
integrates multiple prediction indexes, and then uses the line with scale to draw on the same plane
according to a certain proportion, to express the relationship between variables in the prediction model.

To predict the 1-year, 3-year, 5-year, and 10-year survival probability, we constructed nomograms based on
multivariate analysis. R package rms is used to generate nomograms containing important clinical
features and calibration maps('rms: Regression Modeling Strategies' 2015).

Statistical Analysis
In the statistical drawing display, NS means P > 0.05, *means P < = 0.05, **means P < = 0.01, ***means P 
< = 0.001, **** means P < = 0.0001. Kaplan Meier method was used to generate survival curve for
prognosis analysis, and log rank test was used to determine the signi�cance of the difference. The R
package maftools was used to show the mutation landscape of samples(Mayakonda et al. 2018).

Results

EMT factors screening
To identify EMT differential genes, we screen differentially expressed genes between 451 M0 samples
and 85 M1 samples in the TCGA database.378 differentially expressed genes were obtained (Fig. 1,
SupplementaryTable2_DEGs_M0M1_genes.txt).

A total of 1184 EMT-related genes (EMT_genes) were identi�ed by database and literature search, and 18
among them are EMT differential genes (EMT_DE_genes). Then we uploaded the 18 EMT differential
genes to the metascape website(http://www.metascap e.org/gp/index.html#/main/step1)for KEGG and
GO pathway enrichment analysis. (Fig. 2, SupplementaryTable3_ DEEMT_matascape.txt). Then,the genes
in these signi�cantly enriched pathways were extracted and named EMT candidate gene set 1
(cd_EMT_geneset1). A total of 2431 genes were extracted (Supplementary Table
4_cd_EMT_geneset1.txt).

We screened the 18 EMT differential genes (EMT_DE_genes) to cluster the disease samples. When k = 3
(Fig. 3,A,B), the samples were divided into three groups. The three groups had signi�cant differences in
OS (Fig. 3C). According to the prognosis relationship, we combined two groups. The combined two
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groups had signi�cant differences in OS (Fig. 3D). Finally, two kinds of samples were obtained
(Supplementary Table 5 _cluster.csv)(Tekpli et al. 2019). We screen the differentially expressed genes
between the two subpopulations,544 differential genes were obtained, which were named EMT candidate
geneset2(cd_EMT_ geneset2, Supplementary Table 6_cd_EMT_geneset2.txt). The expres sion of these
genes in the two groups of samples is shown in Fig. 4A. PCA analysis of cancer samples using these
differential genes can distinguish the two types of samples to a certain extent (Fig. 4B).

WGCNA co-expression gene module analysis
Then we take and combine EMT_genes,cd_EMT_geneset1,cd_EMT_geneset2 (Fig. 5,
SupplementaryTable7_WGCNA_genelist.txt),3555 genes were obtained, of which 3386 had expression
data in TCGA-COADREAD. These genes were used for WGCNA. The results show that the co-expression
network is scale-free, that is, the log (k) of the node with connectivity K is negatively correlated with the
log (P (k)) of the node's probability, and the correlation coe�cient is greater than 0.8. To ensure that the
network is scale-free, we choose the optimal > = 4 (> 0.85, Fig. 6a).

Next, the expression matrix is transformed into an adjacency matrix, and then the adjacency matrix is
transformed into topology matrix. Based on TOM, we use the average-linkage hierarchical clustering
method to cluster genes. According to the standard of a hybrid dynamic cut tree, we set the minimum
number of genes in each gene network module to 30. After using the dynamic cutting method to
determine the gene module, we calculate the eigengenes of each module in turn, and then cluster the
modules to combine the modules close to each other into new modules, and then cluster the modules,
and merge the closer modules into new modules.

