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Abstract
Background: Colon adenocarcinoma (COAD) is one of the most common malignancies worldwide. Although a large number of studies have elucidated the
aetiology of colorectal cancer, the exact mechanism of colorectal cancer development remains to be determined.To identify key modules and prognostic
genes that may be involved in the occurrence and development of COAD, weighted gene coexpression network analysis (WGCNA) and differential expression
analysis were performed on datasets GSE41657 and GSE74602 from the Gene Expression Omnibus (GEO) database to screen for prognostic differentially
expressed genes. Gene expression profiles and clinical information were collected from The Cancer Genome Atlas (TCGA) database for verification.
Results: Through WGCNA and DEGs analysis, 439 genes in key functional modules were obtained, and 26 prognostic related genes were finally obtained
through prognostic analysis: (1) We screened 5 genes（RPP40, DUSP18, PPRC1, MFSD11 and PDCD11） that have not been studied in COAD.（2）We obtained
the most critical module in the occurrence and development of colon cancer and obtained one prognosis-related gene, NUP85, from the most critical
module.The relationship between it and tumor immune microenvironment was verified.（3） A prognostic model comprising four coexpressed differential genes
was constructed; TIMP1, PMM2, E2F3 and MORC2 were selected as the key prognosis-related genes.
Conclusions: （1）As new biomarkers，prognostic genes RPP40, DUSP18, PPRC1, MFSD11 and PDCD11 may be potential therapeutic targets for COAD, and
provide new ideas for future research on the mechanism of COAD. （2）NUP85 may be an immune-related gene which was negatively correlated with CD4+ T
cell and M2 macrophagesthat plays an important role in inhibiting the occurrence and development of colorectal adenocarcinoma. （3）A Cox proportional risk
model based on gene expression can be used to predict the prognosis and survival time of patients with colon cancer.

Background
According to 2018 global cancer statistics, there were nearly 1.1 million new cases of colorectal cancer (CRC) and 550,000 CRC deaths worldwide, accounting
for approximately 6% of all new cases and deaths of malignant tumours, making CRC third in morbidity and second in mortality among all cancers [1]. The
main causes of death in most colon cancer patients are insidious onset, asymptomatic progression, early lymph node metastasis and poor prognosis [2]. In
recent years, with the development of public databases, researchers have found through bioinformatics analysis that many genes are significantly
differentially expressed during the occurrence and development of colon cancer and that the regulatory mechanism of colon cancer is complex, and the
initiation and progression of colon cancer are promoted through multiple signalling pathways [3–4]. Studies have found many prognostic genes in various
human cancers, and the identification of prognostic genes based on genomic data is helpful to judge cancer prognosis and understand cancer development
[5–6]. Currently, screening for prognostic genes for colon cancer has been performed [7–9], but the prediction of key prognostic genes and the construction of
an effective and reliable prognostic gene model for evaluating the prognosis of colon cancer patients remain to be further studied.
WGCNA, as a commonly used gene module analysis technique, has been widely applied to identify and screen for molecular markers or drug targets of
complex diseases [10]. In this study, genetic changes in CRC were identified from two mRNA microarray datasets in the GEO database, and differentially
expressed genes (DEGs) between CRC and normal tissues were obtained. Through WGCNA, the most significant functional modules in the process of cancer
development were obtained, and the differential genes in the modules were screened out as research objects. Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) were used for functional enrichment analysis.The target genes were obtained through survival analysis for further study.
Potential biomarkers as new therapeutic targets were screened and a protein-protein interaction (PPI) network was constructed to analyse the associations
among DEGs. We also screened coexpressed differential genes and constructed a new multigene prognostic model to identify the risk of colon cancer death.
Log-rank test validation of the model was performed by using the relationships between gene expression and the prognosis and overall survival of patients
with colon cancer, and the correlation of the identified genes and clinical pathologic factors was evaluated to verify the predictive value of the model.

