MBE, 18(6): §8997-9015.

&ﬁ DOI: 10.3934/mbe.2021443
Received: 11 August 2021
%héqs Accepted: 25 September 2021
R Published: 19 October 2021

http://www.aimspress.com/journal/MBE

Research article

Identification of potential biomarkers with colorectal cancer based on
bioinformatics analysis and machine learning

Ahmed Hammad'!?, Mohamed Elshaer!'* and Xiuwen Tang!*

1 Department of Biochemistry and Department of Thoracic Surgery of the First Affiliated Hospital,

Zhejiang University School of Medicine, Hangzhou 310003, China

Radiation Biology Department, National Center for Radiation Research and Technology, Egyptian
Atomic Energy Authority, Cairo 13759, Egypt

Labeled Compounds Department, Hot Labs Center, Egyptian Atomic Energy Authority, Cairo
13759, Egypt

* Correspondence: E-mail: xiuwentang@zju.edu.cn; Tel: +0086(0)57188981270;
Fax: +0086(0)57188208266

Abstract: Colorectal cancer (CRC) is one of the most common malignancies worldwide. Biomarker
discovery is critical to improve CRC diagnosis, however, machine learning offers a new platform to
study the etiology of CRC for this purpose. Therefore, the current study aimed to perform an integrated
bioinformatics and machine learning analyses to explore novel biomarkers for CRC prognosis. In this
study, we acquired gene expression microarray data from Gene Expression Omnibus (GEO) database.
The microarray expressions GSE103512 dataset was downloaded and integrated. Subsequently,
differentially expressed genes (DEGs) were identified and functionally analyzed via Gene Ontology
(GO) and Kyoto Enrichment of Genes and Genomes (KEGG). Furthermore, protein protein interaction
(PPI) network analysis was conducted using the STRING database and Cytoscape software to identify
hub genes; however, the hub genes were subjected to Support Vector Machine (SVM), Receiver
operating characteristic curve (ROC) and survival analyses to explore their diagnostic values.
Meanwhile, TCGA transcriptomics data in Gene Expression Profiling Interactive Analysis (GEPIA)
database and the pathology data presented by in the human protein atlas (HPA) database were used to
verify our transcriptomic analyses. A total of 105 DEGs were identified in this study. Functional
enrichment analysis showed that these genes were significantly enriched in biological processes related
to cancer progression. Thereafter, PPI network explored a total of 10 significant hub genes. The ROC
curve was used to predict the potential application of biomarkers in CRC diagnosis, with an area under
ROC curve (AUC) of these genes exceeding 0.92 suggesting that this risk classifier can discriminate
between CRC patients and normal controls. Moreover, the prognostic values of these hub genes were
confirmed by survival analyses using different CRC patient cohorts. Our results demonstrated that
these 10 differentially expressed hub genes could be used as potential biomarkers for CRC diagnosis.



8998

Keywords: hub genes; PPI; gene microarray; colorectal cancer; AUC; biomarkers

Abbreviations: CRC: Colorectal cancer; GEO: Gene expression omnibus; DEGs: Differentially
expressed genes; GO: Gene ontology; KEGG: Kyoto enrichment of genes and genomes; PPI: Protein
protein interaction; SVM: Support vector machine; ROC: Receiver operating characteristic curve;
GEPIA: Gene expression profiling interactive analysis; AUC: Area under ROC curve; DAVID: The
NIH database for annotation, visualization and integrated discovery; HPA: The human protein atlas;
IHC: Immunohistochemistry; MYH11: Myosin-11; IGF1: Insulin-like growth factor 1; CLU: Clusterin;
FOS: FBJ murine osteosarcoma viral oncogene homolog; MYL9: Myosin regulatory light polypeptide
9; CXCL12: Chemokine (CXC motif) ligand12; LMODI: Leiomodin 1; CNNI: Calponin 1;
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1. Introduction

Colorectal cancer is one of the most common malignancies worldwide [1], and the third common
cancer worldwide, with more than 1.2 million new cases diagnosed annually [2]. In 2015 in China,
there were about 376,000 of new CRC patients and 191,000 one of CRC death, accounting for the fifth
of malignant tumor incidence and mortality [3]. While there has been significant progress in improving
the diagnosis of CRC, the disease is often diagnosed at an advanced stage. Furthermore, several
biomarkers including KRAS and BRAF that can be used to detect CRC, but these biomarkers are not
sufficiently sensitive or specific [4]. Consequently, there is an urgent need to explore efficacious
biomarkers for an early diagnosis of CRC.