Setting height = 0.25, we get a total of 9 modules (Fig. 6B SupplementaryTable8 _module _ gene.txt).
Then we calculate the gene signi�cance value of each gene module (Fig. 6C,
SupplementaryTable9_ModuleSigni�cance.txt).The larger the GS value is, the more relevant the module is
to the phenotypic characteristics (MSI). Then the Pearson correlation coe�cient
(SupplementaryTable10_WGCNA_module_ trait.txt) between each module and MSI was calculated. The
higher, the more important the module is (Figure.6D). The lines in Fig. 5D represent each module, the list
shows the phenotypic characteristics of the sample, and the red to blue indicates the correlation. The
coe�cient decreases from high to low. The number in each cell indicates the correlation coe�cient
between the gene module and the phenotypic characteristics of the sample, and the number in brackets
indicates the signi�cance P value.

From the results of the above two analysis modules and phenotypic correlation methods, we �nally
selected green and yellow as the key modules. The two model genes were used to construct a protein
interaction network (Fig. 7A, Supplementary Table 11_ppi.txt and Supplementary Table
11_ppi_node.txt).When the degree of freedom was more than 4, 296 core genes were screened. At the
same time, according to module membership (MM) > 0.5 and gene signi�cance (GS) > 0.1, 86 core genes
were screened out from these modules (Fig. 7BC). The intersection of the two genes contained 51 genes,
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which were considered disease hub genes (Fig. 7D). Besides, we have also constructed a multi-factor
regulatory network using these disease core genes. The results are shown in Fig.
8(SupplementaryTable12_edge.txt and Supplementary Table 12_node.txt).

Construction of a prognosis-predicting model
Univariate Cox regression analysis of the above 51 genes showed that 5 genes were signi�cantly
correlated with prognosis (pvalue < 0.05,SupplementaryTable13_cox Result. txt). Among them, there are
three EMT genes (BCL2L1,CXCL9,C5AR1). Figure 9 shows the four genes most signi�cantly associated
with prognosis (Fig. 9ABC shows EMT gene, Fig. 9D shows non-EMT gene).

The results of single-factor Cox analysis of these �ve genes are shown in Fig. 10A. We further used
multivariate Cox regression analysis to calculate the weight of these �ve key prognostic genes and
constructed a prognostic model (SupplementaryTable14_mu lti _coef _ gene.txt)

By weighting the expression of these �ve genes with the regression coe�cient, a risk score model was
established to predict the survival of patients :

Risk score = BCL2L1 expression level * ( 0.0881) + CXCL9 expression level * (− 0.1451) + C5AR1
expression level * (0.1331) + RGS19 expression level * (0.2672) + VAV3 expression level * (− 0.1024)

We calculated the risk score of each patient and divided all samples into a high-risk group and low-risk
group according to the median risk score(SupplementaryTable15_ riskscore_ group.txt).There was a
signi�cant difference in the prognosis between the two groups (Fig. 11D). Besides, we also used the
model to predict the 0.5-year, 1-year, 3-year and 5-year survival of patients, and the predictive ability was
good (Fig. 1E).

Model validation
To verify the model, we analyzed another two sets of public data sets (GSE14333, GSE38832).(Martinez-
Romero et al. 2018)

For the �rst set of GSE14333, all samples were divided into a high-risk group and a low-risk group
according to the median risk score (SupplementaryTable16_ GSE14333 _ riskscore_group.txt). There was
a signi�cant difference in the prognosis between the two groups (Fig. 12D). We also used the model to
predict the 1-year, 3-year, 5-year, and 10-year survival of patients, with a good predictive ability (Fig. 12E).

For the second set of data GSE38832, patients were divided into a high-risk group and low-risk group
according to the median cut-off, and there was also a signi�cant difference in prognosis between the two
groups (Fig. 12I, Supplementarytable 16 _ GSE38832 _ riskscore_group.txts).The model was used to
predict the 1-year, 3-year, 5-year, and 10-year survival of patients, and the prediction ability was also good
(Fig. 12J).



Page 9/38

On the other hand, we also analyzed the stability of the prediction model in clinical features. The results
show that in the age (Fig. 13A, B), N stage (Fig. 13C), M stage (Fig. 13D), T stage (Fig. 13E), and stage
(Fig. 13FG), there are still signi�cant differences in the prognosis between high-risk and low-risk groups in
these strati�ed samples of clinical characteristics. Clinical information can be seen at Supplementary
Table 17 _clin _infor.txt.

