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Abstract

Background: While mechanisms contributing to the progression and metastasis of colorectal cancer (CRC) are
well studied, cancer stage-specific mechanisms have been less comprehensively explored. This is the focus of this
manuscript.

Methods: Using previously published data for CRC (Gene Expression Omnibus ID GSE21510), we identified differen-
tially expressed genes (DEGs) across four stages of the disease. We then generated unweighted and weighted correla-
tion networks for each of the stages. Communities within these networks were detected using the Louvain algorithm
and topologically and functionally compared across stages using the normalized mutual information (NMI) metric
and pathway enrichment analysis, respectively. We also used Short Time-series Expression Miner (STEM) algorithm to
detect potential biomarkers having a role in CRC.

Results: Sixteen Thousand Sixty Two DEGs were identified between various stages (p-value <0.05). Comparing com-
munities of different stages revealed that neighboring stages were more similar to each other than non-neighboring
stages, at both topological and functional levels. A functional analysis of 24 cancer-related pathways indicated that
several signaling pathways were enriched across all stages. However, the stage-unique networks were distinctly
enriched only for a subset of these 24 pathways (e.g., MAPK signaling pathway in stages I-lll and Notch signaling path-
way in stages lll and IV). We identified potential biomarkers, including HOXB8 and WNT2 with increasing, and MTUST
and SFRP2 with decreasing trends from stages | to IV. Extracting subnetworks of 10 cancer-relevant genes and their
interacting first neighbors (162 genes in total) revealed that the connectivity patterns for these genes were different
across stages. For example, BRAF and CDK4, members of the Ser/Thr kinase, up-regulated in cancer, displayed chang-
ing connectivity patterns from stages | to IV.

Conclusions: Here, we report molecular and modular networks for various stages of CRC, providing a pseudo-
temporal view of the mechanistic changes associated with the disease. Our analysis highlighted similarities at both
functional and topological levels, across stages. We further identified stage-specific mechanisms and biomarkers
potentially contributing to the progression of CRC.

Keywords: Colorectal cancer, CRC stages, Stage-specific networks, Stage-unique networks, Biomarkers, Signaling
pathways

Background

Colorectal cancer (CRC) refers to cancers affecting both

colon and rectum. According to GLOBOCAN 2020 data,

CRCs are the third most diagnosed and the second most
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detection portends higher chance of survival [2]. Two
types of risk factors contribute to the incidence of CRC.
The first type includes the ones that are beyond the con-
trol of the individual, such as age and hereditary factors.
The second type is related to environmental and lifestyle
risk factors such as diets high in fat, physical inactivity,
smoking, and heavy alcohol consumption [3].

CRC is said to progress through five stages. The earli-
est stage, stage O represents the presence of abnormal
cells in the mucosa of the colon wall. In stage I, tumor
penetrates the submucosa of the colon or rectum wall,
while at stage II the cancer has spread through the wall
to the serosa, but not the nearby organs. Stage III repre-
sents cancer in the mucosa, submucosa, serosa and the
spread into the nearby lymph nodes. Stage IV repre-
sents the most aggressive form of CRC, where the cancer
metastasizes and spreads to other parts of the body [4].
Biomarkers, agnostic of stages, have been used for detec-
tion of CRC [5]. For example, p53, a key biomarker, is a
tumor suppressor gene, mutated in 34% of the proximal
colon tumors and in 45% of the distal colorectal tumors
[6, 7]. Prior work from our group [8] and many others
have identified potential causes and mechanisms of CRC,
but a few have focused on identifying the stage-specific
dysregulation, and biomarkers. Palaniappan et al. iden-
tified novel cancer genes that could underlie the stage-
specific progression and metastasis of CRC [9]. Cai et al.
performed a comprehensive untargeted metabolomics
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analysis on normal and tumor colon tissues from CRC
patients and identified 28 highly discriminatory tumor
tissue metabolite biomarkers [10].

In this study, we focused on modelling each stage as a
molecular network and identifying subnetworks (com-
munities) which enable better mechanistic interpreta-
tion [11, 12]. To this extent, we utilized a gene expression
microarray dataset containing 104 human CRC sam-
ples (across stages I to IV) and 24 normal samples from
Gene Expression Omnibus (GEO) to detect stage-spe-
cific biomarkers and modular mechanisms, potentially
causal for the progression of CRC. We first constructed
gene correlation networks for each of the stages, and
detected communities using the Louvain algorithm [13,
14]. The communities are functionally interpreted in the
context of CRC. We also developed stage-unique net-
works (by retaining edges unique to that specific stage)
and functionally interpret them. Next, we utilized Short
Time-series Expression Miner (STEM) approach to iden-
tify candidate biomarkers with substantial/monotonic
changes across stages [15, 16]. A biologically driven anal-
ysis enabled characterization of the evolution of molecu-
lar subnetworks across stages. Lastly, a drug-target-PPI
(Protein—Protein Interaction) network is generated
which may provide insight into understanding stage-
specific functional mechanisms for some of the current
drugs used in CRC treatment. Figure 1 shows a flow chart
for our analysis pipeline.

Global topological and
functional analysis

Input: matrix of
gene expression

Construct stage-specific
networks and find
communities of each
stage separately

Compare communities
of different stages at
both topological and

functional levels

Functional analysis of 24 cancer-related pathways at the
stage-specific and stage-unique network levels

Perform STEM analysis to find biomarkers with four

different trends
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patients at detection
different stages
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Cancer specific network
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Fig. 1 Flow chart of the approach used in our analysis

Find stage-specific biomarkers for each stage by
calculating the intersection of four sets of DEGs
between that stage and other stages with p-value < 0.05

Evolution of sub-networks constructing from 10 key
genes in CRC and their PPI (first neighbor genes based
on STRING-db), across different stages

Construct a drug-target-PPI network with the 14 FDA-
approved drugs for CRC treatment
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Materials and methods

Microarray data pre-processing

We used a CRC microarray dataset from the GEO
(accession ID GSE21510) containing samples from 13
patients in stage I, 37 patients in stage II, 34 patients
in stage III, and 20 patients in stage IV cancer along
with 24 normal samples. There was only one sample
associated with stage 0 and we excluded it from our
analysis. More details about the clinical characteristics
of the GSE21510 have been presented in the original
publication by Tsukamoto et al. [17]. The raw dataset
had 54,675 probe IDs across 128 samples/patients and
it was re-normalized using Robust Multi-array Aver-
age (RMA) normalization [18]. Probe IDs with miss-
ing or multiple Entrez gene IDs (based on annotation
file from GEO) were removed from the dataset. Both
linear and non-linear dimensionality reduction algo-
rithms (Principal Component Analysis (PCA) [19] and
t-Distributed Stochastic Embedding (t-SNE) [20]) were
used to detect outliers in the data. PCA was performed
in R, using prcomp and autoplot functions (of ggfortify
package). t-SNE was also performed in R, using Rtsne
package.

Differentially expressed genes (DEGs)

We identified DEGs at the probe level using limma [21]
between each pair of neighboring stages (i.e., stage I vs.
normal, stage II vs. I, stage III vs. II and stage IV vs. III).
For genes with multiple probe IDs, the geometric mean of
the p-values of the multiple probes was used as the p-value
for the gene. DEGs were then identified at p-value <0.05
for each comparison and their union across 4 comparisons
(stage I vs. normal, stage II vs. I, stage Il vs. Il and stage IV
vs. III) was calculated as a master list of DEGs.

