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Simple Summary: Colorectal cancer (CRC) is a frequently lethal disease with heterogenous outcomes.
Alterations in the Wnt signaling pathways have been shown to promote activation of signaling
pathways such as MAPK and PI3K-Akt. Consensus molecular subtyping (CMS) provides a cohesive
structure to classify the heterogeneity of CRC using gene expression analysis. CMS is categorized
into four subtypes: CMS1, immune; CMS2, canonical; CMS3, metabolic; and CMS4, mesenchymal.
Here, we identify co-expressed gene networks associated with CMS1. Our findings distinguish
co-expressed gene networks that play a pivotal role in key features specific for CMS1, such as
immune infiltration and activation. The co-expressed gene networks for CMS1 were significantly
and positively correlated with the TNF, WNT, and ERK1 and ERK2 signaling pathways. This
study highlights the relevance of CMS1 gene networks relating to oncogenic signaling cascades, cell
activation, and positive regulation of immune responses, promoting CRC progressiveness.

Abstract: Colorectal cancer (CRC) is driven in part by dysregulated Wnt, Ras-Raf-MAPK, TGF-§3,
and PI3K-Akt signaling. The progression of CRC is also promoted by molecular alterations and
heterogeneous—yet interconnected—gene mutations, chromosomal instability, transcriptomic sub-
types, and immune signatures. Genomic alterations of CRC progression lead to changes in RNA
expression, which support CRC metastasis. An RNA-based classification system used for CRC,
known as consensus molecular subtyping (CMS), has four classes. CMS1 has the lowest survival after
relapse of the four CRC CMS phenotypes. Here, we identify gene signatures and associated coding
mRNAs that are co-expressed during CMS1 CRC progression. Using RNA-seq data from CRC pri-
mary tumor samples, acquired from The Cancer Genome Atlas (TCGA), we identified co-expression
gene networks significantly correlated with CMS1 CRC progression. CXCL13, CXCR5, IL10, PIK3R5,
PIK3AP1, CCL19, and other co-expressed genes were identified to be positively correlated with CMS1.
The co-expressed eigengene networks for CMS1 were significantly and positively correlated with the
TNF, WNT, and ERK1 and ERK2 signaling pathways, which together promote cell proliferation and
survival. This network was also aligned with biological characteristics of CMS1 CRC, being positively
correlated to right-sided tumors, microsatellite instability, chemokine-mediated signaling pathways,
and immune responses. CMS1 also differentially expressed genes involved in PI3K-Akt signaling.
Our findings reveal CRC gene networks related to oncogenic signaling cascades, cell activation, and
positive regulation of immune responses distinguishing CMS1 from other CRC subtypes.

Keywords: colorectal cancer (CRC); consensus molecular subtype (CMS); microsatellite stability
(MSI); weighted gene co-expression network analysis (WGCNA); mitogen-activated protein kinase
(MAPK); Integromics
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1. Introduction

Colorectal cancer (CRC) is characterized by uncontrolled cell growth in the colon or
the rectum. CRC is the second most common cancer in the United States. The progression
of CRC is promoted by molecular alterations and interconnectivity among gene mutations,
chromosomal instability, transcriptomic subtypes, and immune signatures [1]. For the
purpose of this manuscript, we define CRC progression as the activation of molecular
pathways that regulate several biological processes such as cell proliferation and survival.
Chromosomal instability in CRC represents about 80-85% of all cases, and it includes
changes in essential genes such as APC, KRAS, and PI3K [2]. Deregulation of these path-
ways leads to an upregulation of proliferative and survival signals from the abnormal
tumor microenvironment [3]. Mutations in APC, a key negative regulator of canonical Wnt
signaling, lead to uncontrolled cell proliferation [4]. KRAS and PI3K mutations also pro-
mote uncontrolled cell proliferation through constitutive activation of mitogen-activated
protein kinase (MAPK) signaling. MAPK signaling contributes to CRC progression by
multiple means: differentiation regulation, cell proliferation, and gene transcription ac-
tivation [5]. The MAPK pathway is reported to be vital to treating advanced cancers, as
new MAPK inhibitors are improving survival for CRC [6]. First-line treatments of CRC
were used in combination with second-line therapies such as cetuximab and panitumumab,
which target EGFR [7].

There have been recent advances in novel therapies for CRC. Researchers are working
on ways to better detect, classify, and predict outcomes for CRC. CRC is a heterogeneous
disease; thus, characterizing molecular phenotypes is crucial for improving treatment
efficacy and prognosis. Many approaches have been developed to create a classification
for CRC based on gene expression heterogeneity; however, these were not successful in
their clinical application. Studies have shown that conventional mutation-centered clas-
sification strategies do not fully explain the diversity in patient outcomes. For CRC, a
more systematic, gene-based classification stratifies CRC patients better [8]. Since 2012,
several research teams have employed bioinformatics methods for molecular subtyping;
one of the largest international collaborative communities on CRC research is called the
CRC Subtyping Consortium (CRCSC) [8]. Since their establishment in 2014, their work
has led to a current consensus of a CRC classification system, consisting of six CRC sub-
typing systems derived from a single-omic research strategy [8]. This system identified
four gene expression consensus molecular subtypes (CMS)—CMS1, CMS2, CMS3, and
CMS4—using RNA-seq and multiple microarray datasets that included primary tumor
samples from CRC patients [9]. Recently, an international effort of large-scale data sharing
and analytics coordination compared six independent transcriptome-based CRC subtyp-
ing systems, which created four consensus molecular subtypes (CMS1-4) [1,9]. There are
several challenges and emerging opportunities in using the CRC subtyping system in the
clinical management of patients [10]. CRC subtypes CMS2 (37%) and CMS4 (23%) are more
prevalent compared to CMS1 (14%) and CMS3 (13%). The most common subtypes are
characterized by increased WNT and MYC signaling activation (CMS2) and TGFf3 activa-
tion and angiogenesis (CMS4), whereas the least common are characterized by immune
infiltration, hypermethylation, and microsatellite instability (CMS1) and epithelial and
metabolic dysregulation (CMS2) [9]. Patients with microsatellite instability (MSI) tumors
(mostly CMS1 tumors) do not benefit from single-agent treatments such as fluorouracil,
but rather combination adjuvant therapy with fluorouracil, leucovarin, and oxaliplatin
(FOLFOX) at stage III [11]. Further, stage III tumors at the time of diagnosis respond better
to standard adjuvant therapy for CMS2 tumors [11], whereas CMS3 tumors do not benefit
from therapeutic gene targets, but rather metabolic phenotypes, and CMS4 tumors are
reported to not benefit from systemic adjuvant treatments and are resistant to anti-EGFR
therapy when not associated with KRAS mutations [11]. In addition, the five-year overall
survival rates for all stages differ amongst CMS types, with reported percentages of 77%
for CMS2 and 73%, 75%, and 62% for CMSI, 3, and 4, respectively [11]. CMS2, having
the highest five-year survival rate, is more commonly associated with left-sided tumors,
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unlike CMS1 tumors that are frequently associated with right-sided tumors and exhibit
poor survival after relapse [11].