We also selected digestive system cancers (Esophageal cancer, Liver cancer, Gastric cancer, and
Pancreatic cancer) from TCGA data, and analyzed the pan-cancer model according to the expression
pro�le data of these cancers. In other words, the expression pro�le data of these cancers were used to
score the risk model, and the optimal cutoff value was obtained according to the R package survminer.
Then the samples were divided into high-risk and low-risk groups, and the prognosis difference (OS)
between the two groups was compared. The results show that the model is effective in HCC and GC, and
the samples can be divided into two subgroups with a signi�cant difference in prognosis. Cox regression
analysis results of the risk score in each cancer are shown in SupplementaryTable18.

Correlation analysis of the risk score
Furthermore, we compared the differences of risk scores in clinical feature groups (colon cancer/rectal
cancer, left and right colon cancer, stage, lymphatic invasion or not, TNM stage, perineural invasion or not,
venous invasion or not, age and gender). The results showed that there were signi�cant differences in risk
scores in Stage, PT, PN, and PM stage groups (Fig. 15CEFG)

At the same time, we hope to study the correlation between innate immune escape mechanisms and risk
score further. The innate immune escape of tumors indicates that tumor cells directly mediate their
immune escape. Some potential determinants of tumor immunogenicity were compared between high
and low-risk groups, including mutation load, homologous recombination defect (HRD), neoantigen load,
and level of chromosomal instability (Supplementary Table 19 _ publicinfor.txt). The results showed that
the risk score was positively correlated with chromosome instability level, homologous recombination
defect score and stemness index. We obtained Immune characteristics from GDC
(https://gdc.cancer.gov/about-data/publications/panimmune), HRD score from TCGA_ DDR_ Data_
Resources.xlsx.(Knijnenburg et al. 2018)

Besides, we use the CIBERSORT method combined with the LM22 characteristic matrix to further
estimate the difference of immune in�ltration of 22 immune cell types in high-risk and low-risk groups.
The results show that some immune cells have signi�cant differences between high-risk and low-risk
groups (Fig. 17, SupplementaryTable20).Then we look at the distribution of stromal score, immune score,
and tumor purity among the risk groups, and �nd that the three have a signi�cant difference in the high
and low-risk groups (Figure.18,SupplementaryTable21_estimat e.txt).

To further explore the differences between high and low groups, we analyze the differences of somatic
mutations between high and low groups. Figure.19AB shows the distribution of common mutations in
CRC in two groups. Figure.19CD shows the distribution of copy number variation regions of CRC in two
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groups of samples. Figure 19E shows that there is no signi�cant difference in the frequency distribution
of CNV between high and low-risk groups (P = 0.72).

Comparative analysis between risk score and
immunotherapy and other cancer treatments
To study the effect of immunotherapy in high and low-risk groups, we used the IMmvigor210Cor
eBiologies dataset (348 samples, of which 298 samples had immunotherapy results, only 168 samples of
bladder tissue without unknown response) to calculate the risk score of each sample. According to the
threshold, 168 samples were divided into high and low groups. The two groups also had signi�cant
differences in prognosis (SupplementaryTable22_IMvigor 210.txt), and there were signi�cant differences
in risk scores among different treatment groups (Fig. 20).

To evaluate the prediction of risk score on chemotherapy effect, we downloaded the chemotherapy data
of CRC samples. The results showed that there was a signi�cant difference in chemotherapy effect
between high and low groups, and the signi�cance of Fisher's exact test was 0.0476 (Fig. 21A). Moreover,
there were signi�cant differences in risk scores among different groups (Fig. 21B). The risk score was
used to predict the response to hormone therapy. The measure of the area under the ROC curve is
0.67(Fig. 21C).

Furthermore, we estimated the IC50 values of drugs according to the expression pro�le by using R packet
pRRophetic(Paul et al. 2014), and compared the differences of IC50 values of these drugs between the
high-risk group and low-risk group. The results showed that there were signi�cant differences in IC50
between the high-risk group and the low-risk group (Fig. 22).