Results
Identification of DEGs
Compared with normal tissue,the analysis of GSE41657 identified 4712 DEGs consisting of 2210 downregulated genes and 2502 upregulated genes, and the
analysis of GSE74602 identified 2878 DEGs consisting of 1335 downregulated genes and 1543 upregulated genes in cancer tissue(Fig. 1A-1B).
Construction of the colon cancer coexpression network
For WGCNA analyses, all samples were included in the clusters. The soft-power threshold β was determined by the function “sft$powerEstimate”; β = 8
(GSE41657) and β = 20 (GSE74602) were selected for further analysis of colon cancer and normal conditions in the two GEO datasets, respectively (Fig. 1C;
Fig. 1F). We set the shear height to 0.25. Then, gene modules were detected based on the TOM matrix. The analysis detected twenty-one modules in
GSE41657 and five modules in GSE74602 (Fig. 1D; Fig. 1G). From the heatmap of modules and characters, it was found that the brown module (3783 genes)
in GSE41657 and the black module in GSE74602 (1690 genes) had the highest degree of correlation with colon adenocarcinoma (Fig. 1E; Fig. 1H). The
subsequent analyses screened the GSE41657_brown module and GSE74602 black module for seed genes.
Screening for co-altered genes
The overlapping differentially expressed genes of the most significant modules (GSE41657_DIFF, GSE41657_BROWN, GSE74602_DIFF and
GSE74602_BLACK) were obtained by analysis using an online Venn graphing tool. A total of 439 genes were identified (Fig. 1I).
GO and KEGG enrichment analysis of DEGs
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The R packages "clusterProfiler", "org.Hs.eg.db", "enrichplot", and "ggplot2" were used for the functional enrichment analysis of the DEGs. The results indicated
that the DEGs were mainly enriched in ‘mitotic nuclear division’ and ’organelle fission’ among BPs; ‘chromosomal region’ and ’kinetochore’ among CCs; and
‘DNA helicase activity’ and ‘ATPase activity’ among MFs. KEGG pathway analysis revealed strong enrichment in ‘cell cycle’, ’RNA transport’, ’oocyte meiosis’,
and ’cellular senescence’, among other pathways (Fig. 1J-1M).
Screening prognostic genes
The correlation of gene expression and survival traits were then analysed. A total of 379 patients had complete gene expression and survival information. The
overall survival (OS) was analysed for these genes using Kaplan–Meier survival plots. Briefly, the "survival" and "survminer" R packages were used to plot
Kaplan–Meier curves.
Only 26 (RUVBL1,RNASEH2A,MMP3,RPP40,DUSP18,CCT6A,MORC2,NCL,IL13RA2,MELK,PPRC1,CHEK1,RRP12,EPHB2,TIMP1,MFSD11,KIF15,NUP85,NAT1,TNFA
TRAP1,CDC25C,E2F3,NMB)gene from 439 differential genes were found to significantly impact survival (p<0.05) (Fig.2).
Screening for unstudied genes
Through the literature search, we found that RPP40 DUSP18, PPRC1, MFSD11 and PDCD11 gene has not yet been studied in the colonic carcinoma.Using HPA
database RPP40, DUSP18, PPRC1, MFSD11 and PDCD11 in COAD protein expression levels in the organization, and comparing with the expression level of
normal tissue.The results indicate that RPP40,DUSP18,PPRC1 and PDCD11 were significantly increased in tumor tissue compared with normal samples, while
MFSD11 was significantly down-regulated in tumor tissue.This is consistent with the differential expression data visualized through the TCGA database
(Fig.3).
PPI network and module analysis
A PPI network of the 439 identified DEGs was constructed. Fifteen significantly enriched modules were obtained using Cytoscape software . There were 32
genes in the most critical module——the red module(Fig. 4A).
R packages were also used for the functional enrichment analysis of these key genes. The results indicated that the DEGs were mainly enriched in ‘mitotic
nuclear division’, ’organelle fission’, ’microtubule cytoskeleton organization involved in mitosis’, and other functions. KEGG pathway analysis revealed strong
enrichment in ‘cell cycle’, ’oocyte meiosis’, ’RNA transport’ and other pathways (Fig. 4B-4C). The functional results of the genes in the most significant module
indicated that these genes were mainly enriched in processes associated with the cell cycle, cell proliferation and division.
Among the 32 genes, only NUP85 was associated with prognosis(Fig. 2).Therefore, NUP85 was selected as a key gene for subsequent analysis.
Further analysis of key genes using TCGA database
The expression of NUP85 in 398 COAD cancer tissues and 39 paracancerous tissues in TCGA database was analysed. The results showed that the expression
level of NUP85 in colorectal adenocarcinoma was significantly higher than that in adjacent tissues (P < 0.001, Fig. 5A). The expression level of NUP85 in