Transcriptome analysis of high-throughput sequencing such as microarrays and RNA sequencing
has been considered as a promising tool in cancer research to identify pathways and genes for candidate
prognostic and diagnostic biomarkers [5—8]. Moreover, these biomarkers may bring a breakthrough in
improving the prevention and treatment of CRC [9-13]. Recently, bioinformatic analysis of gene
expression data explored potential gene biomarkers for CRC [8,9,14-16], however sometimes the
results of bioinformatics are inconsistent in behavior [17,18]. In this context, the integration of machine
learning techniques with bioinformatic methods can provide consistent results and enhance training
and validation of CRC biomarkers [17-20]. Moreover, large lists of DEGs have been identified in
CRC from microarray datasets; however, the involvement of the DEGs in the molecular mechanisms
and signaling networks related to CRC progression are not fully understood [21]. More recently,
machine learning tools such as ROC and SVM are recently used to evaluate the diagnostic efficacy of
newly discovered biomarkers in different types of diseases, including cancers [22].

Support vector machine (SVM), a kernel algorithm, is widely applied in bioinformatics due to its
high accuracy, and has the ability to identify the multivariate statistical properties of data that
discriminate between two different groups [23]. SVM can draw an optimal hyper-plane in a high
dimensional feature space that defines a boundary that maximizes the margin between data samples in
two classes. Recently, several biomarkers were predicted using SVM model that was able to
distinguish normal samples from those of CRC patients [24-26]. We have been used these tools in our
study to explore the diagnostic value of biomarkers for CRC.

Recent studies have highlighted the prognostic value of different DEGs in CRC [27,28]. However,
these studies have produced varied results, potentially due to the different analysis methods used. In
addition, evaluation of the prognostic value of the DEGs using machine learning tools in CRC is still
lacking. Furthermore, the enrichment pathways, Gene Ontology (GO) functions and the interaction
network of the DEGs remain to be clarified. Therefore, in this study, we used bioinformatics and
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machine learning methods to analyze key genes for CRC based on publicly available databases and
verified the diagnostic values of the candidate genes.

2. Material and methods
2.1. The GEO dataset and data processing

The gene expression microarray GSE103512 dataset was downloaded from GEO and analyzed
as described in Figure 1. The GSE103512 series (GPL13158 platform, [HT HG-U133 Plus PM]
Affymetrix HT HG-U133+ PM Array Plate) included a total of 69 samples (57 colorectal cancers with
12 normal samples). Probe symbols were converted into gene symbols using the R statistical software
package (www.r-project.org). When multiple probes corresponded to a single gene, mean expression
was used. Samples were extracted from tumor (CRC adenocarcinomas) or adjacent normal tissue, and
then formalin-fixed and paraffin embedded. Total RNA was extracted using High Pure FFPET RNA
Isolation Kits. Hybridization was performed using GeneTitan Hybridization, Wash and Stain Kit.
During data processing, the CEL files were normalized and summarized into probe-set values using
RMA normalization.

GEO dataset
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Figure 1. Flow chart for bioinformatics analysis of colorectal cancer (CRC) samples.
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2.2.  DEG identification

Analyses of the dataset (GSE103512) was performed via the R statistical software package [29].
The cutoff criteria were [log2 fold change (log2 FC) | > 1.5 and P-value < 0.05. A fold change (FC) of
gene describes the ratio between the gene expression values for cancer and normal.