CMSI1 patients have a worse prognosis due to having increased microsatellite instabil-
ity and BRAF mutations [9]. Microsatellites are short tandem repeats that occur throughout
both the coding and non-coding regions of the genome. These repetitive structures give
rise to replication errors caused by DNA polymerase during replication. Four major repair
proteins (MLH1, MSH2, MSH6, and PMS2) excise microsatellites. If any of these proteins
lose function, loss of fidelity will occur. This loss in fidelity will lead to errors in the
genome not being corrected, which accumulate to cause a deficiency in the mismatch repair
system [12,13]. MSI, or deficiency of the DNA mismatch repair system (dMMR), occurs
in about 15% of CRCs. CMS1 tumors are characterized by the overexpression of DNA
damage repair, microsatellite instability, and immune response proteins and is associated
with higher prevalence of BRAF mutations, young and female patients, and right-sided
tumors [9,14]. This manuscript aims to improve understanding of the molecular and
genomic features associated with CMS1. Herein, we characterize the gene expression
signatures and associated co-expressed gene networks during CMS1 CRC progression.
Using RNA sequencing data from CRC primary tumor samples, acquired from The Cancer
Genome Atlas (TCGA), we identified co-expression gene networks using weighted gene
co-expression network analysis (WGCNA) correlated with CMS1 CRC progression.

2. Materials and Methods
2.1. Data Collection and Gene Network Analysis

TCGA CRC patient RNA-seq data were acquired from GDC via the TCGA data portal
(https:/ /portal.gdc.cancer.gov, accessed on 4 November 2021). Download date for network
analysis was on or before 5 October 2018. FPKM (fragments per kilobase of exon per
million mapped fragments) data were downloaded for each participant along with clinical
data. Network analysis was completed via the data mining method WGCNA (Weighted
Gene co-expression Network Analysis) r package (version v1.70.3). Methods for data
normalization, removal of outliers, batch effect correction, co-expression network analysis,
differential expression analysis, and gene ontology (GO) enrichment analysis were adapted
from “Transcriptome Network Analysis Identifies CXCL13-CXCRS5 Signaling Modules in
the Prostate Tumor Immune Microenvironment”, accessible at https://doi.org/10.1038/s4
1598-019-46491-3 (accessed on 4 November 2021) [15-17].

2.2. Pathway Analysis

Pathview is an online package toolset, accessible at pathview.uncc.edu, for pathway-
based data integration and visualization. This tool maps and renders imported data on
relevant pathway graphs that are automatically downloaded and mapped to a pathway.
This tool integrates pathways and gene set enrichment analysis [18,19].

2.3. Gene Expression Analysis

Genome-Scale Integrated Analysis of Networks in Tissues (GIANT) is an online tool,
accessible at hb.flatironinstitute.org, or predictions of tissue-specific gene expressions and
detections based on a gene list. Genes within a cluster share a local network neighborhood
and form a specific functional module [20].

3. Results

Four hundred and seventy-eight primary CRC tumor transcriptomes were acquired
from The Genomic Data Commons (GDC). The CRC patient-specific RNA-seq data ob-
tained from GDC are a Cancer Genome Atlas (TCGA) dataset. The gene expression data,
from each patient, were used to determine the co-expressed gene networks that are posi-
tively correlated with CMS1 versus non-CMS1 subtypes of CRC, and how they correlate
with clinical and biological traits of CRC cases, and patient demographics. Weighted Gene
Co-expression Network Analysis (WGCNA) was utilized to define gene co-expression


https://portal.gdc.cancer.gov
https://doi.org/10.1038/s41598-019-46491-3
https://doi.org/10.1038/s41598-019-46491-3

Cancers 2021, 13, 5824

4 of 14

Height
0.85 0.95 1.00
1 1 |

0.80
1

0.75
L

Module Colors

White
Black
Asian
Cms1
CMms2
CMms3
CMS4

networks and then these were correlated with clinical outcomes such as CMS, microsatel-
lite instability (MSI), and tumor region. This established clustering and dimensionality
reduction method defined 10 modules, which were assessed for association with qualita-
tive patient characteristics including gender and race. Genes with statistically significant
correlations to relevant traits. Particular attention was paid to determining the role of
co-expressed gene networks positively correlated with CMS1 genes in CRC. First, we
characterized gene co-expression networks in CRC. Overall, 10 gene network modules
were formed from applying WGCNA to the 456 CRC primary tumor samples (Figure 1).
We have reported stages for all 456 patients as a supplementary table in Table S2. Of the
456 patients, 18 patients had stage 0 CRC, defined as in situ; 72 patients had stage 1; stage
174 patients had stage 2; 128 patients had stage 3; and 64 patients had stage 4 CRC. A total
of 78% of TCGA CMSI patients had stage 2—4 CRC.

Cluster Dendrogram

Figure 1. Gene dendrogram of clustered dissimilarity and module colors, based on consensus topological overlap. The

gene dendrogram was obtained by average linkage hierarchical clustering. The module colors underneath the dendrogram

show 10 module assignments determined by the Dynamic Tree Cut, which contains a group of highly connected genes.

Clinical trait relationships were assessed for each color-coded module. Bypassing the default Pearson correlation method
in WGCNA, we applied biweight mid-correlation as a robust alternative implemented in the WGCNA function (bicor).
Module color bicor color scale (—1, blue; 0, white; +1, red) represents modules with significant student’s p cluster.