colorectal adenocarcinoma of the same patient was also significantly higher than that in adjacent tissues (P < 0.001, Fig. 5B).
NUP85 expression was further analysed by GSEA to identify activated functions and signalling pathways in colorectal adenocarcinoma. Figures were drawn
for the top 10 most important functions and pathways in GO and KEGG. The GO functional enrichment analysis results showed that the NUP85 high
expression group was enriched in gene sets such as "DNA repair", "M phase" and "cell cycle phase", while the low expression group was enriched in gene sets
such as "basolateral plasma membrane" and "extracellular matrix". KEGG pathway enrichment showed that the samples with high NUP85 expression were
enriched in the pathways 'RNA degradation', 'cell cycle', and 'nucleotide excision repair', while the low-expression group was enriched in the pathways 'Focal
adhesion' and 'ECM receptor interaction' (Fig. 5C-D).
Based on the GEPIA database analysis of NUP85 and tumor-related macrophage markers, we found that no correlation was detected between NUP85
expression with marker of M1 macrophages(NOS2), CD8+(CD8A,CD8B), CD20+(MS4A1) lymphocytes(P>0.05;Fig. 5E-H), and a significant positive correlation
was observed between NUP85 expression and marker of CD4+(CD4) lymphocytes,M2 macrophages(CD163)(P < 0.05;Fig. 5I-J).
Immunohistochemical verification
Immunohistochemical test results showed that the expression of the target gene NUP85 in colorectal cancer tissues was significantly higher than that in
normal mucosal tissues (P < 0.05; Table 1; Fig. 5K-L).
According to the NUP85 immunohistochemistry results, colorectal cancer samples were divided into a NUP85+ group and a NUP85- group. The results showed
that the expression of CD4 and CD163 in the NUP85- group was higher than that in the NUP85+ group (p<0.05). Spearman correlation analysis showed that
the expression of NUP85 was negatively correlated with CD4 positive lymphocytes and M2-type tumour-associated macrophages (TAMs) (p<0.05; Table 2; Fig.
5M-P).
Building a prognostic model
Kaplan–Meier (K–M) tests and univariate Cox analysis identified 7 prognostic differentially expressed genes from 439 differentially expressed genes with
statistically significant association with survival, among which MORC2, TIMP1, PPRC1, and E2F3 were high-risk and PMM2, NAT1, and EPHB2 were lowrisk (Fig. 6A-B).
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After multivariate Cox analysis of the above 7 genes, the TIMP1, PMM2, E2F3 and MORC2 genes were retained, and survival curves were drawn to establish a
prognostic prediction model (Fig. 2). The prognostic scoring formula was as follows: PI = 0.193×E2F3 expression level -0.253×PMM2 expression level
+0.099×MORC2 expression level +0.003×TIMP1 expression level (Table 3).
A total of 337 patients with complete clinical data were assigned to the low-risk and high-risk groups according to the median risk score calculated by the
prognostic scoring formula. The results showed that the 5-year survival rate was approximately 85% in the low-risk group and 45% in the high-risk group (P <
0.01). The 75% OS of the lower-risk group (5.2 years) was significantly longer than that of the higher-risk group (1.3 years) (Fig. 6C). Higher prognostic score
(Fig. 6D) was associated with a greater likelihood of death at any timepoint (Fig. 6E); that is, the higher the risk score, the worse the prognosis. Fig. 6F shows
the expression levels of each gene in the prognostic model in the low-risk group and the high-risk group.
Cox regression analysis of survival factors in patients with colorectal cancer and multi-indicator ROC curve were performed. Among the independent variables
included in Cox regression analysis, colorectal cancer prognostic associated gene model score was a continuous variable, and the remainder were categorical
variables. Univariate Cox regression model analysis showed that age, pathological stage, TNM stage and prognosis-related gene prognostic model score were
risk factors affecting the overall survival of colorectal cancer patients (P < 0.05, Fig. 6G). Multivariate Cox regression model analysis showed that age and
prognostic model score were independent factors influencing the prognosis of patients with colorectal cancer (P < 0.05, Fig. 6H). One-year, three-year and fiveyear survival rates were analysed by multi-indicator ROC curves, and the area under the curve (AUC) values of the ROC curve were 0.693, 0.743 and 0.808 (null
hypothesis: real area = 0.5, P < 0.05, Fig. 6I), suggesting that the COAD prediction model could be accepted.