2.3.  DEG enrichment analyses

GO terms (http://www.geneontology.org/) for gene sets were collected using the Database for
Annotation, Visualization and Integrated Discovery (DAVID) web tool [30]. Kyoto Enrichment of
Genes and Genomes (KEGQG) analysis was performed using the KOBAS (Version 3.0) web tool
(http://kobas.cbi.pku.edu.cn/) [31]. These tools provide a functional interpretation for large gene lists
derived from genomic studies. A Benjamini P-value < 0.05 was used in the analysis.

2.4.  Protein-protein interaction networks

To further investigate the molecular mechanism of DEGs in the CRC and the interactive
associations between DEGs, the genes were used to construct a PPI network with the biological
online database tool Search Tool for the Retrieval of Interacting Genes, (STRING, http://stringdb.
org) [32]. A combined score > 0.4 (high confidence score) was considered significant, and then
the PPI network was visualized via Cytoscape software (Version 3.5.1) [33]. The hub
genes/proteins, a small number of crucial nodes for the protein interactions in the PPI network,
were chosen with a centrality degree > 5. Degree centrality quantifies the number of neighbours to
which a node directly connects

2.5.  Clustering analyses

The expression profiles of DEGs and hub genes in all cases (cancer and normal) were determined
using heatmaper [34].

2.6.  Evaluation of diagnostic biomarkers

SVM is a supervised learning algorithm capable of solving complex classification problems.
SVM is based on the structural risk minimization principle from statistical learning theory [35]. A set
of positive (CRC) and negative (normal) examples can be represented by the feature vectors x i (i=1,
2, .... N) with corresponding labels yi € {+1,-1}. To classify the data, the SVM trains a classifier by
mapping the input samples onto a high-dimensional space using a kernel function, followed by seeking
a separating hyperplane that differentiates the two different classes with maximal margin and minimal
error [36-38]. In this study, we applied the re-sampling technique to solve the class imbalance problem
and to enhance classification performance of our model. Generally, re-sampling of the data can be
performed through adding data to the minority class (over-sampling) and deleting some of the data
from the majority class (under-sampling), however oversampling was preferred over under-sampling
to minimize information loss [39]. Therefore, we applied oversampling via the smotefamily package
in R in this study to make a balance between the number of tumors and normal samples.

Furthermore, SVM analysis was performed via the e/07] package in R to explore diagnostic
biomarkers of CRC [40,41]. In brief, the gene expression data is split into two sets: Training set and Test
set. Training set is used to train the classifier. Test set is used to estimate the performance of the developed
system. The SVM classifier was subsequently established to predict cancer based on the expression levels.
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The other dataset (GSE128435) was used to further verify the results of the SVM classifier and the
predictive value of these biomarkers. Subsequently, ROC curve analysis was applied to evaluate the
specificity and sensitivity of the SVM prediction model. The AUC values were determined to evaluate the
performance of the established SVM classifier. Thereafter, we used easyROC: a web-tool for ROC curve
analysis (Version 1.3.1) to identify the AUC value for each gene and separately determine the diagnostic
accuracy of each marker [42]. The discrimination power of biomarker panels is assessed by ROC curve
analysis which combines sensitivity and specificity of a given marker for diagnostic test evaluation which
ranges from 0.5 (no discriminating power) to 1.0 (complete separation).

2.7.  Validation of biomarkers gene expression

The expression levels of hub genes in CRC and normal cases were verified via using GEPIA
(http://gepia.cancer-pku.cn/), a database of data retrieved from the UCSC Xena server, which includes
9736 tumor samples and 8587 normal samples. P-value < 0.05 indicated statistically significant
differences [43]. The human protein atlas (HPA) database (https://www.proteinatlas.org/) was used to
confirm the protein expression level of biomarkers in CRC tissues using the immunohistochemistry
(IHC) staining data. Furthermore, the correlation between hub gene expression and CRC clinical stages
was performed via GEPIA datasets.

2.8.  Survival analysis

The survival analyses of biomarkers were performed by PROGgeneV2 Prognostic Database with
different CRC cohorts [44].