Network construction

Networks for each of the stages were constructed using
correlation of gene expression values for the DEGs
identified. Specifically, the Pearson Correlation Coef-
ficient (PCC) [-1, 1], r, was calculated between all gene-
pairs. Networks were then constructed using a cut-off
for PCC at each stage (r,;,) based on the degree of free-
dom (number of patients at that specific stage - 2) and
a p-value threshold of 0.001. Edges with p-value <0.001
(ie, |r|>ry) were retained. The weight of edges was
binary (0 or 1) for unweighted networks and non-binary
(0 <w<1) for weighted networks, with the absolute value
of PCC being used as weights. We refer to these networks
as stage-specific networks (whole networks for the nor-
mal, stage [, II, III, and IV). Stage-unique networks were
also constructed for each of the stages by removing edges
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from stage-specific network of each stage that were com-
mon with any other stage-specific network.

Community detection

We used the Louvain algorithm to detect communities
within each stage-specific network given its established
status as the leading method for community detection
[13, 14]. Louvain detects network communities by maxi-
mizing modularity (a measure of the density of links
(edges) within communities compared to links between
communities). Briefly, the search for communities using
the algorithm proceeds in two phases. During the first
phase, communities are detected by optimizing modular-
ity locally. During the second phase, nodes of the same
community are aggregated as pseudo-nodes to generate
a new network. The combination of these two phases
is iterated, until the modularity reaches a local maxi-
mum. The computational complexity of this algorithm
is (O(nlogn)) which makes it extremely fast [14] (also see
Supplementary Methods).

Topological and functional comparison of communities
Normalized Mutual Information (NMI) metric was uti-
lized to compare communities of different stages at a top-
ological level [22]. NMI is 1 when a network is compared
with itself. Larger (smaller) the value of NMI, more (less)
similar are the networks being compared (see Supple-
mentary Methods). To assess the statistical significance
of the NMI values, we needed to compute their p-value.
Hence, we generated 1000 random networks with the
same number of nodes, edges and degree distribution as
the stage I-, II-, and III-specific networks. Communities
of random networks were identified using the Louvain
algorithm and compared between stage I- and II- and
stage II- and III-specific networks using the NMI metric.
p-values for comparing the stage-specific networks were
then calculated from the histogram of the 1000 NMI
values.

Jaccard index (JI), the ratio of the count of common
genes to the count of union of genes in two groups, was
used to identify pairs of communities which were similar
to each other in terms of genes common between them.
The most similar communities were then compared at a
functional level. We used Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment available via
DAVID version 6.8 [23, 24] for functional analysis [25].

Edge-based functional enrichment

p-values for edge-based enrichment were computed using
a hypergeometric test for edges (gene pairs) [26] which
accounted for the topology of the network. For d DEGs,
the total number of edges, N, is calculated as d(d - 1)/2.
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Similarly, for a given KEGG pathway with dyp.; enriched
genes (from our master list of d DEGs), my ¢ edges are
calculated (mypoe=drrcc(@rece - 1)/2). Suppose a net-
work contains #n edges, of which k edges are between
dyrce genes of the given KEGG pathway, then a p-value
for the edge-based enrichment of this pathway is calcu-
lated from a hypergeometric distribution as:

MKEGG
p(k|KEGGpathway) = Z P(X = i|KEGGpathway)
i=k

MKEGG ( MKEGG ) (N —MKEGG )
L n—i

= vt (I;l[) (1)

Equation 1 provides an estimate for the probability of
observing k or more edges between pyrs genes for the
given KEGG pathway [26]. The R function phyper with 4
parameters was used to calculate the edge-based p-value
using phyper (k - 1, n, N - n, mypge, lower.tail=FALSE).

Biomarker identification

The STEM algorithm [15, 16] (see Supplementary Meth-
ods) was utilized to identify potential biomarkers. Since
there were different number of patients at each stage,
the median of gene-expression for patients at each stage
was considered as the representative gene expression for
that stage. STEM works by first selecting a set of poten-
tial profiles and then assigning genes to the profile that
best captures their expression trend. We selected 60
model profiles and a maximum unit change of 1, which
represents the change a gene could have between succes-
sive time points. Gene Expression Profiling Interactive
Analysis (GEPIA2) [27] was next used to validate the bio-
markers identified using STEM analysis within independ-
ent cohort (TCGA COAD-READ) at |log2FC|>1 and
g-value (FDR adjusted p-value) <0.05.

Supervised analysis with key genes

We identified the interacting proteins of 10 key genes
with known roles in CRC using STRING-db [28]. A sub-
network of the key genes and their first neighbors were
extracted from each stage-specific network, separately.
The analysis consisted of the following steps:

+ Detection of the first neighbors of 10 key genes from
STRING-db with two criteria: score threshold > 0.4
and up to 20 connections between genes.

+ Identification of unique genes from the union of
10 key genes and their first neighbors found in
STRING-db.
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+ Extraction of subnetworks of the unique genes from
each stage-specific network and their visualization
using Cytoscape [29]. |[PCC| between the genes were
used as edge-weights.

Drug-target-PPI network

Approved drugs and their target genes for CRC were
identified from National Cancer Institute (NCI) [30] and
DrugBank databases [31]. We then projected the PPI
information from STRING-db (score threshold>0.9)
[28] and gene weights from the stage-specific networks
onto the drug-target interactions detected above. We also
identified important KEGG pathways related to these tar-
get genes. The constructed network was visualized using
Cytoscape [29].

Results and discussion

Identification of DEGs

The CRC dataset used here contained 41,834 probe IDs
across 128 samples after pre-processing (see Materials
and Methods). Outlier detection using PCA and t-SNE
identified two normal samples as outliers which were
eliminated, leaving 126 samples for our analysis. The first
two PCs and the first two dimensions of t-SNE are shown
in Additional file 2: Figures S1A and S1B, respectively. In
order to capture the most significant genes, we identified
DEGs (see Materials and Methods) between neighbor-
ing stages with p-value <0.05 resulting in 15,634 DEGs
between stage I and normal, 528 DEGs between stages 11
and [, 745 DEGs between stages III and II, and 503 DEGs
between stages IV and III. The union of all DEGs (16,062
unique genes) was considered as the master list of DEGs
for all downstream analysis.

Correlation-based network analysis

PCC was calculated for all pairs of DEGs to construct the
networks (see Materials and Methods). For each stage,
based on the number of patients and a fixed p-value,
we identified the corresponding threshold for PCC.
Unweighted, stage-specific and stage-unique networks
were subsequently constructed using the 16,062 DEGs
[32]. Table 1 lists some basic properties for different
stage-specific networks. Properties for unweighted net-
works are listed in Additional file 1: Table S1. Number of
nodes and edges for all communities of stage-specific and
unweighted networks can be found in Additional file 1:
Tables S2 and S3, respectively.

In the following section, we compare communities
detected within stage-specific networks at the topological
and functional levels. The NMI metric was used to compare
networks at a topological level. Highly similar networks (at
the topological level) were further analyzed at a functional
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Table 1 Properties for stage-specific networks

Network # of patients PCC # of # of communities Modularity
cut-off edges

Normal 22 0.6523 1,809,792 18 043

Stage | 13 0.8009 507,603 17 0.51

Stage ll 37 0.5186 1,063,390 9 0.44

Stage Il 34 0.5392 1,214,109 9 045

Stage IV 20 0.6788 763,554 1 045

Stage-specific networks of different stages with the number of patients listed in the second column, PCC cut-off for p-value 0.001 in the third column, number of
edges in the fourth column, number of communities and modularity scores in the last two columns

level. KEGG pathway enrichment analysis was used to
assess functional similarity of the communities detected.