Discussion
In the present study, DEGs between COAD and noncancerous tissues were obtained from two mRNA microarray datasets. Through WGCNA, coexpression
analysis was performed on the two datasets, the most significantly upregulated modules were selected from the intersection of the differentially expressed
genes, and 439 coexpressed DEGs were obtained.
In order to explore the possible roles of these genes in COAD, we conducted enrichment analysis of their functions and pathways.The GO and KEGG
enrichment results of 439 genes showed that these genes were mainly enriched in cell cycle, cell proliferation and division, cell senescence and other related
processes. Obviously, these are all closely related to the occurrence and development of cancer.
In order to further screen for prognostic genes that may serve as new biomarkers, we analyzed them using K-M method.Through survival analysis, 26
prognostic genes were screened out from the 439 target genes, among which RPP40, DUSP18, PPRC1, MFSD11 and PDCD11 had not been studied in
COAD.RPP40 has been mentioned in acute myeloid leukemia[15],In breast cancer, DUSP18 expression was significantly increased in patients with
Chemotherapy induced fatigue (CIF)[16]༌MFSD11 in BREAST cancer BT-474 cells leads to decreased trastuzumab sensitivity[17]༌PDCD11 positive cells from
yolk sacs regulate the differentiation of zebrafish microglia through NF-κB-Tgfβ1 pathway[18].CircRNA CIRC-PDCD11 promotes the progression of triple
negative breast cancer by enhancing aerobic glycolysis[19]༌It can be seen that these genes have been used in tumor research and play an important role in
tumor progression and drug resistance, which indicates that these genes are valuable for study in COAD.In this study, through differential expression analysis
based on TCGA database and immunohistochemical analysis based on HPA database, we infer that RPP40,DUSP18,PPRC1 and PDCD11 were significantly
increased in tumor tissue compared with normal samples, while MFSD11 was significantly down-regulated in tumor tissue༌This suggests that these five genes
may play an important role in tumor development.In addition, the high expression of RPP40, PPRC1 and PDCD11 in cancer predicted a poor prognosis,
indicating that these three genes may promote cancer, while the high expression of DUSP18 and MFSD11 in cancer predicted a good prognosis, indicating
that these two genes have the potential to become tumor suppressor genes.In conclusion, we analyzed the differential expression and prognosis of these 5
genes, and speculated that these 5 genes might play an important role in the occurrence and development of COAD, and have the potential to become new
biomarkers for COAD and potential targets for treatment of COAD.
Subsequently, protein interaction network analysis was performed to identify key functional modules and key genes in 439 genes.Preliminary screening
studies identified a total of 15 key modules, among which the most critical module contained 32 genes. The results showed that the main processes of 32
genes were also related to the cell cycle, cell proliferation and division.
After survival correlation analysis, only one gene, NUP85, was significant,and the prognosis of the high expression group was better. We further analysed the
expression level of NUP85 in colon cancer using TCGA database, and the results showed that the expression level of NUP85 in colon adenocarcinoma was
significantly higher than that in adjacent tissues, and the difference was statistically significant. The expression level of NUP85 was also significantly higher
in colorectal adenocarcinoma tissue than in adjacent tissues of the same patient. We hypothesized that when cancer occurs, NUP85 increases in cancer tissue
and inhibits tumor development.The function of NUP85 was further analysed by GSEA.Our results suggest that NUP85 may play a role in cell
proliferation,DNA replication, and mitosis, which are associated with tumor proliferation.The enrichment of NUP85 in many pathways and functions related to
the occurrence and development of cancer may provide a direction for the study of NUP85 in colon cancer.
NUP85 is also known as NUP75 and Frount protein. According to biochemistry analysis, the expression of NUP85 in cancer is higher than that in normal
tissues, and patient prognosis is better when NUP85 expression is high in cancer. Recent studies have shown that NUP85 has been used to establish a
prognostic model for gastrointestinal neoplasms [20], suggesting that NUP85 has an important role to play in gastrointestinal neoplasms.
Through a literature review, we learned that NUP85 is related to CCR2-mediated monocyte chemotaxis, and combined with the CCR2 cluster formed by Frount,
it induces the activation of PI(3)K; thus, this pathway may become a therapeutic target for chronic inflammatory immune diseases associated with
macrophage infiltration [21]. Studies have also shown that the intracellular chemokine signalling regulator Frount plays a key role in the process of