2.9.  Statistical analysis

Statistical analyses were performed with the statistical software R [29]. Student’s t-test was used
to compare two groups. A value of P-value < 0.05 was considered statistically significant.

3. Results
3.1.  Identification of DEGs

The gene expression microarray provides an opportunity to simultaneously analyze large sets of
genes and identify differences between molecular pathways of CRC tissue and normal tissue. We
analyzed the profiles of DEGs in diseased and normal samples following the cutoff criteria fold-change
[logFC| > 1.5 and P-value < 0.05. After processing the gene expression profile, which contained 2,740
genes, we identified a total of 105 DEGs with 17 upregulated and 88 downregulated genes (Figure 2).
A full list of genes and fold changes for DEGs is reported in Supplementary Table S1
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Figure 2. Identification of differentially expressed genes (DEGs). A: Box plots of the mean
expression for each case in the dataset. Box plots generated from normalized microarray
measurements. X-axis: individual samples grouped into tumor (red) and normal (blue); Y-
axis: expression intensity values. B: Expression heatmap for DEGs. Relative gene
expression values are presented from low relative expression (blue) to high relative
expression (red) on a color scale (-4.0 to 4.0). Color intensity is proportional to the relative
expression value of each gene. Rows contain gene expression data, and columns contain
samples (normal vs. tumor). C: Volcano plot showing the magnitude of differential
expression between tumor and normal samples. Each dot represents one gene that had
detectable expression in both tissues. Blue dots represent downregulated genes with
log2FC < -1.5 and P-value of 0.05. Red dots represent upregulated genes with log2FC >
1.5 and P-value of 0.05.
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3.2, Molecular pathways associated with DEGs

The GO analysis data indicated that the DEGs were markedly enriched in biological processes,
including complement activation, positive regulation of B cell activation, phagocytosis, B cell receptor
signaling pathway, immune response, defense response to bacterium, proteolysis, and innate immune
response (Figure 3A), while, the KEGG analysis exhibited that the DEGs were significantly enriched
in vascular smooth muscle contraction, systemic lupus erythematosus, arachidonic acid metabolism,
complement and coagulation cascades, alcoholism, transcriptional misregulation in cancer, oxytocin
signaling pathway, pertussis, focal adhesion, rheumatoid arthritis, and IL-17 signaling pathways
(Figure 3B).
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Figure 3. Functional enrichment analyses. A: GO terms for differentially expressed genes
(DEGs) in this study. B: KEGG pathways for DEGs.

3.3.  Construction of the PPI network for DEGs

The PPI network for 105 DEGs via STRING database exhibited that the PPI network was
consisted of 82 nodes and 91 interactions. Subsequently, hub genes of PPI network were screened
via Cytoscape software (Figure 4). A total of 10 candidate genes with high degrees of interaction
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were selected, including insulin-like growth factor 1 (IGF1), myosin-11 (MYHI11), clusterin
(CLU), FBJ murine osteosarcoma viral oncogene homolog (FOS), low myosin regulatory light
polypeptide 9 (MYL9), chemokine (CXC motif) ligand 12 (CXCL12), leiomodin 1 (LMODI),
calponin 1 (CNN1), complement component 3 (C3), and histone cluster 1 H2B family member O
(HIST1H2BO) (Figure 4 and Table S2).
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Figure 4. Identification of hub genes. A: PPI network analysis of differentially expressed
genes (DEGs) in tumors from colorectal cancer (CRC) patients. The protein—protein
interaction (PPI) network was constructed with STRING. This network contained 82 nodes
and 91 interaction pairs. Yellow-highlighted rectangles show genes with higher
connectivity (hub genes). Blue indicates genes with lower degrees of interactions. B:
Expression heatmap for discovered biomarkers. Relative gene expression is reported from
low relative expression (blue) to high relative expression (red) on a color scale (-2.0 to 2.0).
Color intensity is proportional to the relative expression value of gene. Rows contain gene
expression data, and columns contain the samples (normal vs. tumor).