Neighboring stages are functionally and topologically similar
Using the NMI metric we evaluated the similarity
between networks. Table 2 and Additional file 1: Table S4
represent the results of comparing communities of stage-
specific networks and unweighted networks using NML
Based on the results of Table 2 (and Additional file 1:
Table S4), neighboring stages were found to be more
similar to each other than non-neighboring stages. A
permutation test was also performed to assess the statis-
tical significance of the NMI values seen in Table 2 (see
Materials and Methods). Figures 2A and 2B show histo-
grams for the values of NMI between communities of the
random networks of stages I and II, and II and III, respec-
tively. Our analysis highlighted that the NMI calculated
between stage-specific networks was highly significant
(e.g., p-value of NMI between communities of the stages
I- and II-specific networks was 0.001 and between com-
munities of the stages II- and III-specific networks was
0.05).

We next used JI values for direct topological compari-
son of individual communities across stage-specific net-
works. The higher the value of JI, the more similar were
the communities being compared. For example, JI val-
ues for comparing the communities of stage I-specific

Table 2 Comparing stage-specific networks using NM|

Normal Stage | Stage Il Stage lll Stage IV
Normal 1 0.0282 0.0403 0.0444 0.0276
Stage | 1 0.0729 0.0689 0.045
Stage Il 1 0.1501 0.0887
Stage lll 1 0.0771
Stage IV 1

NMIis 1 (diagonal elements) when a network is compared with itself. Larger
(smaller) the value of NMI, the more (less) similar are the two networks being
compared. For example, the network of stage | is more similar to the network of
stage Il than to the networks of stages Il or IV

network with the communities of other stages is shown
in Fig. 3A (see also Additional file 1: Table S5). Likewise,
a functional comparison of the third community of stage
I with the corresponding communities of other stages
revealed that the third community of stage I was more
similar to the first community of stage II (the neigh-
boring stage) than the corresponding communities of
other stages (based on JI) (see Fig. 3B and Additional
file 1: Tables S6 through S9). Pathways indicated in this
comparison were chosen at a p-value <0.01 and with
more than 10 genes from the third community of stage
L. For some pathways such as Ras signaling pathway, the
number of enriched genes and the p-values were simi-
lar between the third community of stage I and the first
community of stage II but did not meet the threshold for
the corresponding communities of other stages.

Analyzing each community individually can leave out
important functions due to the distribution of func-
tionally related genes between them. Hence, we carried
out an edge-based functional analysis (see Materials
and Methods) at the whole network level (consisting of
16,062 genes). We constructed stage-unique networks
and compared both types of networks (stage-specific and
stage-unique) at a functional level.

Functional analysis at the whole network level

Some of the edges were common among two or more
stage-specific networks. To identify edges unique to
each stage, we constructed stage-unique networks (See
Materials and Methods). We identified 1,668,692 edges
for normal-, 430,446 edges for stage I-, 839,058 edges for
stage II-, 967,358 edges for stage III-, and 627,558 edges
for stage IV-unique networks. The number of edges for
the stage-specific networks are listed in Table 1.

To ascertain the functional relevance for the networks,
we first selected 24 pathways associated with cancer pro-
gression (from initiation to metastasis) and carried out
a supervised analysis. A list of all pathways enriched for
the master list of genes can be found in Additional file 1:
Table S10. We calculated the edge-based p-values and
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Fig. 2 Histogram of a permutation test for comparing communities of different stages with degree preservation. A NMI metric between random
networks with sizes equal to stage |- and Il-specific networks. The actual value of NMI for comparing those stages is 0.0729 (vertical dotted line),
corresponding to a p-value of 0.001 (significant for a p-value threshold of 0.05). B NMI metric between random networks with sizes equal to stage
II- and lll-specific networks. The actual value of NMI for comparing those stages is 0.1501 (vertical dotted line), (p-value of 0.05, significant)

performed an enrichment for the 24 pathways for the
stage-specific (see Table 1) and stage-unique networks
(see Fig. 3C). The p-value cut-off was 0.05. The number of
edges associated with genes enriched in the stage-unique
networks were less than the stage-specific networks for
all stages and for all 24 pathways. We noted that the
number of edges for each stage-unique network was less
than its value for the stage-specific network of that stage.
For example, stage [-unique network had 430,446 edges
as compared to the stage I-specific network with 507,603
edges.

Among the 24 cancer-related pathways, we observed
that central carbon metabolism pathway was enriched
across stages II and III and is known to play a role in
cancer progression [33]. Cell cycle and DNA replication
pathways were significantly enriched in almost all stages
with more edges in the Cell cycle pathway. Several signal-
ing pathways including PI3K-Akt, Ras, MAPK, TGF-beta,
p53, and T cell receptor signaling pathway associated
with cell growth were enriched across stages. PI3K-Akt
signaling pathway plays an important role in the growth
and progression of CRC. Both MAPK and PI3K-Akt serve
as a molecular target for treatment of CRC [34, 35]. TGF-
beta signaling pathway was particularly enriched only in
stages II, and IV. TGF-beta is known to play a significant

role in inflammation and tumorigenesis by modulating
cell growth, differentiation, apoptosis, and homeostasis,
contributing to tumor maintenance and cancer progres-
sion [36]. Besides changes in enrichment of specific path-
ways, changes in connectivity pattern of specific genes in
key pathways were also observed across the CRC stages.
For example, Figs. 3D and 3E show the connectivity pat-
tern of genes in the p53 signaling pathway across stages
I-IV and normal, respectively. p53 signaling pathway has
a critical role in the regulation of Cell cycle, DNA rep-
lication and apoptosis [37]. Comparing Figs. 3D and 3E
revealed that hub genes were different between cancer
stages and normal. For example, CCNDI and CDK6 were
two genes with high connectivity (degree) in normal only.
CCND1 is a proto-oncogene which is known to play a
critical role in promoting the G1-to-S transition of the
cell cycle in many cell types [38]. Likewise, CCNE1, also a
proto-oncogene, displayed high degree of connectivity in
stages II and I1I which was not present in normal. CCNE1
serves as a positive regulator of cell cycle and promotes
G1-to-S phase transition by activating CDK2 [39, 40].
CDK?2 also showed high degree of connectivity in stage
111, although it was not present in normal.

Focal adhesion pathway was more enriched in normal,
stage II and stage III than in other stages. Focal adhesion
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networks. Number of edges related to the genes enriched in each pathway are indicated by the size of the dots. Color scale of the dots indicate
p-value with a cut-off of 0.05. D Connectivity of p53 signaling pathway genes across different stage-unique networks. The nodes are colored based
on the log2FC values (in a specific stage vs. normal) across the four stages I-IV (dark blue (log2FC of -2) to white (0) to dark red (2)). Each node
represents four log2FC values, going from left to right. Edges are colored differently across stages as follows: green for edges in stage |, cyan in stage
I, yellow in stage Ill, and purple in stage IV. E Connectivity of p53 signaling pathway genes in normal
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kinase (FAK or PTK2) is a major integrin-dependent
tyrosine phosphorylated protein in this pathway and
known to contribute significantly to inflammatory sign-
aling pathways. PTK2 has been suggested to be a poten-
tial target for CRC therapies [41]. NF-kappa B signaling
pathway was enriched in normal, and stages I, II and III,
and is a regulator of immune response and inflammation
and associated with carcinogenesis [42]. VEGF signaling
associated genes, with known roles in angiogenesis and
metastasis, were enriched in stages I and II [43], while
Notch signaling pathway, a main pathway in metastasis
and tumor angiogenesis processes, was enriched in stages
III and IV.

Overall, most of the cancer related pathways were
enriched across all stage-specific networks. However, the
enrichment of those pathways was distinct across stage-
unique networks.