To identify clinical associations, module expression was correlated (bicor-rho) with
quantitative and qualitative clinical traits. Co-expression modules M6 (red), M8 (pink),
and M4 (yellow) were significantly and positively associated with CMS1, as depicted in
Figure 2.

WGCNA modules M6 (red), M8 (pink), and M4 (yellow) were significantly and
positively associated with CMS1. Genes within modules M6, M8, and M4 are differentially
expressed and upregulated in CMS1 compared to other subtypes (Figure 3).

The co-expressed genes within modules M6, M8, and M4 were positively associated
with lymphocyte activation, T-cell receptor signaling, TNF signaling pathways, and positive
regulation of cytokines (Table 1).
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Figure 2. (Top) Hierarchical clustering of module eigengenes that represent modules found after CRC TCGA clustering
analysis. Eigengenes positively correlated are grouped together by branches of the dendrogram. (Bottom) Heatmap plot of
the adjacencies in the eigengene network including the trait weight. Each row and column in the heatmap correspond to one
module eigengene (labeled by color) or weight. In the heatmap, blue color represents low adjacency (negative correlation),
while red represents high adjacency (positive correlation).
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Figure 3. Volcano plots of differential gene expression identifies gene transcripts that contain upregulated genes and
downregulated genes based on CMS status for each module. The number of downregulated gene transcripts is denoted on
the left and number of upregulated gene transcripts is denoted on the right. The X axis represents the Log, fold-change and
the Y-axis represents the negative Logj p-value. Gene transcripts are colored by module membership (light grey dots, no
module assignment).
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Table 1. Biological processes of module associations for CMS1. Gene Ontology (GO) elite analysis was used to determine

the top 5 biological processes of each module positively associated with CMS1 compared to modules that were negatively

associated with CMSI.
Module Top 5 Biological Processes False Discovery Rate
e  Immune system process e 519x1077°
Yellow e Immune response e 38 x10°16
—Value(z 0.004 e  Regulation of immune system process e 119 x 107121
P e e  Lymphocyte activation e 975x 1071
- e  Regulation of immune response e 221 x 10101
2
5 e  Cellular nitrogen compound e 261 %1073
e metabolic process o 261 x10-3%
'E Red e  Cellular metabolic process . 1'25 « 10-31
] p-value = 0.02 e Cellcycle ’ 30
% e  Metabolic process * S58x 10_26
) e  Cell cycle process e 340x10
e
©
S e  Cellular macromolecule
E metabolic process e 943 x 1038
}E . Macrom.olecule metabolic process e 138 x 10~3
S Pink e  Regulation of nucleobase-containing e 540 x 10-30
p-value = 0.03 compound metabolic process ‘ _30
T cell receptor signaling * 540x 10729
e  Regulation of cellular macromolecule e 269x10
biosynthetic process
e  Transcription, DNA-templated
@ e  Metabolic process 00084
s Black Bi heti e 0.0084
5 ac o 10synthetic process o 0.0084
< p-value =1 x 1072 e  Heterocycle biosynthetic process . O' 0084
g e  Aromatic compound . 0' 0084
° biosynthetic process '
=
) e  Nucleic acid metabolic process
8 RNA metabolic process e 196 x10-12
o Magenta Cellular nitrogen compound e 177 x10-10
E-’ —value :5 3 % 10-8 metabolic process e 177 x10-10
£ P - Nucleobase-containing compound e 269 x10-10
%‘3 metabolic process e 273 x10-10

° Macromolecule metabolic process

The genes identified in the CMS1 TCGA positively correlated modules included
CCL19, CXCL13, FCRN1, IENG, IL-17A, TNFRSF17, and XCL1. These genes are associated
with immunoregulatory interactions between lymphoid and non-lymphoid cells, B cell
receptor signaling, and tertiary lymphoid structures (TLS). The development of conven-
tional lymph nodes (LN) depends on interaction between CD4— CD3— lymphoid tissue
inducer (LTi) cells. This leads to expression of CCL19 and CXCL13, which as a localized
concentration gradient attracts additional LTi cells, and the recruitment and positioning of
T and B cells. CCL19 plays an important role in the trafficking of T cells in the thymus, and
in T cell and B cell migration to secondary lymphoid organs.

Pivotal studies have shown that a lymphocytic reaction to CRC is associated with
MSI [21], a significant characteristic of CMS1. CMS1 is enriched for MSI and is defined
by the overexpression of genes associated with cytotoxic lymphocytes [21]. Infiltrating
lymphocyte markers such as CD80, CD8, CD4, and CD68 were found in the CMS1 associ-
ated modules. Infiltrating lymphocyte markers, found within CMS] positively correlated
modules, were co-expressed with genes associated with high T and B cell infiltration. In-
deed, the highly expressed genes included lymphocyte-attracting chemokines, e.g., CXCRS6,
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CXCL9, CXCL10, CX3CL1 (for T cells), and CXCL13 (for B cells). We identified a plethora
of chemokine receptors in CMS1 TCGA positively correlated modules (CCR1, CCR2, CCR3,
CCRS5, CCRS8, CXCR1, CXCR2, and CXCR4), each of which plays a significant role in
recruiting leukocytes to inflammatory sites [22].

Inflammation in CRC is thought to involve cross-talk between immune cells, pro-
inflammatory mediators, chemokines, and cytokines that leads to the activation of certain
pathways such as NF-«f3 and the JAK-STAT pathway leading to tumor cell proliferation
and growth [23]. IL6, IL10, IL1$3, and TNFRSF10A were positively correlated with CMS1
and are associated with T helper cell activation through the NF- k3 pathway [24]. Most
CRC tumors have constitutive activation of transcription factors that activate inflammatory
pathways, such as NF-«f3 and the JAK-STAT pathway [25]. The JAK-STAT pathway is a
major transducer of cytokine-signaling regulating inflammation and immune responses in
CRC [26]. The JAK-STAT pathway is made of eight STAT proteins; primarily STAT-1 and
-2 are involved in immune responses [26]. JAK-STAT activation is a notable characteristic
of CMSI as it displays strong immune activation [9]. MAPK signaling has also been
reported to be induced by hypermutated CMS1 [9,27]. Constitutive activation of MAPK
leads to CRC progression by regulating CRC cellular proliferation and differentiation,
causing chemotherapy resistance, and activating STAT-1 [27,28]. MAPK is one of the most
prominent pathways for cellular proliferation and communicates with other pathways
such as PI3K-Akt [29].