3.4.  Diagnostic value of biomarkers

To investigate the diagnostic value of the hub genes, we prepared a gene expression heatmap for
all samples. The heatmap revealed differential expression patterns between the CRC and control
samples (Figure 4). Subsequently, we developed an SVM model based on gene expression to identify
the diagnostic value of these 10 hub genes in CRC. where the input of an SVM is a training set S = (x1,

Mathematical Biosciences and Engineering Volume 18, Issue 6, 8997-9015.
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y1), ..., (Xn, yn) of vector of features xi € X together with their known classes yi € {-1, +1}. The output
of an SVM is a model f: X — {—1, +1} that predicts the class f{x) of any new object x € X.
Sensitivity and Specificity were used to judge the performance of the classification system.
Computing of these measurements is based on true positives (TP), which mean the samples are
predicted positive, true negatives (TN), which mean the samples are correctly predicted negative, false
positives (FP), which mean samples are wrongly predicted positive, and false negatives (FN), which
mean the samples are wrongly predicted negative. Moreover, false positive rate is considered as (1—
Specificity).
1- Sensitivity (true positive rate) is calculated as follows:

TP
Sensitivity = TP-I-—FN x 100

2- Specificity (true negative rate) is calculated as follows:

Spec1f1c1ty = m x 100
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Figure 5. Diagnostic value of the newly developed biomarkers. A: Receiver operating
characteristic curve (ROC) curves of support vector machine (SVM)-based hub gene risk
classifier in the training set (a) for differentiating colorectal cancer (CRC) patients from
the healthy controls and for validation of the results (b). B: ROC curves of 10 genes are
shown for differentiating CRC patients from healthy controls. ROC curves were generated
for each biomarker. The dashed reference line represents the ROC curve for a test with no
discriminatory ability. Area under the ROC curve (AUC) is displayed for each marker in
the Table S3.
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We achieved AUC of 0.98 for the training set and AUC of 0.96 for validation set. Furthermore,
ROC analysis was performed to estimate the diagnostic efficiency of these 10 candidate hub genes in
CRC patients based on gene expression. The results showed that AUC values for all gene were > 0.92,
suggesting that the hub gene risk classifier had good discrimination between the CRC and control
samples with high sensitivity and specificity for CRC diagnosis (Figure 5 and Table S3). These results
suggested that the 10 differentially expressed hub genes could be used as potential biomarkers for the
diagnosis of CRC.

3.5.  Biomarker validation

The GEPIA database was used to verify the mRNA expression of hub genes with P-value < 0.05
and Log2FC > 1 as the threshold. GEPIA box plots exhibited that the expressions of all hub genes
except HISTIH2BO and FOS were significantly downregulated CRC patients. (Figure 6A).
Furthermore, Correlation analysis explored that the mRNA expressions of MYH11, LMODI1, CNNI,
and MYL9 genes were significantly correlated with CRC clinical stages (Figure 6B). Subsequently,
immunohistochemical analysis of the Human Protein Atlas (HPA) database revealed that the protein
expression of HIST1IH2BO was significantly upregulated in CRC tissue while the protein expression
of CXCL12 and CNN1 were significantly downregulated in CRC tissues (Supplementary Figure S1).
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Figure 6. Validation of bioinformatic analysis. A: Boxplots are showing the expression of
hub genes in cancer patients and normal controls via GEPIA datasets. B: The correlation
analysis between the hub gene expressions and clinical stages via GEPIA datasets.

We further screened the DEGs profile for TCGA dataset with 275 cancer patients and 41 normal
tissues, through the cutoff criteria fold-change [log2FC| > 1.5 and P-value < 0.05, to evaluate GEO
dataset results. The results showed that a total of 61 genes were common between TCGA cohort and
GEO cohort; however, a total of 7 genes (C3, CLU, CNN1, CXCL12, LMODI, MYH11 and MYL9)
of hub genes were persistent with DEGs in TCGA (Figure 7A). Altogether, these results were
coincided with transcriptomic analysis for GEO dataset of CRC patients.