In-silico validation

To validate our result at the gene and pathway level, we
analyzed the TCGA COAD-READ data available through
GEPIA2 by identifying DEGs with q-value<0.05 for
COAD and READ cohorts, resulting in 16,438 DEGs
common to both. Since GEPIA2 does not allow for
stage-wise identification of DEGs, we calculated DEGs
across all stages (104 samples) and normal (22 samples)
at q-value<0.05 within our dataset. A total of 16,641
DEGs were identified, of which 11,389 were common
with the TCGA COAD-READ cohort. A hypergeo-
metric test on the overlap indicated that the number of
DEGs as common were statistically significant (p =0.05).
The total number of genes used for the hypergeometric
test was 24,136. The log2FC of genes identified as com-
mon between the COAD, READ and our dataset are also
provided in Additional file 1: Table S11. Of the 11,389
genes, ~65% of the genes showed expression trends in
the same direction within COAD-READ as DEGs iden-
tified in our current study. Functional analysis of the
11,389 genes further revealed several signalling path-
ways enriched crucial to CRC consistent with our results
including Ras, MAPK, PI3K-AKT, TGF-beta and WNT
signalling (Fig. 3C).

Biomarkers

We performed STEM analysis to identify potential bio-
markers and validated them using TCGA COAD-READ
cohort, available through GEPIA2 [27].

Four distinct biomarker trends identified in CRC via STEM
analysis

We selected 60 model profiles and the maximum unit
change of 1 for the STEM analysis (see Materials and
Methods). Most of the genes were clustered in two main
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trends, (0,1,1,1,1) and (0,-1,-1,-1,-1), implying that the
expression of genes changed extensively up or down
from the normal condition but with little or no differ-
ence across stages I-IV (Figs. 4A-D). The trends identified
were consistent with TCGA COAD-READ cohort results
from GEPIA2 (Additional file 2: Figures S2A-D). Addi-
tional file 1: Tables S12 through S17 list the genes belong-
ing to each trend.

We highlighted some genes which exhibit the afore-
mentioned trends including HOXBS, with monotonically
increasing expression from normal through the cancer
stages (Fig. 4A). Studies have shown that knockdown
of HOXBS8 inhibits cellular proliferation and invasion
in vitro, as well as carcinogenesis and metastasis in vivo.
HOXBS has been suggested as an independent prognos-
tic factor in CRC [44, 45]. Likewise, WNT?2, an oncogene,
exhibited an increasing STEM trend and was over-
expressed in CRC (Fig. 4B), across stages, compared to
normal tissues. WNT2 is known to be involved in canoni-
cal Wnt signaling activation during CRC tumorigenesis,
and has been suggested to enhance tumor growth and the
invasion in a paracrine fashion [46, 47]. WNT2 has been
previously identified as a stool marker with a sensitivity
of 74-78% and specificity of 88—89% [48, 49]. MTUSI
expression (Fig. 4C), was significantly down-regulated in
human colon cancer tissues and has been documented in
earlier studies [50]. It has been suggested to be involved
in the loss of proliferative control in human colon can-
cer via its interference of ERK2 pathway activation [51].
SFRP2 gene, located upstream of the canonical Wnt sign-
aling pathway, was also found to be suppressed across all
stages [52]. SFRP2 was the first reported DNA methyla-
tion marker in stool with a sensitivity of 32.1-94.2% and
specificity of 54-100% [53]. DNA hypermethylation of
SFRP2 leads to the downregulation of the gene expres-
sion, inhibition of gene function and promotion of CRC
[48]. GEPIA2 was additionally used to generate disease-
free survival (DFS) plots of the four biomarkers identified
by STEM analysis (Additional file 2: Figures S3A-D). DFS
plot of HOXBS8 confirmed that high expression of this
genes was associated with poor disease-free survival of
patients with CRC.

Stage-specific biomarkers

Biomarkers specific to each stage were identified as the
intersection of four sets of DEGs between that stage and
other stages with p-value<0.05. In total, 110 poten-
tial stage-specific biomarkers including 41 for stage I,
21 for stage II, 8 for stage III, and 40 for stage IV were
identified (listed in Additional file 1: Table S18). p-val-
ues for 10 comparisons (e.g. normal vs stage I) for all
110 potential biomarkers were listed in Additional file 1:
Table S19. Figures 4E and 4F show boxplots for PROCR,
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a stage I-specific biomarker and MLXIPL (ChREBP), a
stage IV-specific biomarker, respectively. The trends for
these two biomarkers identified were consistent with
TCGA COAD-READ cohort results obtained through
GEPIA2 (Additional file 2: Figures S2E-F). High expres-
sion of PROCR and MLXIPL was associated with poor
disease-free survival of CRC patients (Additional file 2:
Figures S3E-F). Through immunohistochemistry, it has
been shown that PROCR overexpressed in CRC epithe-
lial tumor cells [54]. This upregulation is caused by gene
amplification and DNA hypomethylation and occurs in
concert with a cohort of neighboring genes on chromo-
some locus 20q [55]. Studies have shown that CAREBP
mRNA and protein expression levels are significantly
increased in colon cancer tissues compared to normal
tissues [56]. Their expression positively correlated with
colon malignancy and was suggested to contribute to
cell proliferation. Given its functional roles in CRC, and
its distinct expression with stage IV, we propose that
ChREBP could serve as a clinically useful biomarker.

The results presented above were based on an unsu-
pervised analysis at a global network level. We addition-
ally carried out a more focused analysis, emphasizing key
drivers of CRC.

Evolution of subnetwork of key genes and their first
neighbors across different stages

We performed a supervised analysis with 10 key genes
with known roles in CRC (see Materials and Methods).
The key genes were TP53, APC, KRAS, BRAF, PIK3CA,
EGFR, MLH1, TGFBR2, PTEN, and SMAD4. The union
of key genes and their first neighbors from STRING-
db yielded 188 unique genes of which 162 were present
within our master list of genes.

The subnetworks of 162 unique genes in stages I- and
II-specific networks are shown in Figs. 5A and 5B, respec-
tively. The subnetworks from stages III- and IV-specific
networks are shown in Additional file 2: Figures S4A and
S4B, respectively. The nodes were clustered based on
the communities they belonged to in the stage-specific
networks described in the earlier sections. The subnet-
work of stage I was more sparse but with stronger edge
weights since the stage I-specific network had fewer and
stronger edge weights (PCC>0.8009) than other stages.
We observed these networks to be enriched for several
drug targets including BRAF, EGFR, and PDGFRB, and
several signaling pathways including Chemokine, PI3K-
Akt, ErbB, Ras, TGF-beta, Wnt, p53, NF-kappa B, VEGF
and MAPK (Fig. 5). The subcommunities of both subnet-
works included both up- and down-regulated genes. For
instance, Fig. 5A highlights a subcommunity in stage I
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enriched for several up-regulated genes associated with
Chemokine and ErbB signaling pathways, both with
known roles in cancer etiology [57, 58]. Likewise, there
was a subcommunity in stage II, shown in Fig. 5B, with
genes mostly up-regulated and enriched for Ras signal-
ing and mismatch repair pathways. We also detected a
subcommunity within stage II with genes mostly down-
regulated (Fig. 5B) and enriched for pathways such as
ErbB and VEGF signaling. VEGF family members play
an essential role in tumor-associated angiogenesis, tissue
infiltration, and metastasis formation [59].