Page 4/14

macrophage promotion of tumours (lung adenocarcinoma), and it is positively correlated with tumour-associated macrophage M2 in lung adenocarcinoma
[22]. M2 macrophages play a role in promoting tumour development [23–24].Thus, NUP85 is closely associated with the immune microenvironment in cancer.
However, NUP85 and the immune microenvironment of colon cancer are rarely reported. To determine the relationship between NUP85 and immune
microenvironment of colon, we analyzed their correlations using the GEPIA database.We found that NUP85 only negatively correlated with M2 macrophage
marker and CD4 + T cell marker. To test this, we conducted immunohistochemical staining of NUP85 and the tumour-associated macrophage M2 marker
CD163 and CD4 + T cell marker CD4 in 50 samples to explore the expression of NUP85 in colon cancer and the relationship between NUP85 and tumourassociated M2 macrophages,CD4 + T cell. The results show that NUP85 expression in cancer cells is higher than that in normal tissue and is negatively related
to the presence of M2 macrophages or CD4 + T cell. The study of macrophages in colon cancer tissue mainly refers to tumor-associated macrophages
(TAMs), M2 macrophages play a role in promoting tumor [25–27]. CD4 + T cell often plays a promoting role in colon cancer, and has adverse effects on the
treatment of colon cancer[28].We speculate that when NUP85 is highly expressed, a decrease in M2 macrophages occurs, inhibiting the effect of these cells on
promoting cancer, CD4 + T cell and its adverse effect on treatment are decreased, leading to a better prognosis. However, our sample size was not sufficient to
conclusively demonstrate this association, and the specific mechanism remains to be further studied.
In addition, the present study established a prognostic model based on differential gene co-expression. We analysed coexpressed genes in key modules of
colon cancer development and used univariate Cox regression analysis, K–M tests, and multivariate Cox regression analysis to identify associated
differentially expressed risk genes associated with OS. After screening, we obtained four optimal risk differential related genes—TIMP1, PMM2, E2F3 and
MORC2. Many studies have proven that TIMP1 is a prognosis-related gene in colon cancer that plays an important role in the occurrence and development of
colon cancer and can determine the progression and metastasis of colon cancer through the FAK-PI3K/Akt and MAPK pathways [29–31]. PMM2 is also
associated with the staging and infiltration prognosis of a variety of cancers [32–34], but it has not previously been reported in colon cancer.After function
enrichment, we found that its function may be related to isomerase activity and intramoltransferase activity, which may provide insights into the mechanism
by which it can be linked to colon cancer. E2F3 is a prognostic factor closely related to the proliferation and apoptosis of colorectal cancer cells. Targeting
E2F3 can inhibit the proliferation and induce the apoptosis of colorectal cancer cells and induce the expression of E2F3 to promote the proliferation of
colorectal cancer cells[35–38]. MORC2 is also considered a candidate gene for colon cancer, and previous studies have shown that MORC2 promotes the
development of invasive colorectal cancer phenotypes by inhibiting NDRG1 [39–40].
We further constructed prognostic risk models (OS models) of genes associated with colorectal cancer and analysed the correlation between these models
and clinical indicators, demonstrating that they can provide accurate prognosis for colorectal cancer patients. Subsequently, we used TCGA data to analyse
the correlations of these four genes with clinical parameters.

Conclusion
In summary, in this study, WGCNA analysis and differential gene analysis were carried out on two GEO datasets. Received the 439 target genes we conducted
three on the basis of analysis, Firstly, we get 26 different genes, and through the analysis of the prognosis and select 5 has not been studied genes in COAD,
carries on the preliminary discussion to them, we found they could become COAD treatment of potential targets, which offers a new way for the research of
COAD.Secondly,The most important elements were the identification of key gene modules through PPI analysis and subsequent immunohistochemistry to
confirm the differential expression of the identified factor NUP85. Although NUP85 has been used to model the prognosis of gastrointestinal tumors, its role in
COAD has not been investigated, and our study complements that. We found that NUP85 function in COAD is closely associated with tumor proliferation and
progression through enrichment analysis,this provides a direction for studies of NUP85 in COAD.Moreover, this experiment proved for the first time that the role
of NUP85 in colon carcinoma may be associated with tumour M2 macrophages or CD4 + T cell, as it showed a negative correlation with the infiltration of
these cells, and a corresponding tumour inhibition effect. However, due to insufficient sample size, our study was inconclusive on this point, and this specific
mechanism remains to be further researched. Last but not least, the establishment of a multigene prognostic model can provide more accurate prognostic
evaluation and guidance than current clinicopathological indicators, reduce the waste of medical resources, guide the selection of personalized treatment
options, and enable patients to benefit from clinical practice.