3.6.  Survival analysis:

Kaplan-Meier survival analysis revealed that CRC patients are separated into two groups (high-
risk group in red and low-risk group in green) according to the expression profiles of biomarker genes.
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Meanwhile, these genes provided the best split between patients with high and low risks based on their
expression. Therefore, these genes could be used in the prognosis of CRC (Figure 7B).
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Figure 7. Prognostic value of suggested biomarkers. A: Venn plot is showing the common
genes between GEO dataset, TCGA cohort, and Hub genes. B) the survival analysis of the
biomarkers. a) Kaplan-Meier plot is showing that lower expression of nine genes (IGF1,
MYHI11, CLU, MYL9, CXCL12, LMODI, C3, CNNI1, and FOS) as a signature was
correlated with poor survival in CRC patients for GSE24551 cohort with P-
value:0.0412 and hazard ratio (HR): 0.64(0.41-0.98). b) higher expression of
HISTI1H2BO was correlated with poor survival in CRC patients for GSE12945 with P-
value:0.0432 and HR: 21.84.

4. Discussion

CRC is one of the common malignant tumors of the digestive tract in the world. Dietary and
environmental factors, as well as genetic mutations are the main causes of CRC [16,45]. While there
have been advances in the diagnosis and treatment of CRC, mortality rate ranks second among all
types of cancer because lacking of the early detection [16,46]. Therefore, novel diagnostic and
prognostic biomarkers are critically needed.

In this study, we performed an integrative bioinformatic analysis of gene expression microarray
data to identify hub genes as diagnostic biomarkers of CRC. A total of 105 DEGs were identified,
including 17 upregulated and 88 downregulated DEGs. GO and KEGG pathway enrichment analyses
suggested that DEGs were significantly enriched in biological processes related to immune responses
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and cancer progression. Subsequently, 10 hub genes with the highest degrees of interactions were
explored using the PPI network. The SVM model and ROC curves were used to predict the utility of
these hub genes as biomarkers in CRC diagnosis.

Based on functional enrichment analyses, the DEGs were significantly enriched in biological
functions including immune response, defense response to bacterium, proteolysis, and innate immune
response, systemic lupus erythematosus, arachidonic acid metabolism, complement and coagulation
cascades, alcoholism, transcriptional misregulation in cancer, oxytocin signaling pathway, pertussis,
focal adhesion, rheumatoid arthritis, and IL-17 signaling. A previous study reported immune
destruction, which induces chronic inflammation, as an important cause of CRC; thus, our
transcriptomic results are coincided with previous studies that demonstrated that inflammation is a
major feature of the tumor microenvironment in CRC [47-49].

Based on the construction of PPI network, IGF1, MYHI11, CLU, MYL9, CXCL12, LMODI, C3,
CNNI, FOS, and HISTIH2BO with a high degree of connectivity were identified as hub genes. Nine
of them were significantly downregulated in CRC tissues compared with normal tissues, while the
HISTIH2BO was significantly upregulated. MYH11 is a smooth muscle myosin, and its functions are
related to cell migration and adhesion, intracellular transport, and signal transduction [50]. A previous
study identified that low MYHI1 expression contributes in poor prognosis of CRC patients [51], in
addition to forming an oncogenic fusion with core-binding factor subunit beta (CBFB) [52]. Moreover,
IGF-1 could be used as biomarker for CRC patients as shown by others [53]. The expression of CLU ,
a multifunctional intra-/extra-cellular molecular chaperone, is downregulated in malignant tumors
compared to the normal colorectal tissue in some cases [54,55] and may be a promising prognostic
biomarker for CRC [56].

Moreover, FOS is involved in the environmental changes adaptation through formation of
transcription factor activating protein 1(AP-1) by its interaction with Jun proto-oncogene (JUN, c-
JUN) [57], in addition to it has a crucial role in many diseases including CRC through regulation
of many genes related to cancer progression pathways such as proliferation and apoptosis [58].
Recently, using gene expression analysis, Chen et al. reported that FOS could be a potential
therapeutic target for CRC [59]. Additionally, MYL9 expression might be associated with cancer
development and metastasis in some tumors, such as non-small-cell lung cancer [60]. Indeed,
CXCL12 has been reported as a hub gene in CRC [61,62], which coincides with our findings.
Aberrant expression of LMODI may be associated with cancer development in some types of
tumors [50]; however, its role in CRC is unknown.