To independently validate this CMS1-elevated cytokine gene signature found in the
TCGA dataset, we used a microarray dataset of 278 individual tumor sample transcrip-
tomes, called Integromics, acquired from the MD Anderson Cancer Center. Stages for our
Integromics cohort is provided as supplementary material in Table S2. All Integromics
CMSI1 patients had stage 3 or 4 CRC. WGCNA CMS1 Integromics modules M7 and M4
were positively correlated with CMS1 status of distinct individuals” tumors (Figure 4).
These modules were also positively correlated with right-sided tumors and MSI. It was
previously reported that right-sided tumors are characterized by high MSI, and BRAF
mutations [30,31], key features of CMSI.

Right-sided tumors in CRC have been significantly associated with poorer survival
of patients. Previous reports validated a strong association between BRAF mutant CRC
and MSI, having poorer survival and a greater propensity for metastatic spread [32]. BRAF
was found in our TA WGCNA M8 module, which was also positively associated with
immune-driven CMS1, as well as CMS4, which represents higher chromosomal instability,
and within African-American race. Of our three CMS1-positive TCGA modules, only M8
showed a strong correlation to African-American race. Evidence has shown that African-
Americans tend to present more right-sided tumors compared to non-Hispanic whites [33],
but this tendency arises through a chromosomal instability-associated molecular pathway
rather than through MSI or hypermethylation. A strong correlation to CMS4, with inherent
chromosomal instability, could in part explain why the immune-driven TCGA CMS1-
associated M8, but not M6 or M4 is associated with African-American race. CMS1 and
CMS4 tumor subgroups have high expression of lymphoid and myeloid signatures, in
addition to displaying a strong immune and strong inflammatory profile compared to the
relative expression of this module in CMS2 and CMS3 tumor subgroups, as previously
reported [34].
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Figure 4. (Top) Hierarchical clustering (top) of module eigengenes that represent the modules found in the clustering

analysis for Integromics. Eigengenes that were positively correlated are grouped together by branches of the dendrogram.

(Bottom) Heatmap plot of the adjacencies in the eigengene network including the trait weight. Each row and column in

the heatmap correspond to one module eigengene (labeled by color) or weight. In the heatmap, blue color represents low

adjacency (negative correlation), while red represents high adjacency (positive correlation).

The TCGA M4, M6, and M8 modules included 555 genes overlapping with members
of the Integromics M4 and M7 modules, associated with CMS1 (Figure 5). These 555 genes
were considered as a loosely defined CMS1 gene signature, we report these genes in our
supplementary material in Table S1. Genome-Scale Integrated Analysis of Networks in
Tissues (GIANT) analysis was used to group these genes into smaller clusters to better
understand their function and potential interactions (Figure 6). This CMS1 gene signature
was shown to be associated with leukocyte activation, positive regulation of adaptive
immune response, and positive regulation of cytokine production. We used Pathview to
identify the CRC pathways associated with the 555 overlapping CMS1 gene signature
(Figure 7). The signature list of genes is enriched with members of the MAPK, TGEf3, MSI,
and PI3K-AKT pathways. Interestingly, the PI3K-AKT pathway has not been associated
with the CMS1 phenotype until now. Several mutations in CRC have been reported to
occur upstream of EGFR and downstream of MAPK [29]. Several key gene products of the
MAPK pathway were found to be associated with several immune-response-activating
genes from the 555 overlapping CMS1 gene signature (Figure 8).
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Figure 5. Box-plot distribution analysis of the 555-overlapping CMS1 gene signature, common to TCGA and Integromics
datasets. This gene signature was compared across the four consensus molecular subtypes (CMS1, CMS2, CMS3, and
CMS4). The y-axis measures the z score relative to the gene expression, horizontal lines define minimum and maximum
values, and dots define outliers. The 555- overlapping genes are significantly distributed in CMS1 for both the TCGA and
Integromics datasets. One-way ANOVA analysis was used for the statistics to generate p-values and any potential outliers.

Clusters

Top Biological Terms Q values Genes
«  Chromosome segregation <1x10 4 FANCM, SMC4, SMC3, ECT2,
*  Nuclear chromosome KIF14, RACGAP1, GEN1, TOP2A,
segregation RAD18, MAD2L1, NCAPG,
*  Nuclear division CDC23, ZWINT, SMC6, CENPQ,
w10
« Cell activation <1x10 -4 CXCL13, IL10, HAVCR2, PTPRC,
« Leukocyte activation RASALS3, TIGIT, SPN, CD226,
« Lymphocyte activation CD28, CD300A, TLR2, PTPN22,
CTLA4, TLR6, LYY, SLAMF1,
LILRB1, ZAP70, CD209, LAX1,
NCKAP1L
+ Ribonucleoprotein complex <1.%:10~* WDR?75, TFB1M, PTGES3,
biogenesis NUDT21, UTP20, SNRPG,
+ mRNA metabolic process WDR12, DDX20, ZNHIT6, RPF2,
+ ncRNA metabolic process SHQ1, LYAR, FASTKD3, LEO1,
TRA2B, SNRPA1, NPM1, PNPT1,
SUPV3L1, RBMX, SFPQ,
SYNCRIP
« Mitochondrial translational <1x10-4 MRPL44, NSUN3, GFM1
elongation
« Mitochondrial translation
« Mitochondrial gene expression
« Positive regulation of adaptive <1x10-4 ANXA1, B2M
immune response
« Positive regulation of cytokine
production
« Regulation of vesicle-mediated
transport
« Cellular response to tumor 0.0002 NFKBIA, GBP1, GBP2
necrosis factor
+ Response to tumor necrosis factor
+ Cellular response to interferon-
gamma
+ mRNA metabolic process 0.0018 EXOSC3, CPSF3

Figure 6. Genome scale integrated analysis (GIANT) used to detect cohesive gene clusters from the 555-overlapping CMS1
gene signature list. Genes within a cluster share local network neighborhoods. From the 555 overlapping genes, seven
functional clusters (C1-7) were detected from the top significant genes with their reported top biological processes.
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Figure 7. Integrated pathway analysis of the 555-overlapping CMS1 gene signature showing positive correlations with

numerous genes in CRC signaling pathways. The 555 overlapping genes have strong positive correlations with gene

regulators that activate PI3K-AKT signaling, ErbB signaling, TGFf signaling pathways, and mismatch repair genes.