These subnetworks all showed differences in connec-
tivity patterns for key genes. For example, EGFR, whose
degree was zero in all subnetworks except for stage II,
is known to play a critical role in oncogenesis, particu-
larly in colon cancer development and is a potential tar-
get for therapy [60]. We identified that its expression was
down-regulated in the subnetwork of stage II and was
connected to OTUD3 (a tumor promoter in lung can-
cer). EGFR also serves as a drug target for Cetuximab and
Panitumumab. BRAF, another key player in CRC was up-
regulated across all cancer stages compared to normal,
yet had distinct connectivity patterns across different
stages. BRAF was connected to TGFB3, TP53BP2, and
SOS1I in the subnetwork of stage I. Although the stage

II-specific network had more edges compared to stage
I-specific network, BRAF was connected to only one
gene, YWHAG, in the subnetwork of stage II. The chemo-
therapy drug for CRC, Regorafenib, targets BRAF and
modulates the activity of its protein.

Finally, we sought to understand the functional mecha-
nisms for some of the current drugs used in CRC treat-
ment in the context of our current analysis and identify
if any temporal variation in gene-expression of the drug-
targets may indicate stage-specificity of the drugs.

Drug-Target-PPI network

We identified 14 FDA-approved drugs for CRC from the
NCI website and 32 target genes (included in the master
list of DEGs) for these 14 drugs from the DrugBank web-
site [61]. There were 20 edges between the target genes
based on STRING-db [28]. Figure 6 shows a Drug-Tar-
get-PPI network constructed with the approved drugs.
Gene weight, the sum of the weights of edges connected
to each gene, in each stage-specific network, are shown
beside target genes. Some important pathways involving
target genes, such as PI3K-Akt or Ras signaling, are also
highlighted in the figure. We can see that the weight of
different genes changes across the four stages extensively.
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log2FC (with respect to normal) for genes also changes
albeit to a lesser degree.

Several targets of Regorafenib, a popular CRC drug,
were found to be differentially regulated within our
networks (Fig. 6). Studies have shown that Regorafenib
targets kinases involved in tumor angiogenesis (e.g.
VEGFR1/2/3, FGFR1/2), proliferation (e.g. MAPKI11I,
RET), tumor microenvironment and metastasis [62, 63].
It can also disrupt tumor immunity through inhibition
of CSF-IR, important for macrophage differentiation
and survival [64]. Out of its targets, MAPK11I and RET
were both down-regulated and had greater weights in
early stages. MAPKI11 is a member of protein kinases
family involved in several cellular processes, including
cell proliferation or differentiation. It was also enriched
for MAPK and VEGF signaling pathways. RET, as a
member of the tyrosine protein kinases family, has been
identified as a novel tumor suppressor gene in the colon
which can reduce apoptosis and is considered as a target
for CRC treatment [65, 66]. There were also some tar-
gets for Regorafenib with larger weights in later stages,
such as FLTI and DDR2. FLT1, a member of the vascu-
lar endothelial growth factor receptor (VEGFR) family,
was up-regulated in CRC and strongly connected (PPI

edge) to three ligands, namely, VEGFA, VEGFB and
PGF [67]. DDR2, down-regulated in CRC, is considered
a critical regulator of cancer invasion and an attractive
therapeutic target in metastatic CRC (mCRC) [68].

Two up-regulated and highly connected genes in this
network, VEGFA and VEGEB are targets of the drug Ziv-
Aflibercept, and participated in Ras and PI3K-Akt sign-
aling pathways with known roles in CRC progression.
VEGFA had larger weights in stage I whereas VEGFB
had larger weights in stage II. TYMS (part of the Folate-
mediated one-carbon metabolism pathway) is a crucial
player of DNA methylation and repair and a critical tar-
get for Fluorouracil Injection (5-FU) drug, used in CRC
treatment [69]. Studies have shown that TYMS is highly
expressed in patients with CRC and might be used as a
predictor for efficacy of chemotherapy [70]. Its weight
was higher in stage III than in other stages. TOPI and
TOPIMT, both up-regulated in CRC, had also greater
weight in stage III and were targets for Irinotecan Hydro-
chloride which is one of the key drugs for the treatment
of mCRC [71].

Besides Regorafenib, two other drugs, Cetuximab
and Bevacizumab, commonly used in treating CRC also
showed several targets enriched within our networks.
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CI1QB, a target for both of those drugs, was up-regu-
lated with greater weights in stage III. Cetuximab blocks
ligand-induced receptor signaling and modulates tumor-
cell growth by binding to the extracellular domain of
EGFR. Studies have also shown that Cetuximab improves
overall survival and progression-free survival and pre-
serves quality-of-life measures in CRC patients in whom
other treatments have failed [72]. Bevacizumab, which
binds to and targets VEGF, also has demonstrated
improved overall survival for patients with mCRC [73].

The pathogenesis of CRC is yet to be fully understood.
In this study we detected a few potential biomarkers
which were further validated in-silico, using a large cohort
database (TCGA COAD-READ). However, further exper-
imental validation is required to decipher their pathology-
associated mechanisms. Additionally, we were limited by
the unequal number of patient samples across stages and
lacked sufficient clinical metadata to support downstream
survival analysis. Nevertheless, the modular-network-
based approach presented in this work will be useful for
understanding mechanisms for disease progression and
may contribute to identifying potential targets for disease
intervention. In addition, while digital sequencing data
are more robust, this microarray analog gene expression
data set has been used extensively and our quest was to
explore topological network analyses to demonstrate the
ability to obtain stage-specific biomarkers and mecha-
nisms. We demonstrate the validity of our conclusions
through extant results and additional analyses.

Conclusion

In this study, we utilized a published transcriptomic data
from 128 patients at various stages of CRC to find modu-
lar mechanisms potentially causal for progression of CRC
from normal to stages I-IV and to find stage-specific bio-
markers. We constructed stage-specific networks and
identified their communities using the Louvain algorithm.
Comparing communities of different networks at the top-
ological and functional levels revealed that neighboring
stages were more similar to each other than non-neighbor-
ing stages. We also carried out the functional analysis at the
whole network level for the stage-specific and stage-unique
networks by analyzing the enrichment of 24 cancer-related
pathways across different stages. For the stage-specific
networks, most of the pathways related to CRC such as
PI3K-Akt and MAPK signaling pathways were enriched at
all stages. However, stage-unique networks revealed func-
tional differences across the stages. For example, MAPK
signaling pathway was enriched across stages I-III and
Notch signaling pathway (important for metastasis and
tumor angiogenesis) was enriched in stages III and IV. We
then identified key biomarkers to differentiate between
CRC (any stage) and normal using STEM analysis. WNT2
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and SFRP2 were two biomarkers validated by others in
stool DNA and were over-expressed and under-expressed
in CRC tissues, respectively. To incorporate legacy knowl-
edge in our analysis, we performed a supervised analysis
with 10 key genes related to CRC and their first neighbors
based on STRING-db, across different stages. The subnet-
works were analyzed to study the progression of cancer
across stages. In particular, we identified that BRAF, a Ser/
Thr kinase that activates MAP kinases, appeared in all sub-
networks and was upregulated in stages I-IV as compared
to normal. Its connectivity pattern changed across the sub-
networks for normal and different stages of CRC. Finally,
we constructed a Drug-Target-PPI network enabling us,
in the light of present data, to understand the functional
mechanisms for some of the current drugs for CRC treat-
ment. We saw that the target gene weights changed across
the four stages extensively. For example, TYMS, associated
with folate-mediated one carbon metabolism and a target
for some drugs such as Fluorouracil Injection (5-FU) and
Capecitabine, was found to be upregulated in cancer stages
with larger weights in stage III than in other stages.