Independent prognostic factor analysis and nomogram
construction of Risk Score
To test whether the prognostic model is an independent prognostic factor for colorectal cancer patients,
we �rst used univariate Cox analysis and found that Age, PT, PN, PM, stage, and risk score were
signi�cantly correlated with OS (SupplementaryTable24_cox_ clin.txt). By combining risk score and
clinical characteristics. Multivariate Cox analysis showed that age, PT, PM, PN, and Risk scores were
signi�cantly correlated with OS (Fig. 23, SupplementaryTable24 _ multicox_ clin.txt).

Finally, to provide clinicians with a quantitative method to predict the prognosis of patients with
colorectal cancer, we constructed a prognostic model and nomograms of clinical risk factors, and
combined with risk score and clinical characteristics, the predictive effect of the model can be improved
to 0.79 (Fig. 24)

Discussion
Recent studies showed that the trend towards CRC is getting younger, and the 5-year survival rate of CRC
was only 20%, indicating that precise therapy for CRC patients needs to be improved (Franke et al. 2019;
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Siegel et al. 2017). With the development of research, we gain a deeper understanding of the biological
and molecular characteristics of CRC. Previous studies indicated that EMT genes were associated with
features of cancer progression, including metastasis and chemotherapeutic resistance(Huang et al.
2013). Moreover, the comprehensive analysis of EMT and gene expression data can better predict the
prognosis of tumor patients. At present, studies on EMT and CRC are many. Interestingly, most of the
current studies focus on the molecular mechanism of CRC progress and drug resistance, and few studies
focus on the clinical application. Hence, a new prognostic assessment model is required to guide clinical
assessment and individualize treatment. The development and progression of tumors involve the process
of a complex regulatory network. Compared with a single biomarker, integrating multiple biomarkers into
a model could better assess the prognostic value (Ng et al. 2016). Thus, we construct a prognostic-
immunogenic model based on �ve EMT-related genes and provide a comprehensive prospect for basic
research and clinical applications.

In this study, we comprehensively analyzed the implications of EMT-related genes in CRC. We screened
EMT factors through three pathways from CRC samples and used different statistical analyses based on
EMT genes' mRNA expression pro�les data. Finally, �ve genes were identi�ed associated with CRC
prognosis (BCL2L1, CXCL9, C5AR1, VAV3 and RGS19), which were selected to develop a prognostic score
model and validated the model in the external testing set. The results showed that the prognostic score
was signi�cantly associated with the OS of CRC patients and demonstrated that CRC patients, HCC and
GC patients in the high-risk group have signi�cantly poorer survival than those in the low-risk group. We
further revealed that the risk score of prognostic signature could serve as an independent indicator of
patient survival without the effect of age and TNM stage. Besides, we have also constructed a multi-
factor (TF-mRNA-miRNA-lncRNA) regulatory network using these disease core genes. In addition, we
analyzed the effect of immunotherapy and evaluated the prediction on chemotherapy effect in high and
low-risk groups, and there were signi�cant differences. Therefore, the risk model is very effective for
instructing the application of immunotherapy and chemotherapy. Also, the correlation between innate
immune escape mechanisms and risk score was further analyzed. The results showed that the risk score
was positively correlated with chromosome instability, homologous recombination defect score, and
stemness index. Moreover, the nomogram was generated to provide clinicians with quantitative methods
to predict CRC patients' prognoses. However, there is no signi�cant difference in the distribution of CNV
frequency between high-risk and low-risk groups. To further analyze, large sample sizes may be needed.