Mitogen-activated protein kinases (MAPKSs) are a family of protein Ser/Thr pro-
tein kinases that convert extracellular stimuli into a wide range of cellular responses.
MAPKS function to regulate survival, cell proliferation, motility, and differentiation. The
MAPK pathway is critical in CRC, typically activated by cytokines and chemokines. Once
this pathway is activated, the MAPK involved phosphorylates different substrates in the
cytosol and nucleus to execute a biological response. This biological response often in-
volves cell survival. Cascade of ERK1 or ERK2 (MAPK2 or MAPK], respectively), each
phosphorylation-dependently activated downstream in the MAPK pathway, is upstream
of the phosphorylation of different cytoskeletal proteins that affect cell movement and cell
adhesion [35].
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Figure 8. Predicted protein—protein interaction of immune regulators assigned to the 555 overlapping CMS1 gene signature.
Colored nodes represent query proteins and first shell interactors. Lines between each node represent protein—protein
associations and contribute to a shared function between proteins. Line thickness signifies confidence, where thicker lines
equate to stronger confidence in the protein—protein association.

4. Discussion

The transmembrane protein EGFR belongs to the ErbB family of receptors of tyrosine
kinases and is one of the most significant upstream receptors to activate the MAPK path-
way. The 555-overlapping CMS1 gene signature contains a plethora of G protein-coupled
receptors (GPCRs), cytokines and integrins, listed in Figure 7, all of which are critical
for EGFR activation. In turn, these factors promote transcription and CRC cell prolifera-
tion [5,28]. MAPK positive regulators TRIBS, DUSP1, MAP3K8, CRK, PTPN7, CMKLR1,
CNDP2, MAPK11, GPR31, FCRL3, and CARD9 were found in the 555-overlapping CMS1
gene signature. Stimulation of these MAPK regulators within our CMS1 signature leads
to the activation of the JNK (MAPKS8 or MAPK9) and ERK1/ERK2 pathways. These
regulators promote B cell proliferation, and cell adhesion, and are they critical for pro-
ducing TNF-o during immune responses. These MAPK regulators are also co-expressed
with pro-inflammatory cytokines such as IL-13 (TCGA M4) that are known for causing
resistance to EGFR-targeted therapies [36]. Activation of this ErbB receptor leads to auto-
phosphorylation and release of the Grb2/SOS complex, which in turn activates the RAS
and PI3K pathways [34]. Within this context, we have shown that MAPK regulators are
positively correlated with the CMS1 phenotype.

PI3K regulators PIK3C3, PPP1R16B, CMKLR1, PIK3AP1, PIK3CG, and PIK3CD were
also positively correlated with CMS1 in our dataset. These PI3K regulators activate signal-
ing cascades involved in cell growth, morphology, motility, survival, and proliferation. The
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PI3K-Akt pathway is a critical pathway in CRC as it has been reported that phosphorylation
of Akt in CRC correlates with cell death inhibition and cell proliferation [37]. In addition
to PI3K regulators causing activation of this pathway, interleukins and chemokines play
a major role as well. Within the 555-overlapping CMS1 gene signature, we found IL6
and IL6R, which have been previously reported to activate PI3K-Akt. Transient phos-
phorylation of STAT3Y™7% is caused by IL-6 signaling, which leads to phosphorylation of
Akt5e473 and ERK1/2Thr202/tyr204 [38] T].-6 also leads to the release of the pro-inflammatory
chemokine CCL2 [38] which is meditated via JAK-STAT3, a pathway attributable to CMS1,
and PI3K-Akt, a pathway atypical of CMS1 subgroup assignment. Several chemokines
have been shown to activate MAPK and PI3K signaling pathways leading to cell growth,
migration, and transcription activation [39]. Signaling via the CMS1-associated CXCL13,
and its receptor CXCR5, has been shown to induce cancer progression through PI3K, Akt,
ERK 1/2, and Jun [40,41]. Indeed, others have shown that CXCL13 stimulates PI3K-Akt ac-
tivation and increases the secretion of MMP-13 in CRC [42]. Upon activation of chemokine
receptor-mediated signaling, the PI3K molecules serve as central signaling molecules:
chemokine receptors are coupled to heterothermic G proteins «,3,y, activating Class1A
and 1B PI3Ks [39,41]. Our analysis shows a 555-overlapping CMS1 gene signature to be
involved in cell signaling associated with CRC progression through PI3K, Akt, ERK 1/2,
and Jun.

CMS1 having genes involved in PI3K-AKT signaling is a process atypically assigned to
CMS1 CRCs. Our findings highlight the relevance of gene networks involved in CMS] as it
relates to oncogenic signaling cascades, cell activation and positive regulation of immune
responses associated with CMS1 CRC progression.

5. Conclusions

The CMSI1 phenotype accounts for 14% of CRC tumors, is characterized by a high
immune response, and is associated with right-sided tumors and MSI. Herein we aimed to
better understand the factors that contribute to the CMS1 phenotype. Genomic studies have
shown that EGFR and downstream MAPK and PI3K signaling pathways are nearly ubiqui-
tous events in CRC. Our findings strongly support CMS1 positively correlated modules,
and its co-expression network activates important pathways such as JAK-STAT, MAPK,
and PI3K-Akt, to be associated with CRC progression and tumor growth. These pathways
have frequently been associated with CRC progression due to their ability to activate signal-
ing cascades of Ras-Raf-ERK signaling that contribute to cell proliferation, differentiation,
and survival. Our findings highlight the relevance of gene networks involved in CMS1
as it relates to oncogenic signaling cascades, cell activation, and positive regulation of
immune responses associated with CMS1 CRC progression. For the first time, we identi-
fied a strong correlation of 555-overlapping genes for CMS1 gene signature involved in
chemokine-mediated signaling pathways, immune responses, inflammatory responses,
and cell activation. Despite extensive studies on signaling pathways associated with CRC
progression, we identified 555-overlapping genes found in critical molecular pathways
known to progress colorectal cancer which are involved in immune hypermutated CMS1.
Understanding how co-expressed genes and their networks are associated with CRC
clinical phenotypes and biological functions will yield new insights into understanding
biomarkers and more targeted therapies.