Abbreviations

CRC: Colorectal Cancer; DAVID: Database for Annotation, Visualization and
Integrated Discovery; DEG: Differentially Expressed Gene; DFS: Disease-Free
Survival; FDA: Food and Drug Administration; FDR: False Discovery Rate;

GEO: Gene Expression Omnibus; GEPIA: Gene Expression Profiling Interactive
Analysis; JI: Jaccard Index; KEGG: Kyoto Encyclopedia of Genes and Genomes;
mCRC: Metastatic CRC; MI: Mutual Information; NCI: National Cancer Institute;
NMI: Normalized Mutual Information; PCA: Principal Component Analysis; PCC:
Pearson Correlation Coefficient; PPI: Protein—Protein Interaction; RMA: Robust
Multi-array Average; STEM: Short Time-series Expression Miner; TCGA: The Can-
cer Genome Atlas; t-SNE: t-Distributed Stochastic Embedding; VEGFR: Vascular
Endothelial Growth Factor Receptor.

Supplementary Information

The online version contains supplementary material available at https://doi.
org/10.1186/512885-022-09479-3.

Additional file 1: Supplementary tables. An xIsx file containing all sup-
plementary tables listed in manuscript as individual sheets.

Additional file 2: Supplementary figures. A .pdf file containing all sup-
plementary figures referenced in manuscript.

Additional file 3. Supplementary Methods [74].

Acknowledgements
Not Applicable.

Authors’ contributions

SS and MRM designed the project. SR generated the results. SR, MRM, KM and
SS interpreted the results. SR prepared an initial draft of the manuscript with
input from MRM, KM and SS, which was further refined by SR, MRM, KM and
SS. All authors read and approved the final manuscript.

Funding

This work was supported by the National Science Foundation grant
CCF0939370 and by the National Institutes of Health (NIH) Grants UO1
DK097430, U0T CA200147, U01 CA198941, U19 Al090023, ROT HL106579,


https://doi.org/10.1186/s12885-022-09479-3
https://doi.org/10.1186/s12885-022-09479-3

Rahiminejad et al. BMC Cancer (2022) 22:436

ROTHL108735, R0O1T HD084633, RO1 DK109365, RO1LM012595 and OTA
0D030544.

Availability of data and materials

The dataset analyzed in the current study is available in the Gene Expression
Omnibus (GEO) repository, [https.//www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE21510].

Declarations

Ethics approval and consent to participate
Not Applicable.

Consent for publication
Not Applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

'Department of Bioengineering, University of California, San Diego, La Jolla,
CA, USA. “Department of Mechanical and Aerospace Engineering, University
of California, San Diego, La Jolla, CA, USA. *San Diego Supercomputer Center,
University of California, San Diego, La Jolla, CA, USA. “Department of Cellular
and Molecular Medicine, University of California, San Diego, La Jolla, CA, USA.
*Department of Computer Science and Engineering, University of California,
San Diego, La Jolla, CA, USA.

Received: 23 October 2021 Accepted: 23 March 2022
Published online: 21 April 2022

References

1. Bray F, Ferlay J, Soerjomataram |, Siegel RL, Torre LA, Jemal A. Global
cancer statistics 2018: GLOBOCAN estimates of incidence and mortality
worldwide for 36 cancers in 185 countries. CA: A Cancer J Clinicians.
2018,68(6):394-424.

2. Pawa N, Arulampalam T, Norton JD. Screening for colorectal cancer:
established and emerging modalities. Nat Rev Gastroenterol Hepatol.
2011;8(12):711-22.

3. Rawla P, Sunkara T, Barsouk A. Epidemiology of colorectal cancer: inci-
dence, mortality, survival, and risk factors. Przeglad gastroenterologiczny.
2019;14(2):89-103.

4. Brouwer NPM, Bos A, Lemmens V, Tanis PJ, Hugen N, Nagtegaal ID,

de Wilt JHW, Verhoeven RHA. An overview of 25 years of incidence,

treatment and outcome of colorectal cancer patients. Int J Cancer.

2018;143(11):2758-66.

Henry NL, Hayes DF. Cancer biomarkers. Mol Oncol. 2012;6(2):140-6.

6. Ryan KM, Phillips AC, Vousden KH. Regulation and function of the p53
tumor suppressor protein. Curr Opin Cell Biol. 2001;13(3):332-7.

7. Russo A BazanV, lacopetta B, Kerr D, Soussi T, Gebbia N, Group TCCS.
The TP53 colorectal cancer international collaborative study on the
prognostic and predictive significance of p53 mutation: influence of
tumor site, type of mutation, and adjuvant treatment. J Clin Oncol.
2005;23(30):7518-28.

8. Mukund K, Syulyukina N, Ramamoorthy S, Subramaniam S. Right and left-
sided colon cancers - specificity of molecular mechanisms in tumorigen-
esis and progression. BMC Cancer. 2020;20(1):317.

9. Palaniappan A, Ramar K, Ramalingam S. Computational Identification of
Novel Stage-Specific Biomarkers in Colorectal Cancer Progression. PloS
one. 2016;11(5):e0156665.

10. Cai, Rattray NJW, Zhang Q, Mironova V, Santos-Neto A, Muca E, Vollmar
AKR, Hsu KS, Rattray Z, Cross JR, et al. Tumor Tissue-Specific Biomark-
ers of Colorectal Cancer by Anatomic Location and Stage. Metabolites.
2020;10(6):257.

11. RadicchiF, Castellano C, Cecconi F, Loreto V, Parisi D. Defining and
identifying communities in networks. Proc Natl Acad Sci USA.
2004;101(9):2658-63.

L

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33

34.

35.

Page 13 of 14

. Girvan M, Newman ME. Community structure in social and biological

networks. Proc Natl Acad Sci USA. 2002;99(12):7821-6.

. Rahiminejad S, Maurya MR, Subramaniam S. Topological and functional

comparison of community detection algorithms in biological networks.
BMC Bioinformatics. 2019;20(1):212.

. Blondel VD, Guillaume JL, Lambiotte R, Lefebvre E. Fast unfolding of

communities in large networks. J Stat Mech-Theory E. 2008;2008:10008.
https://iopscience.iop.org/article/10.1088/1742-5468/2008/10/P 10008/
meta?casa_token=0ejSyPnVx5sAAAAA:aaclYilgRTE-I1aCVbaOvIX214Z
CWM6WawjzBmZVmlLwkKPcicshmuRVTQQYHIOL8ripJTRUyoA.

. ErnstJ, Bar-Joseph Z. STEM: a tool for the analysis of short time series

gene expression data. BMC Bioinformatics. 2006;7:191.

. Ernst J, Nau GJ, Bar-Joseph Z. Clustering short time series gene expression

data. Bioinformatics. 2005;21(Suppl 1):i159-168.

. Tsukamoto S, Ishikawa T, lida S, Ishiguro M, Mogushi K, Mizushima H,

Uetake H, Tanaka H, Sugihara K. Clinical significance of osteoprote-
gerin expression in human colorectal cancer. Clinical cancer research :
an official journal of the American Association for Cancer Research.
2011;17(8):2444-50.

. Irizarry RA, Bolstad BM, Collin F, Cope LM, Hobbs B, Speed TP. Sum-

maries of Affymetrix GeneChip probe level data. Nucleic Acids Res.
2003;31(4)e15.

. Pearson K. On lines and planes of closest fit to systems of points in space.

Philos Mag. 1901,2(7-12):559-72.

van der Maaten L, Hinton G. Visualizing Data using t-SNE. J Mach Learn
Res. 2008;9:2579-605.

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, Smyth GK. limma
powers differential expression analyses for RNA-sequencing and micro-
array studies. Nucleic acids research. 2015;43(7):e47.