Among these �ve essential genes, three are EMT genes (BCL2L1, CXCL9, C5AR1), and two are non-EMT
genes (RGS19, VAV3). BCL2L1, which belongs to the family of Bcl-2 proteins, is a crucial apoptosis
regulating gene that codes for both an anti-apoptotic (Bcl-x(L)) and a pro-apoptotic(Bcl-x(S)) splice
variant(Schwerk and Schulze-Osthoff 2005). Overexpression of Bcl-xL contributes to apoptosis
resistance, resulting in improved survival of malignant cells, contributing to the development of tumor
metastasis and a poor response to chemotherapy. Recently, a study has found that cell survival in poorly
and moderated-differentiated CRC cell lines could be modulated via BCL2L1(Lizárraga-Verdugo et al.
2020), which might provide a new therapeutic target for CRC treatment. CXCL9, known as monokine
induced by gamma-interferon (MIG), is a potent inhibitor of angiogenesis(Szekanecz and Koch 2001).
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Overexpression of the CXCL9 resulted in inhibiting tumor progression and metastasis via a decrease in
tumor-derived vessel density. Conversely, CXCL9 can promote cell migration and epithelial-mesenchymal
transition (Shi and Lundqvist 2020). We observed a signi�cant positive correlation between survival
probability and expression level of CXCL9, which means there could be more unknown mechanisms in of
CXCL9 in CRC progression. C5aR1 (complement C5a receptor 1) is a protein-coding gene. C5aR1
signalling plays a crucial role in colitis-associated colorectal tumorigenesis by modulating the cellular
and molecular immune responses. In vivo studies show that C5a interacting with C5aR1 augments tumor
metastasis of colon cancer(Piao et al. 2015). Blockade of C5aR1 signalling may represent a promising
approach to preventing colorectal tumorigenesis. VAV3(Vav guanine nucleotide exchange factor 3)
protein levels were signi�cantly correlated with the depth of invasion, the nodal status, distant
metastasis, the stage, and poor disease-free survival(Uen et al. 2015). Patients with advanced-stage CRC
with VAV3 overexpression had poorer survival rates than those without VAV3 overexpression, indicating
that VAV3 targeting may represent a potential modality for treating CRC [35]. The detailed molecular
mechanism of VAV3 in the development of CRC is still not well known. To further identify, extensive
researches are needed. RGS19 (regulator of G-protein signalling 19), also known as Ga-interacting protein,
is located in the cytogenetic region 20q13.33. Previous studies suggest that its overexpression promotes
cell proliferation in several mammalian cell types, and it is proved to deregulate cell proliferation via
multiple pathways(  and  2014). At the same time, none of the known functions of RGS19 is directly
related to the mechanism of CRC. We observed a signi�cant negative correlation between the expression
level of RGS19 and patients’ survival time. Therefore, RGS19 may be a novel CRC biomarker, and further
experiments are required to validate this �nding.

In summary, compared with previous studies based on EMT-related genes in other cancers, we analyzed
the EMT landscape in CRC patients and proposed a prognostic-immunogenic EMT-related scoring
system. Furthermore, there was a higher predictive performance with OS of CRC patients of our
prognostic signature, and the model function was more stable, more diversi�ed. Nevertheless, we
acknowledge some possible limitations in our study. Firstly, the development and evaluation of the
prediction model are based on public datasets. To further con�rm the model, a large sample, multicenter
and prospective clinical cohort may be needed in the future. Secondly, to further verify the biological
mechanism behind the value of these genes, many studies are needed. In any case, our results show
signi�cant differences in prognosis and therapy response between high and low score samples, which
could improve CRC-EMT immunogenic comprehension and be applied in clinical practice.

Conclusion
In this study, we developed an EMT-related prognostic and immunogenic signature after systematical
analysis, which can effectively predict the prognosis and instruct precise treatment for colorectal cancer
patients. Oncologists can bene�t from better knowing the prognosis of colorectal cancer patients and
their possible response to chemotherapy and immunotherapy. The signature can be a solid
supplementary to strengthen the ability of the AJCC staging system, which may provide insights into the
development of new immune biomarkers and targeted therapies.
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Figure 1

Differential gene analysis of M0 sample and M1 sample (A: differential gene analysis diagram; B:
Differential gene expression (Heatmap) (Created by the authors).
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Figure 2

Gene enrichment analysis (Enrichment pathways clustered into ten categories according to functional
correlation) (Created by the authors).
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Figure 3

Consistent clustering results (A: Consistent clustering heat map; B: Relative change of area under CDF
curve; C-D: Kaplan Meier survival curve) (Created by the authors).



Page 20/38

Figure 4

Analysis of differential genes between two subgroups (A: heat map of differential gene expression; B:
Differential gene (PCA analysis) (Created by the authors).