Supplementary Materials: The following are available online at https:/ /www.mdpi.com/article/
10.3390/ cancers13225824 /s1, Table S1: 555-overlapping genes for CMS1 gene signature, Table S2:
Patient stages.

Author Contributions: Conceptualization S.K.N.; methodology, S.K.N., C.D.Y., T.L.G.; validation,
SKN, SK, CD.Y, TL.G,; formal analysis, S K.N., ] W.L.].; investigation, S.K.N.; resources, J W.L.J.,
S.K.; data curation, S.K.N., ]JW.L]J.; writing—original draft preparation, S.K.N.; writing—review
and editing, SK.N., JW.LJ,, C.D.Y,, A.Q.O., TL.G,, LPM,, JW.L],; visualization, S.K.N., C.D.Y.;
supervision, ].W.L.].; project administration, ].W.L.J.; funding acquisition, ] W.L.]., S.K. All authors
have read and agreed to the published version of the manuscript.


https://www.mdpi.com/article/10.3390/cancers13225824/s1
https://www.mdpi.com/article/10.3390/cancers13225824/s1

Cancers 2021, 13, 5824 13 of 14

Funding: This research was funded by MSM/TU/UAB Partnership grant U54CA118638, and facili-
ties were supported by MSM (1G12RR026250-03; NIH RR03034 and 1C06 RR18386), the partnership
of NIH/NCI R25CA056452, The MDACC Colorectal Moonshot, and the CCSG P30 CA016672.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The TCGA COAD datasets downloaded during and/or analyzed
during the current study are available from the corresponding author on reasonable request.

Acknowledgments: We would like to thank Dipen Maru, Jennifer Davis, David Menter, Ganiraju
Manyam, Michael Lam, and Bradley Brom for their hard work and dedication towards the Inte-
gromics dataset. We would also like to thank The University of Texas MDACC Colorectal Cancer
Moonshot and Eric Dammer.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or
in the decision to publish the results.

References

1.  Dienstmann, R.; Vermeulen, L.; Guinney, ].; Kopetz, S.; Tejpar, S.; Tabernero, J. Consensus molecular subtypes and the evolution
of precision medicine in colorectal cancer. Nat. Rev. Cancer 2017, 17, 79-92. [CrossRef]

2. Maérmol, I; Sanchez-de-Diego, C.; Pradilla Dieste, A.; Cerrada, E.; Rodriguez Yoldi, M.]. Colorectal carcinoma: A general overview
and future perspectives in colorectal cancer. Int. J. Mol. Sci. 2017, 18, 197. [CrossRef] [PubMed]

3. Klampfer, L. Cytokines, inflammation and colon cancer. Curr. Cancer Drug Targets 2011, 11, 451-464. [CrossRef] [PubMed]

4. Zhang, L.; Shay, ]. W. Multiple roles of APC and its therapeutic implications in colorectal cancer. JNCI ]. Natl. Cancer Inst. 2017,
109, djw332. [CrossRef] [PubMed]

5. Slattery, M.L.; Mullany, L.E.; Sakoda, L.C.; Wolff, R.K.; Samowitz, W.S.; Herrick, ].S. The MAPK-signaling pathway in colorectal
cancer: Dysregulated genes and their association with micrornas. Cancer Inform. 2018, 17. [CrossRef]

6. Lee, S.; Rauch, J.; Kolch, W. Targeting MAPK signaling in cancer: Mechanisms of drug resistance and sensitivity. Int. ]. Mol. Sci.
2020, 21, 1102. [CrossRef]

7. Xie, Y.-H.; Chen, Y.-X,; Fang, J.-Y. Comprehensive review of targeted therapy for colorectal cancer. Signal Transduct. Target. Ther.
2020, 5, 22. [CrossRef]

8. Pietrantonio, F; Petrelli, F.; Coinu, A.; Di Bartolomeo, M.; Borgonovo, K.; Maggi, C.; Cabiddu, M.; Iacovelli, R.; Bossi, I.; Lonati,
V. Predictive role of BRAF mutations in patients with advanced colorectal cancer receiving cetuximab and panitumumab: A
meta-analysis. Eur. |. Cancer 2015, 51, 587-594. [CrossRef]

9.  Guinney, J.; Dienstmann, R.; Wang, X.; De Reynies, A.; Schlicker, A.; Soneson, C.; Marisa, L.; Roepman, P.; Nyamundanda, G;
Angelino, P. The consensus molecular subtypes of colorectal cancer. Nat. Med. 2015, 21, 1350-1356. [CrossRef]

10. Wang, W,; Kandimalla, R.; Huang, H.; Zhu, L.; Li, Y.; Gao, F.; Goel, A.; Wang, X. Molecular subtyping of colorectal cancer: Recent
progress, new challenges and emerging opportunities. In Seminars in Cancer Biology; Academic Press Inc.: Cambridge, MA, USA,
2019; Volume 55, pp. 37-52.

11.  Thanki, K.; Nicholls, M.E.; Gajjar, A.; Senagore, A.].; Qiu, S.; Szabo, C.; Hellmich, M.R.; Chao, C. Consensus molecular subtypes
of colorectal cancer and their clinical implications. Int. Biol. Biomed. J. 2017, 3, 105.