Kuncheva LI, Hadjitodorov ST. Using diversity in cluster ensembles. leee
Sys Man Cybern. 2004;2:1214-9.

Huang DW, Sherman BT, Lempicki RA. Bioinformatics enrichment tools:
paths toward the comprehensive functional analysis of large gene lists.
Nucleic Acids Res. 2009;37(1):1-13.

Huang DW, Sherman BT, Lempicki RA. Systematic and integrative
analysis of large gene lists using DAVID bioinformatics resources. Nat
Protoc. 2009;4(1):44-57.

Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and genomes.
Nucleic Acids Res. 2000;28(1):27-30.

Emmert-Streib F, de Matos SR, Mullan P, Haibe-Kains B, Dehmer M.

The gene regulatory network for breast cancer: integrated regulatory
landscape of cancer hallmarks. Front Genet. 2014;5:15.

Tang Z, Li C, Kang B, Gao G, Li C, Zhang Z. GEPIA: a web server for
cancer and normal gene expression profiling and interactive analyses.
Nucleic Acids Res. 2017;45(W1):W98-102.

Szklarczyk D, Gable AL, Lyon D, Junge A, Wyder S, Huerta-Cepas

J, Simonovic M, Doncheva NT, Morris JH, Bork P, et al. STRING v11:
protein-protein association networks with increased coverage, sup-
porting functional discovery in genome-wide experimental datasets.
Nucleic Acids Res. 2019;47(D1):D607-13.

Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, Amin

N, Schwikowski B, Ideker T. Cytoscape: a software environment for
integrated models of biomolecular interaction networks. Genome Res.
2003;13(11):2498-504.

Drugs Approved for Colon and Rectal Cancer. https://www.cancer.gov/
about-cancer/treatment/drugs/colorectal.

Wishart DS, Knox C, Guo AC, Shrivastava S, Hassanali M, Stothard P,
Chang Z, Woolsey J. DrugBank: a comprehensive resource for in silico
drug discovery and exploration. Nucleic Acids Res. 2006;34(Database
issue):D668-672.

Csardi G, Nepusz T. The igraph software package for complex network
research. InterJournal, Complex Systems. 2006;1695:1-9.

Richardson AD, Yang C, Osterman A, Smith JW. Central carbon metabo-
lism in the progression of mammary carcinoma. Breast Cancer Res
Treat. 2008;110(2):297-307.

Fang JY, Richardson BC. The MAPK signalling pathways and colorectal
cancer. Lancet Oncol. 2005;6(5):322-7.

Cheung LW, Mills GB. Targeting therapeutic liabilities engendered

by PIK3R1 mutations for cancer treatment. Pharmacogenomics.
2016;17(3):297-307.


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE21510
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE21510
https://iopscience.iop.org/article/10.1088/1742-5468/2008/10/P10008/meta?casa_token=0ejSyPnVx5sAAAAA:aacIYiIgRTE-I1aCVbaOvlX214ZCWM6WawjzBmZVmLwkKPcicshmuRVTQQYHl9L8ripJTRUyoA
https://iopscience.iop.org/article/10.1088/1742-5468/2008/10/P10008/meta?casa_token=0ejSyPnVx5sAAAAA:aacIYiIgRTE-I1aCVbaOvlX214ZCWM6WawjzBmZVmLwkKPcicshmuRVTQQYHl9L8ripJTRUyoA
https://iopscience.iop.org/article/10.1088/1742-5468/2008/10/P10008/meta?casa_token=0ejSyPnVx5sAAAAA:aacIYiIgRTE-I1aCVbaOvlX214ZCWM6WawjzBmZVmLwkKPcicshmuRVTQQYHl9L8ripJTRUyoA
https://www.cancer.gov/about-cancer/treatment/drugs/colorectal
https://www.cancer.gov/about-cancer/treatment/drugs/colorectal

Rahiminejad et al. BMC Cancer (2022) 22:436

36.

37.

38.

39.

40.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

57

Itatani Y, Kawada K, Sakai Y. Transforming Growth Factor-beta Signaling
Pathway in Colorectal Cancer and Its Tumor Microenvironment. Int J
Mol Sci. 2019;20(23):5822.

Gao L, Ge C,Wang S, Xu X, Feng Y, Li X, Wang C, Wang Y, Dai F, Xie S.
The Role of p53-Mediated Signaling in the Therapeutic Response of
Colorectal Cancer to 9F, a Spermine-Modified Naphthalene Diimide
Derivative. Cancers. 2020;12(3):528.

Wang Q, He G, Hou M, Chen L, Chen S, Xu A, Fu Y. Cell Cycle Regulation
by Alternative Polyadenylation of CCND1. Sci Rep. 2018;8(1):6824.
Zhang C, Zhu Q, Gu J, Chen S, Li Q, Ying L. Down-regulation of CCNE1
expression suppresses cell proliferation and sensitizes gastric carci-
noma cells to Cisplatin. Biosci Rep. 2019;39(6):BSR20190381.

Shi XN, LiH, Yao H, Liu X, Li L, Leung KS, Kung HF, Lin MC. Adapalene
inhibits the activity of cyclin-dependent kinase 2 in colorectal carci-
noma. Mol Med Rep. 2015;12(5):6501-8.

. Jeong KY. Inhibiting focal adhesion kinase: A potential target for

enhancing therapeutic efficacy in colorectal cancer therapy. World
journal of gastrointestinal oncology. 2018;10(10):290-2.

Slattery ML, Mullany LE, Sakoda L, Samowitz WS, Wolff RK, Stevens JR,
Herrick JS. The NF-kappaB signalling pathway in colorectal cancer:
associations between dysregulated gene and miRNA expression. J
Cancer Res Clin Oncol. 2018;144(2):269-83.

Liu X, Ji Q, Fan Z, Li Q. Cellular signaling pathways implicated in metas-
tasis of colorectal cancer and the associated targeted agents. Future
Oncol. 2015;11(21):2911-22.

WangT, Lin F, Sun X, Jiang L, Mao R, Zhou S, Shang W, Bi R, Lu F, Li S.
HOXB8 enhances the proliferation and metastasis of colorectal cancer
cells by promoting EMT via STAT3 activation. Cancer Cell Int. 2019;19:3.
Li X, Lin H, Jiang F, Lou Y, Ji L, Li S. Knock-Down of HOXB8 Prohibits Pro-
liferation and Migration of Colorectal Cancer Cells via Wnt/beta-Catenin
Signaling Pathway. Med Sci Monit. 2019;25:711-20.

Kramer N, Schmollerl J, Unger C, Nivarthi H, Rudisch A, Unterleuthner

D, Scherzer M, RiedI A, Artaker M, Crncec |, et al. Autocrine WNT2 signal-
ing in fibroblasts promotes colorectal cancer progression. Oncogene.
2017;36(39):5460-72.

Jung YS, Jun S, Lee SH, Sharma A, Park JI. Wnt2 complements Wnt/beta-
catenin signaling in colorectal cancer. Oncotarget. 2015;6(35):37257-68.
Liu X, Fu J, BiH, Ge A, XiaT, LiuY, Sun H, Li D, Zhao Y. DNA methylation of
SFRP1, SFRP2, and WIF1 and prognosis of postoperative colorectal cancer
patients. BMC Cancer. 2019;19(1):1212.

Carmona FJ, Azuara D, Berenguer-Llergo A, Fernandez AF, Biondo S, de
Oca J, Rodriguez-Moranta F, Salazar R, Villanueva A, Fraga MF, et al. DNA
methylation biomarkers for noninvasive diagnosis of colorectal cancer.
Cancer Prev Res. 2013;6(7):656-65.