Methods
Downloads from the GEO database and TCGA database
Gene expression profile data with corresponding clinical data were identified and downloaded from the publicly available GEO and TCGA databases. The gene
expression profiles of GSE41657 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE41657) and GSE74602
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE74602) were downloaded from the Gene Expression Omnibus (GEO) database. GSE41657 is an
expression profile dataset based on the GPL6480 platform that contains 88 samples, including 12 normal epithelium samples, 21 low-grade dysplasia
samples, 30 high-grade dysplasia samples and 25 adenocarcinoma samples. Normal and adenocarcinoma samples were selected for the study. The other
gene expression profile dataset, GSE74602, is based on the GPL6104 platform and contains 60 samples, specifically, 30 normal samples and 30 primary
tumour samples.
The selected TCGA (https://portal.gdc.cancer.gov/) colon cancer dataset contained 437 samples, including 398 tumour tissues and 39 corresponding healthy
mucosal tissues, and the colon cancer clinical dataset containing data from 385 tumour patients was also downloaded. It is worth noting that in this study, we
excluded special COAD samples (cystic, mucinous and serous neoplasms/complex epithelial neoplasms/complex epithelial neoplasms (NOS)) from the
TCGA database to avoid interference from this disease type.
DEGs analysis
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The series matrix files from GEO and TCGA were annotated with official gene symbols using the data table of the microarray platform, and then gene
expression matrix files were obtained. R software was used to identify the DEGs from the GEO matrix files. Log [fold change(FC)]>1 and adj. P-values <0.05
were considered to indicate a statistically significant difference.
Co-expression network construction by WGCNA
The “WGCNA” R package was used to construct two coexpression networks for all genes in colon cancer samples and normal samples in GSE41657 and
GSE74602（We removed the low-grade dysplasia samples and high-grade dysplasia samples from GSE41657）. First, the RNA-seq data were filtered to reduce
outliers. Second, the gene expression data were used to construct a network by selecting an appropriate weighting coefficient beta (soft threshold value) to
build networks of genes in the connection between the scale-free network and by using the phase relationship between genes to construct a hierarchical
clustering tree. Third, the genes were classified into expression patterns based on their weighted correlation coefficients; genes with similar patterns were
grouped into one module, and then the genes were classified into different modules through the gene expression pattern for the next analysis. Fourth, the
correlation coefficients were applied to transform the correlation matrix into an adjacency matrix and further transform it into a topological overlap matrix
(TOM)[11-12].
Finally, the Pearson correlation coefficient and P value of the module eigengene (ME) composed of each module gene and sample were calculated by the
WGCNA algorithm and their P values. The relationships between different modules and clinical traits were measured according to the Pearson correlation
coefficient, and the module with the highest correlation coefficient was selected for subsequent analysis. In this study, the most upregulated gene modules
expressed in CRC samples from GSE41657 and GSE74602 were selected.
KEGG and GO enrichment analysis of DEGs
A Venn diagram-related website (http://bioinformatics.psb.ugent.be/webtools/Venn/) was used to obtain the DEGs to construct the target genes.
KEGG is a database resource for understanding advanced functions and biological systems from large-scale molecular data generated by high-throughput
experimental techniques [13]. GO is a major bioinformatics tool for annotating genes and analysing their biological processes (BPs), molecular functions
(MFs) and cellular components (CCs) [14]. To analyse the function of the DEGs, analysis was performed using the "clusterProfiler" "org.Hs.eg.db" "enrichplot”
and "ggplot2" R packages. p<0.05 was considered to indicate a statistically significant difference. The top ten BPs, MFs, CCs and KEGG pathways were
visualized.
Screening for prognostic genes
The expression levels of target genes were extracted from the TCGA matrix file and combined with the clinical data.Overall survival analysis for the target
genes was performed using Kaplan–Meier curves in the ”survival” and ”survminer” R packages by TCGA clinical database. The log-rank test was used for
statistical analysis.
Screening for unstudied genes
Through literature search, unstudied genes in CRC were found.We downloaded the immunohistochemical images in normal and tumors intestinal mucosa
from the HPA database(https://www.proteinatlas.org/), and preliminatively discussed the expression level.
PPI network construction and identification of the most critical module
The Search Tool for the Retrieval of Interacting Genes (STRING) database (Version 11.0, http://string-db.org) was used to predict potential interactions
between candidate genes at the