12.  Tougeron, D.; Sueur, B.; Sefrioui, D.; Gentilhomme, L.; Lecomte, T.; Aparicio, T.; DES Guetz, G.; Artru, P.; De La Fouchardiere,
C.; Moulin, V. A large multicenter study evaluating prognosis and chemosensitivity of metastatic colorectal cancers with
microsatellite instability. J. Clin. Oncol. 2017, 35, 3536. [CrossRef]

13. Evrard, C.; Tachon, G.; Randrian, V.; Karayan-Tapon, L.; Tougeron, D. Microsatellite instability: Diagnosis, heterogeneity,
discordance, and clinical impact in colorectal cancer. Cancers 2019, 11, 1567. [CrossRef] [PubMed]

14. Lam, M,; Roszik, J.; Kanikarla-Marie, P.; Davis, J.S.; Morris, ].; Kopetz, S.; Menter, D.G. The potential role of platelets in the
consensus molecular subtypes of colorectal cancer. Cancer Metastasis Rev. 2017, 36, 273-288. [CrossRef] [PubMed]

15. Langfelder, P.; Horvath, S. WGCNA: An R package for weighted correlation network analysis. BMC Bioinform. 2008, 9, 559.
[CrossRef] [PubMed]

16. Leek, ].T.; Johnson, W.E.; Parker, H.S ; Jaffe, A.E.; Storey, ].D. The sva package for removing batch effects and other unwanted
variation in high-throughput experiments. Bioinformatics 2012, 28, 882-883. [CrossRef]

17.  Ohandjo, A.Q.; Liu, Z.; Dammer, E.B,; Dill, C.D.; Griffen, T.L.; Carey, K.M.; Hinton, D.E.; Meller, R.; Lillard, J.W. Transcriptome
network analysis identifies CXCL13-CXCR5 signaling modules in the prostate tumor immune microenvironment. Sci. Rep. 2019,
9, 14963. [CrossRef]

18. Luo, W.; Brouwer, C. Pathview: An R/Bioconductor package for pathway-based data integration and visualization. Bioinformatics

2013, 29, 1830-1831. [CrossRef]


http://doi.org/10.1038/nrc.2016.126
http://doi.org/10.3390/ijms18010197
http://www.ncbi.nlm.nih.gov/pubmed/28106826
http://doi.org/10.2174/156800911795538066
http://www.ncbi.nlm.nih.gov/pubmed/21247378
http://doi.org/10.1093/jnci/djw332
http://www.ncbi.nlm.nih.gov/pubmed/28423402
http://doi.org/10.1177/1176935118766522
http://doi.org/10.3390/ijms21031102
http://doi.org/10.1038/s41392-020-0116-z
http://doi.org/10.1016/j.ejca.2015.01.054
http://doi.org/10.1038/nm.3967
http://doi.org/10.1200/JCO.2017.35.15_suppl.3536
http://doi.org/10.3390/cancers11101567
http://www.ncbi.nlm.nih.gov/pubmed/31618962
http://doi.org/10.1007/s10555-017-9678-9
http://www.ncbi.nlm.nih.gov/pubmed/28681242
http://doi.org/10.1186/1471-2105-9-559
http://www.ncbi.nlm.nih.gov/pubmed/19114008
http://doi.org/10.1093/bioinformatics/bts034
http://doi.org/10.1038/s41598-019-46491-3
http://doi.org/10.1093/bioinformatics/btt285

Cancers 2021, 13, 5824 14 of 14

19.

20.

21.

22.
23.
24.
25.
26.
27.
28.
29.
30.

31.

32.

33.

34.
35.
36.

37.

38.

39.

40.

41.

42.

Luo, W.; Pant, G.; Bhavnasi, Y.K.; Blanchard, S.G., Jr.; Brouwer, C. Pathview Web: User friendly pathway visualization and data
integration. Nucleic Acids Res. 2017, 45, W501-W508. [CrossRef]

Greene, C.S; Krishnan, A.; Wong, A K.; Ricciotti, E.; Zelaya, R.A.; Himmelstein, D.S.; Zhang, R.; Hartmann, B.M.; Zaslavsky, E.;
Sealfon, S.C.; et al. Understanding multicellular function and disease with human tissue-specific networks. Nat. Genet. 2015, 47,
569-576. [CrossRef]

Ogino, S.; Nosho, K.; Irahara, N.; Meyerhardt, ].A.; Baba, Y.; Shima, K.; Glickman, ].N.; Ferrone, C.R.; Mino-Kenudson, M.; Tanaka,
N. Lymphocytic reaction to colorectal cancer is associated with longer survival, independent of lymph node count, microsatellite
instability, and CpG island methylator phenotype. Clin. Cancer Res. 2009, 15, 6412-6420. [CrossRef]

Hamann, A.; Syrbe, U. T-cell trafficking into sites of inflammation. Rheumatology 2000, 39, 696—699. [CrossRef]

Janakiram, N.B.; Rao, C.V. The role of inflammation in colon cancer. Inflamm. Cancer 2014, 816, 25-52. [CrossRef]

Vilgelm, A.E.; Richmond, A. Chemokines modulate immune surveillance in tumorigenesis, metastasis, and response to im-
munotherapy. Front. Immunol. 2019, 10, 333. [CrossRef] [PubMed]

Terzi¢, J.; Grivennikov, S.; Karin, E.; Karin, M. Inflammation and colon cancer. Gastroenterology 2010, 138, 2101-2114.e5. [CrossRef]
[PubMed]

Mevizou, R;; Sirvent, A.; Roche, S. Control of Tyrosine Kinase Signalling by Small Adaptors in Colorectal Cancer. Cancers 2019,
11, 669. [CrossRef] [PubMed]

Garcia-Aranda, M.; Redondo, M. Targeting receptor kinases in colorectal cancer. Cancers 2019, 11, 433. [CrossRef]

Fang, ].Y,; Richardson, B.C. The MAPK signalling pathways and colorectal cancer. Lancet Oncol. 2005, 6, 322-327. [CrossRef]
Burotto, M.; Chiou, V.L.; Lee, ]. M.; Kohn, E.C. The MAPK pathway across different malignancies: A new perspective. Cancer
2014, 120, 3446-3456. [CrossRef]

Loupakis, F; Yang, D.; Yau, L.; Feng, S.; Cremolini, C.; Zhang, W.; Maus, M.K.; Antoniotti, C.; Langer, C.; Scherer, S.J. Primary
tumor location as a prognostic factor in metastatic colorectal cancer. [NCI ]. Natl. Cancer Inst. 2015, 107, dju427. [CrossRef]
Loree, ].M.; Pereira, A.A.; Lam, M.; Willauer, A.N.; Raghav, K.; Dasari, A.; Morris, VK.; Advani, S.; Menter, D.G.; Eng, C.
Classifying colorectal cancer by tumor location rather than sidedness highlights a continuum in mutation profiles and consensus
molecular subtypes. Clin. Cancer Res. 2018, 24, 1062-1072. [CrossRef]