Ozcan O, Kara M, Yumrutas O, Bozgeyik E, Bozgeyik |, Celik Ol. MTUST and
its targeting miRNAs in colorectal carcinoma: significant associations.
Tumour Biol. 2016;37(5):6637-45.

Zuern C, Heimrich J, Kaufmann R, Richter KK, Settmacher U, Wanner C,
Galle J, Seibold S. Down-regulation of MTUST in human colon tumors.
Oncol Rep. 2010;23(1):183-9.

Hu H,Wang T, Pan R, Yang Y, Li B, Zhou C, Zhao J, Huang Y, Duan S.
Hypermethylated Promoters of Secreted Frizzled-Related Protein

Genes are Associated with Colorectal Cancer. Pathol Oncol Res : POR.
2019;25(2):567-75.

Loktionov A. Biomarkers for detecting colorectal cancer non-invasively:
DNA, RNA or proteins? World J Gastrointes Oncol. 2020;12(2):124-48.
Tsuneyoshi N, Fukudome K, Horiguchi S, Ye X, Matsuzaki M, Toi M, Suzuki
K, Kimoto M. Expression and anticoagulant function of the endothelial
cell protein C receptor (EPCR) in cancer cell lines. Thromb Haemost.
2001;85(2):356-61.

Lal N, Willcox CR, Beggs A, Taniere P, Shikotra A, Bradding P, Adams R,
Fisher D, Middleton G, Tselepis C, et al. Endothelial protein C recep-

tor is overexpressed in colorectal cancer as a result of amplification

and hypomethylation of chromosome 20q. Journal Pathol Clin Res.
2017;3(3):155-70.

LeiY, Zhou S, Hu Q, Chen X, Gu J. Carbohydrate response element
binding protein (ChREBP) correlates with colon cancer progression and
contributes to cell proliferation. Sci Rep. 2020;10(1):4233.

Itatani Y, Kawada K, Inamoto S, Yamamoto T, Ogawa R, Taketo MM, Sakai Y.
The Role of Chemokines in Promoting Colorectal Cancer Invasion/Metas-
tasis. Int J Mol Sci. 2016;17(5):643.

Page 14 of 14

58. Park HK, Kim IH, Kim J, Nam TJ. Induction of apoptosis and the regulation
of ErbB signaling by laminarin in HT-29 human colon cancer cells. Int J
Mol Med. 2013;32(2):291-5.

59 Ceci C, Atzori MG, Lacal PM, Graziani G. Role of VEGFs/VEGFR-1 Signaling
and its Inhibition in Modulating Tumor Invasion: Experimental Evidence
in Different Metastatic Cancer Models. Int J Mol Sci. 2020:21(4):1388.

60. Yarom N, Jonker DJ. The role of the epidermal growth factor receptor
in the mechanism and treatment of colorectal cancer. Discov Med.
2011;11(57):95-105.

61. Wishart DS, Feunang YD, Guo AC, Lo EJ, Marcu A, Grant JR, Sajed T,
Johnson D, Li C, Sayeeda Z, et al. DrugBank 5.0: a major update to the
DrugBank database for 2018. Nucleic Acids Res. 2018;46(D1):D1074-82.

62. Abou-Elkacem L, Arns S, Brix G, Gremse F, Zopf D, Kiessling F, Lederle
W. Regorafenib inhibits growth, angiogenesis, and metastasis in a
highly aggressive, orthotopic colon cancer model. Mol Cancer Ther.
2013;12(7):1322-31.

63. Schmieder R, Hoffmann J, Becker M, Bhargava A, Muller T, Kahmann N,
Ellinghaus P, Adams R, Rosenthal A, Thierauch KH, et al. Regorafenib (BAY
73-4506): antitumor and antimetastatic activities in preclinical models of
colorectal cancer. Int J Cancer. 2014;135(6):1487-96.

64. Grothey A, Blay JY, Pavlakis N, Yoshino T, Bruix J. Evolving role of
regorafenib for the treatment of advanced cancers. Cancer Treatment
Rev. 2020;86:101993.

65. Oliveira DM, Grillone K, Mignogna C, De Falco V, Laudanna C, Biamonte
F, Locane R, Corcione F, Fabozzi M, Sacco R, et al. Correction to: Next-
generation sequencing analysis of receptor-type tyrosine kinase genes
in surgically resected colon cancer: identification of gain-of-function
mutations in the RET proto-oncogene. Journal of experimental & clinical
cancer research : CR. 2018;37(1):112.

66. Luo Y, Tsuchiya KD, Park DI, Fausel R, Kanngurn S, Welcsh P, Dzieciatkowski
S,Wang J, Grady WM. RET is a potential tumor suppressor gene in colo-
rectal cancer. Oncogene. 2013;32(16):2037-47.

67. Mohammad Rezaei F, Hashemzadeh S, Ravanbakhsh Gavgani R, Hossein-
pour Feizi M, Pouladi N, Samadi Kafil H, Rostamizadeh L, Kholghi Oskooei
V, Taheri M, Sakhinia E. Dysregulated KDR and FLT1 Gene Expression in
Colorectal Cancer Patients. Reports of biochemistry & molecular biology.
2019;8(3):244-52.

68 Lafitte M, Sirvent A, Roche S. Collagen Kinase Receptors as Potential
Therapeutic Targets in Metastatic Colon Cancer. Front Oncol. 2020;10:125.

69. Ose J,Botma A, Balavarca Y, Buck K, Scherer D, Habermann N, Beyerle J,
Pfutze K, Seibold P, Kap EJ, et al. Pathway analysis of genetic variants in
folate-mediated one-carbon metabolism-related genes and survival in a
prospectively followed cohort of colorectal cancer patients. Cancer Med.
2018;7(7):2797-807.

70. Jiang H, Li B, Wang F, Ma C, Hao T. Expression of ERCCT and TYMS in colo-
rectal cancer patients and the predictive value of chemotherapy efficacy.
Oncol Lett. 2019;18(2):1157-62.

71. Fujita K, Kubota Y, Ishida H, Sasaki Y. Irinotecan, a key chemothera-
peutic drug for metastatic colorectal cancer. World J Gastroenterol.
2015;21(43):12234-48.

72. Jonker DJ, O'Callaghan CJ, Karapetis CS, Zalcberg JR, Tu D, Au HJ, Berry SR,
Krahn M, Price T, Simes RJ, et al. Cetuximab for the treatment of colorectal
cancer. N Engl J Med. 2007,357(20):2040-8.

73. McCormack PL, Keam SJ. Bevacizumab - A review of its use in metastatic
colorectal cancer. Drugs. 2008;68(4):487-506.

74. Strehl A, Ghosh J. Cluster ensembles - A knowledge reuse framework for
combining multiple partitions. J Mach Learn Res. 2002;3:583-617.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.



	Modular and mechanistic changes across stages of colorectal cancer
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Materials and methods
	Microarray data pre-processing
	Differentially expressed genes (DEGs)
	Network construction
	Community detection
	Topological and functional comparison of communities
	Edge-based functional enrichment
	Biomarker identification
	Supervised analysis with key genes
	Drug-target-PPI network

	Results and discussion
	Identification of DEGs
	Correlation-based network analysis
	Neighboring stages are functionally and topologically similar
	Functional analysis at the whole network level
	In-silico validation

	Biomarkers
	Four distinct biomarker trends identified in CRC via STEM analysis
	Stage-specific biomarkers

	Evolution of subnetwork of key genes and their first neighbors across different stages
	Drug-Target-PPI network

	Conclusion
	Acknowledgements
	References