protein level. A combined score of >0.7 was considered significant. Additionally, Cytoscape software (Version 3.8.2, http://www.cytoscape.org/) was utilized to
construct the PPI network. The Molecular Complex Detection (MCODE) app was used to analyse the PPI network modules (degree cut-off ≥2, node score cutoff ≥0.2, K-core ≥2 and max depth = 100).Functional pathway enrichment analysis and correlation analysis of genes in the most critical modules as
determined by PPI were carried out in R.
Key genes were screened and analyzed
A Venn diagram-related website (http://bioinformatics.psb.ugent.be/webtools/Venn/) was used to obtain the key genes through the intersection of prognostic
related genes and the most critical modules genes.Functional and pathway enrichment analysis of key genes was performed by GSEA.Key genes underwent
correlation analysis with immune markers using the GEPIA database (http://gepia.cancer-pku.cn/).
Immunohistochemistry
Primary anti-NUP85 antibodies were obtained from Proteintech (WuHan, China), anti-CD4,anti-CD8,anti-CD20 and anti-CD163 antibodies from Abcam
(Cambridge, MA, USA), DAB chromogenic kit and Enzyme- labeled goat anti-mouse/rabbit IgG polymer purchased from Beijing Zhongshan Jinqiao
Biotechnology.
Hematoxylin and eosin-stained sections of specimens from 50 patients(2019.01-2020.12) with colon cancer were collected from the Department of Pathology,
Affiliated Hospital of Binzhou Medical University Hospital, and diagnosed by two senior pathologists after a double-blind review.There were 4-6 sections of
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tumor tissue and normal tissue from each case, and the corresponding paraffin tissue with more lymphocyte infiltration sections was selected for continuous
sections.
According to the EnVision immunohistochemistry method, tissue sections were dewaxed and rehydrated, subjected to antigen retrieval under high pressure
and heat, and treated with 3% H2O2 to eliminate endogenous peroxidase activity. Then, the sections were incubated with primary antibody at the dilutions
recommended by the manufacturers (Affinity Biosciences and Abcam) in block overnight at 4 ℃. After PBS washing, the sections were incubated with
secondary antibody in block at 37 ℃ for 30 min, followed by application of the DAB chromogen kit, haematoxylin redyeing, differentiation, dehydration,
clearing, and then mounting with neutral rubber seal. As suggested by the antibody manufacturers, known positive tissue was used as the positive control, and
PBS used instead of the primary antibody was the negative control.
Two researchers who were unaware of the clinicopathological statuses of the specimens scored each section separately.NUP85,CD4,CD8,CD20 and CD163
expression in somatic cells of cancer tissues was counted: CD4,CD8,CD20 and CD163 were mainly expressed in the cell membrane or cytoplasm,NUP85 were
mainly expressed in the cell membrane, cytoplasm or nucleus, and the presence of brown-yellow diffuse staining or brown-yellow particles was scored as
positive. Ten independent fields were observed under a 400x microscope, and the 5 fields with the largest number of positive cells were selected to determine
the experimental results according to the intensity of cell staining and the proportion of positive cells: 0 for no staining, 1 for light yellow, 2 for yellow-brown,
and 3 for brown; 0 for ≤5% positive cells, 1 for 6%~25%, 2 for 26%~50%, 3 for 51%~75%, and 4 for > 75%. The two scores were multiplied to produce the final
score, and a final score of ≥4 points was considered positive.
Building a prognostic model
Clinical data were extracted from TCGA colorectal adenocarcinoma data. R packages were used to screen for prognostic genes that affect overall patient
survival. Kaplan–Meier survival curves and univariate Cox regression models were used to screen for prognostic gene status (P <0.05). Multivariate Cox
regression analysis was used to establish the prediction model and calculate the risk score (RS). Patients were then divided into high-risk and low-risk groups
with the median score as the cut-off. Kaplan–Meier survival curves were used to analyse the difference in survival between the high-risk group and the low-risk
group. Prognostic score and clinicopathological factors such as TNM stage, pathological stage, age (≤65 years vs. >65 years), sex and TNM stage were
included in univariate and multivariate Cox regression models to analyse the factors affecting the survival of patients with COAD. The receiver operating
characteristic (ROC) curve was used to evaluate the accuracy of the prognostic prediction model.
Statistical analysis
R software (v.3.6.3) and SPSS 25.0 software were used for statistical analysis. Enumeration data were analyzed by the χ2 test, the independent samples t test
was used for comparisons between two groups, and one-way analysis of variance was used for comparisons between multiple groups. The correlation of
protein expression was analyzed by the Spearman’s rank correlation coefficient, with P < 0.05 was considered statistically significant.
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Tables
Tab.1 The expression of NUP85 in colorectal cancer and normal [n (%)]
n