Page 21/38

Figure 5

Candidate gene set for WGCNA analysis. (Created by the authors).
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Figure 6

WGCNA co-expression module mining (A Analysis of network topology for various soft-thresholding
powers B Gene dendrogram and module colors C: GS mean error diagram of gene module; D: Module
feature correlation) (Created by the authors).
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Figure 7

Disease hub gene mining (A: module gene protein interaction network; BC: mm and GS distribution of
green and yellow module genes; D: Hub gene (Wayne diagram) (Created by the authors).



Page 24/38

Figure 8

Multi factor regulatory network (purple is transcription factor, green is mRNA, blue is miRNA and red is
lncrna; Node size is positively correlated with degree) (Created by the authors).
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Figure 9

Four genes related to survival (BCL2L1,CXCL9,C5AR1,RGS19) (Created by the authors).
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Figure 10

Construction of prognostic model (A: forest map of univariate analysis results of 5 genes; B: Weight of 5
genes) (Created by the authors).
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Figure 11

Prognostic model predictive e�cacy (ABC: survival analysis triple chart; D: Km curve of high and low risk
groups; E: ROC curve) (Created by the authors).
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Figure 12

Predictive e�cacy of common data prognostic model (ABC and FGH: survival analysis triple chart; D and
I: km curve of high and low risk group; E and j: ROC curve) (Created by the authors).



Page 29/38

Figure 13

Model stability analysis (Created by the authors).
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Figure 14

Model pan cancer analysis results (ABCD: KM curves of esophageal cancer, liver cancer, gastric cancer
and pancreatic cancer respectively). E: Model scoring (forest map) (Created by the authors).
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Figure 15

Distribution of risk scores in grouped samples of clinical characteristics (the statistical method is
Wilcoxon test). Where NS indicates P > 0.05, * indicates P < = 0.05, ** indicates P < = 0.01, *** indicates P
< = 0.001, **** indicates P < = 0.0001) (Created by the authors).
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Figure 16

Pearson correlation between risk score and mutation load, homologous recombination defect (HRD),
neoantigen load and chromosome instability level (mutLoad_ nonsilent mutLoad_ Silent shows the
mutation load, CNA_ frac_ Altered, ntai score, LSTM score and LOH score show the level of chromosome
instability, HRD_ Score shows a homologous recombination defect, SNV_ Neoantigen shows neoantigen
load and mrnasi shows stemness index) (Created by the authors).
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Figure 17

Analysis of immune cell in�ltration (the statistical method is Wilcoxon test). Where ns indicates P > 0.05,
* indicates P < = 0.05, ** indicates P < = 0.01, *** indicates P < = 0.001, **** indicates P < = 0.0001
(Created by the authors).
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Figure 18

Differences of immune score, stromal score and tumor purity in high and low risk groups (stromal score,
immune score and tumor purity are shown respectively) (Created by the authors).

Figure 19

Mutation and CNV analysis (AB: high and low subtype mutation; CD: high and low subtype CNV
respectively; E: Distribution of copy number variation frequency) (Created by the authors).

Figure 20
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Effect analysis of immunotherapy (A: there was signi�cant difference in prognosis between high and low
risk groups; B: The distribution of high and low group samples in immunotherapy; C: Distribution of risk
scores in different immunotherapy response groups)

Figure 21

Analysis of chemotherapy effect (A: distribution of high and low group samples in chemotherapy effect;
B: The distribution of risk scores in different chemotherapy response groups; C: ROC curve of risk score
for prediction of chemotherapy effect)

Figure 22

Distribution of drug IC50 in high and low risk groups(Doxorubicin, Vinblastine, Mitomycin .C, Cisplatin,
Sorafenib) (Created by the authors).
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Figure 23

Univariate and multivariate cox regression analysis (Created by the authors).



Page 37/38

Figure 24

Nomogram construction and visualization (A: nomogram for predicting 1 -, 3 -, 5 -, and 10-year survival; B:
Risk score model and ROC curve of age, Pt, PN, PM, stage and risk score for predicting survival rate in
different years; CDEF: calibration chart)
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