Additionally, CNNI is expressed at significantly higher levels in normal tissue compared to
carcinoma tissues in CRC [63] and plays a tumor-suppressive role in different cancers [64,65].
HISTIH2BO belongs to the histone family members that are associated with the development and
proliferation of multiple cancer types and has been identified as a hub gene in breast cancer [66]. C3
plays a crucial role in the complement system and contributes to innate immunity [67] ; however, its
role in CRC is unknown.

In this study, machine learning methods including SVM model and ROC were conducted to
predict the potential application of biomarkers in CRC diagnosis. However, the results exhibited that
the AUC values > 0.92 for all genes, demonstrating that these candidate genes could be used as
potential biomarkers for CRC diagnosis. Furthermore, GEPIA database exhibited that eight of the hub
genes (IGF1, MYH11, CLU, MYL9, CXCL12, LMODI1, C3, and CNN1) were differentially expressed
in CRC patients. Subsequently, immunohistochemical analysis revealed that the protein expression of
HIST1H2BO was significantly upregulated while the protein expression of CXCL12 and CNN1 were
significantly downregulated in CRC tissues. More importantly, the low expression of IGF1, MYHI11,
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CLU, MYL9, CXCL12, LMODI, C3, CNNI1, and FOS and high HISTIH2BO expression were
significantly correlated with poor patient prognosis, therefore, these hub genes exhibit predictive value
for CRC patient survival. Collectively, a total of 105 DEGs and 10 hub genes were screened; however,
the hub genes could be used as novel biomarkers for CRC patients.

In this research, we further assessed the differential expression of hub genes in various CRC
clinical stages, and the results showed that the expression of four genes of hub genes (MYHII,
LMODI, CNN1, and MYL9) was significantly correlated with tumor stages. Therefore, the expression
of these 4 hub genes may be used to predict the pathological stage of CRC.

In fact, the whole genome is divided into the protein-coding genes that account for approximately
1.5% of the genome and noncoding RNAs (ncRNAs), which were falsely regarded as transcriptional
noise. Based on transcript lengths, ncRNAs can be further divided into small ncRNAs and long
ncRNAs (IncRNAs) [68-70]. Indeed, ncRNAs including microRNAs, IncRNAs, and Circular RNAs
play critical roles in many biological processes and play an important role in the development of
various complex diseases [68—71], therefore the identification of ncRNAs-cancer associations could
contribute to the diagnosis and treatment of CRC. Recently, computational models were applied to
identify the non-coding RNA biomarker of human complex diseases including cancer to improve
cancer prediction, diagnosis and treatment. Therefore, the identification of novel non-coding RNA
biomarkers via computational models considers as a future direction for improving CRC prediction,
diagnosis and treatment [68].

Furthermore, the necessity of using biomarkers as surrogate outcomes in large trials of major
diseases, such as cancer has been widely discussed. However, using the biomarkers as surrogate
endpoints and serve as true replacements for relevant clinical endpoints need constant reevaluation and
clinical validation. Therefore, we explored a novel CRC biomarker in the present study via
transcriptome analysis. Then we further verified these hub genes by using bioinformatics and machine
learning methods, however, these biomarkers need further evaluation by biological and clinical
investigations to be used as a surrogates in CRC prognosis and prevention [72]. Therefore, those
differentially regulated genes may be used as promising biomarker after they have been verified and
passed the rigorous examination by the Food and Drug Administration (FDA).

5. Conclusions

We have for the first time identified 10 key genes (IGF1, MYH11, CLU, MYL9, CXCL12,
LMODI1, C3, CNNI, FOS, and HIST1H2BO) with diagnostic and prognostic values in CRC. We
identified these genes by using comprehensive bioinformatics and machine learning technology.
Upon further biological investigation, these genes have the potential to be used in CRC prognosis.
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