NUP85

Normal

50

10（20.0）

Tumor

50

27（54.0）*

*P<0.05

Tab.2 Correlation between NUP85 and immune marker in colorectal cancer
n

NUP85

CD4

r

+

-

+

29

9

20

-

21

16

5

p

-0.446

0.001*

CD163
+

-

12

17

17

4

*P<0.05

Tab.3 The prediction model of gene prognosis was established by multivariate Cox analysis
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r

P

-0.364

0.009*

Gene

coef

HR

HR.95L

HR.95H

pvalue

E2F3

0.139

1.149

1.052

1.255

0.002

PMM2

-0.253

0.776

0.623

0.967

0.024

MORC2

0.099

1.104

1.007

1.210

0.035

TIMP1

0.003

1.003

1.001

1.006

0.001

Figures

Figure 1
WGCNA analysis of GSE41657 and GSE74602 dataset.a Differential genes in GSE41657.b Differential genes in GSE74602.c Determination of soft threshold
(β) for weighted gene co-expression network analysis.d Gene cluster dendrogram.e Heat map of correlation between clinical features and module features.f-h
The figures type are the same as dataset GSE41657.i Co-expression DEGS of the most significant modules in two datasets.j-k Go barplotPval and bubble of
co-expression differential genes.l-m KEGG barplotPval and bubble of co-expression differential genes.
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Figure 2
Kaplan-Meier survival curves of 26 prognostic genes.

Page 11/14

Figure 3
Expression levels of genes in clinical tissue samples. Representative images of immunohistochemistry staining of five unstudied genes in COAD from the
Human Protein Atlas (HPA) database.

Figure 4
PPI analysis and target gene screening of co-expressed genes.a PPI network of 439 DEGs. Different colors represent different modules, and blue is the other
genes.The red module is the most important module, including 32 genes.b GO enrichment analysis of the most important module genes.c KEGG enrichment
analysis of the most important module genes.
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Figure 5
Investigating the function of NUP85 and verifying the relationship between NUP85 and the immune microenvironment.a-b Scatter plot and pair plot of gene
expression differences of key genes.c GO enrichment analysis of NUP85. d KEGG enrichment analysis of NUP85.e-j NUP85 is associated with tumorassociated macrophage markers.k The expression of NUP85 in normal tissues.l The expression of NUP85 in tumar tissues.m The expression of CD4 in CD4+T
cell.n The expression of CD8 in CD8+T cell.o The expression of CD20 in CD20+ lymphocyte.p The expression of CD163 in M2 TAM.
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Figure 6
Prognostic model.a Differential genes screened by significant.The red is the high-risk gene, and the green is the low-risk gene.b Differential genes screened by
univariate Cox and K-M.c Kaplan-Meier plotter of the high-risk and low-risk COAD patients in the training group.d Risk score distribution of COAD patients with
different risks in the training set and verification set. e Scatterplots of COAD patients with different survival status in the training set and verification set. f The
heatmap of risk genes in COAD between high-risk and low-risk patients in the training and verification sets.g Univariate COX was independent of postanalysis.h Multivariate COX was independent of post-analysis.i Timedependent ROC curves for predicting one-year, three-year, and five-year survival.
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