Tran, B.; Kopetz, S.; Tie, J.; Gibbs, P; Jiang, Z.Q.; Lieu, C.H.; Agarwal, A.; Maru, D.M,; Sieber, O.; Desai, J. Impact of BRAF
mutation and microsatellite instability on the pattern of metastatic spread and prognosis in metastatic colorectal cancer. Cancer
2011, 117, 4623-4632. [CrossRef] [PubMed]

Xicola, R.M.; Manojlovic, Z.; Augustus, G.J.; Kupfer, S.S.; Emmadi, R.; Alagiozian-Angelova, V.; Triche, T., Jr.; Salhia, B.; Carpten,
J.; Llor, X. Lack of APC somatic mutation is associated with early-onset colorectal cancer in African Americans. Carcinogenesis
2018, 39, 1331-1341. [CrossRef] [PubMed]

Bellio, H.; Fumet, ].D.; Ghiringhelli, F. Targeting BRAF and RAS in Colorectal Cancer. Cancers 2021, 13, 2201. [CrossRef]

Ma, L.; Chen, Z.; Erdjument-Bromage, H.; Tempst, P.; Pandolfi, P.P. Phosphorylation and functional inactivation of TSC2 by Erk:
Implications for tuberous sclerosisand cancer pathogenesis. Cell 2005, 121, 179-193. [CrossRef] [PubMed]

Gelfo, V.; Rodia, M.T.; Pucci, M.; Dall’Ora, M.; Santi, S.; Solmi, R.; Roth, L.; Lindzen, M.; Bonafe, M.; Bertotti, A. A module of
inflammatory cytokines defines resistance of colorectal cancer to EGFR inhibitors. Oncotarget 2016, 7, 72167. [CrossRef]
Johnson, S.M.; Gulhati, P.; Rampy, B.A.; Han, Y.; Rychahou, P.G.; Doan, H.Q.; Weiss, H.L.; Evers, B.M. Novel expression patterns
of PI3K/Akt/mTOR signaling pathway components in colorectal cancer. J. Am. Coll. Surg. 2010, 210, 767-776. [CrossRef]
[PubMed]

Zegeye, M.M.; Lindkvist, M.; Félker, K.; Kumawat, A.K.; Paramel, G.; Grenegard, M.; Sirsjo, A.; Ljungberg, L.U. Activation of
the JAK/STAT3 and PI3K/AKT pathways are crucial for IL-6 trans-signaling-mediated pro-inflammatory response in human
vascular endothelial cells. Cell Commun. Signal. 2018, 16, 55. [CrossRef] [PubMed]

Curnock, A.P; Logan, M.K,; Ward, S.G. Chemokine signalling: Pivoting around multiple phosphoinositide 3-kinases. Immunology
2002, 105, 125-136. [CrossRef] [PubMed]

El-Haibi, C.P,; Sharma, P; Singh, R.; Gupta, P; Taub, D.D.; Singh, S.; Lillard, ].W., Jr. Differential G protein subunit expression by
prostate cancer cells and their interaction with CXCR5. Mol. Cancer 2013, 12, 64. [CrossRef]

El Haibi, C.P,; Sharma, PK,; Singh, R.; Johnson, P.R.; Suttles, J.; Singh, S.; Lillard, J.W. PI3Kp110-, Src-, FAK-dependent and
DOCK2-independent migration and invasion of CXCL13-stimulated prostate cancer cells. Mol. Cancer 2010, 9, 85. [CrossRef]
Zhu, Z.; Zhang, X.; Guo, H.; Fu, L.; Pan, G.; Sun, Y. CXCL13-CXCRS5 axis promotes the growth and invasion of colon cancer cells
via PI3K/AKT pathway. Mol. Cell. Biochem. 2015, 400, 287-295. [CrossRef] [PubMed]


http://doi.org/10.1093/nar/gkx372
http://doi.org/10.1038/ng.3259
http://doi.org/10.1158/1078-0432.CCR-09-1438
http://doi.org/10.1093/rheumatology/39.7.696
http://doi.org/10.1007/978-3-0348-0837-8_2
http://doi.org/10.3389/fimmu.2019.00333
http://www.ncbi.nlm.nih.gov/pubmed/30873179
http://doi.org/10.1053/j.gastro.2010.01.058
http://www.ncbi.nlm.nih.gov/pubmed/20420949
http://doi.org/10.3390/cancers11050669
http://www.ncbi.nlm.nih.gov/pubmed/31091767
http://doi.org/10.3390/cancers11040433
http://doi.org/10.1016/S1470-2045(05)70168-6
http://doi.org/10.1002/cncr.28864
http://doi.org/10.1093/jnci/dju427
http://doi.org/10.1158/1078-0432.CCR-17-2484
http://doi.org/10.1002/cncr.26086
http://www.ncbi.nlm.nih.gov/pubmed/21456008
http://doi.org/10.1093/carcin/bgy122
http://www.ncbi.nlm.nih.gov/pubmed/30239619
http://doi.org/10.3390/cancers13092201
http://doi.org/10.1016/j.cell.2005.02.031
http://www.ncbi.nlm.nih.gov/pubmed/15851026
http://doi.org/10.18632/oncotarget.12354
http://doi.org/10.1016/j.jamcollsurg.2009.12.008
http://www.ncbi.nlm.nih.gov/pubmed/20421047
http://doi.org/10.1186/s12964-018-0268-4
http://www.ncbi.nlm.nih.gov/pubmed/30185178
http://doi.org/10.1046/j.1365-2567.2002.01345.x
http://www.ncbi.nlm.nih.gov/pubmed/11872087
http://doi.org/10.1186/1476-4598-12-64
http://doi.org/10.1186/1476-4598-9-85
http://doi.org/10.1007/s11010-014-2285-y
http://www.ncbi.nlm.nih.gov/pubmed/25476740

	Introduction 
	Materials and Methods 
	Data Collection and Gene Network Analysis 
	Pathway Analysis 
	Gene Expression Analysis 

	Results 
	Discussion 
	Conclusions 
	References

