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ABSTRACT

Field cancerization (FC) occurs in various epithelial carcinomas, including
colorectal cancer, which indicates that the molecular events in carcinogenesis
might occur in normal tissues extending from tumors. However, the transcriptomic
characteristics of FC in colorectal cancer (CRC) remain largely unexplored. To
investigate the changes in gene expression associated with proximity to the tumor,
we analyzed the global gene expression profiles of cancer tissues and histologically
normal tissues taken at various distances from the tumor (1 cm, 5 cm and the
proximal end of the resected sample) from 32 rectal cancer patients. Significantly
differentially expressed genes related to the distance from the tumor were screened
by linear mixed effects analysis using the Ime4 package in R. The distance-related
differentially expressed genes that were gradually up-regulated (n=302) or gradually
down-regulated (n=568) from normal tissues to the tumor were used to construct
protein-protein interaction (PPI) networks. Three subnetworks among the gradually
up-regulated genes and four subnetworks among the gradually down-regulated genes
were identified using the MCODE plugin in the Cytoscape software program. The most
significantly enriched Gene Ontology (GO) biological process terms were “ribosome
biogenesis”, "mRNA splicing via spliceosome”, and “positive regulation of leukocyte
migration” for the gradually up-regulated subnetworks and “cellular calcium ion
homeostasis”, “cell separation after cytokinesis”, “cell junction assembly”, and “fatty
acid metabolic process” for the gradually down-regulated subnetworks. Combined
with the previously constructed multistep carcinogenesis model used for the analysis,
50.59% of the genes in the subnetworks (43/85) displayed identical changes in
expression from normal colon tissues to adenoma and colon cancer. We focused on
the 7 genes associated with fatty acid metabolic processes in the distance-related
down-regulated subnetwork. Survival analysis of patients in the CRC dataset from
The Cancer Genome Atlas (TCGA) revealed that higher expression of these 7 genes,
especially CPT2, ACAA2 and ACADM, was associated with better prognosis (p = 0.034,
p = 0.00058, p = 0.039, p = 0.04). Cox proportional hazards regression analysis
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revealed that CPT2 was an independent prognostic factor (p = 0.004131). Our results
demonstrate that field cancerization occurs in CRC and affects gene expression in
normal tissues extending from the tumor, which may provide new insights into CRC

oncogenesis and patient progression.

INTRODUCTION

Colorectal cancer (CRC) is the third most
common cancer in both men and women [1]. It is
commonly accepted that CRC develops through a
multistep carcinogenesis process from normal colorectal
epithelium to adenoma, which then progresses to cancer,
accompanied by the accumulation of molecular alterations
[2]. The molecular changes that give rise to the cancer can
occur long before the morphological abnormality of the
tissue. Studies of such early molecular alterations could
provide valuable information in risk assessment, early
cancer detection and monitoring of progression in cancer
management.

In carcinogenesis, the concept of field cancerization
(FC, also known as field carcinogenesis, field effect, field
defect) was proposed by Slaughter et al. in 1953 in a
study of normal tissues in oral squamous cell carcinoma
[3]. FC refers to the phenomenon in which histologically
adjacent normal tissues have molecular alterations similar
to those of the tumor itself. That is, the aberrant molecular
alterations and environmental modifications are present
throughout the organ that gives rise to the tumor [4]. This
phenomenon has been studied in several epithelial tumors,
including non-small cell lung cancer [5, 6], colorectal
cancer [7, 8], breast cancer [9], head and neck cancer [10]
and prostate cancer [11, 12].

The colorectum has a continuous epithelium
that is exposed to environmental substances, including
carcinogens, and thus provides an ideal model to study
FC. A gradient of carcinoembryonic antigen (CEA)
expression has been observed in normal tissues adjacent
to CRC [13]. Recent studies of FC have revealed that
genetic and epigenetic changes are common in normal
tissues adjacent to the tumor in CRC. Normal tissues
surrounding the tumor to distances as far as 10 cm exhibit
chromosomal instability [14]. Nuclear abnormalities
present in normal-appearing tissue in the field of CRC
include chromatin compaction and rearrangement [8].
Galandiuk et al. observed the same mutation in TP53
in both cancer and normal epithelium [15]. Aberrant
DNA methylation has been identified as a potential
biomarker of FC in the colon. Hypermethylation of the
Of%-methylguanine-DNA methyltransferase gene (MGMT)
promoter has been observed in normal tissues from CRC
patients [16—18] and favors transition mutations in P53
and KRAS, suggesting an association with the progression
of CRC. Other reported hypermethylated genes observed
in normal tissues of CRC patients include SFRP2, TFPI2,
NDRG4, BMP3 [7] and ADAMTS14 [16]. In addition to
genetic and epigenetic changes, Facista et al. observed

expression deficiencies in the DNA repair proteins Pms2,
Erccl and Xpf in approximately 1 million crypts near
cancers, providing evidence of FC at the protein level [19].
Notably, promoter methylation of MGMT in CRC is also
associated with the adenoma-carcinoma sequence [20],
indicating it might act as an early event in the oncogenesis
of CRC.

Although considerable progress has made in
profiling the genetic and epigenetic changes in FC of
CRC, the transcriptome of histologically normal tissues
in FC has not been clearly characterized. In this study, we
performed integrated bioinformatics analysis of global
gene expression profiles of matched cancer tissues and
adjacent histologically normal tissues taken at various
distances from the tumor (1 cm, 5 cm and the proximal
end of the resected sample) to define the transcriptomic
characteristics of distance-related FC in rectal cancer
patients. Combined with a multistep carcinogenesis model,
we report the key function changes in FC and identify
carnitine palmitoyltransferase I (CPT2) as an independent
prognostic factor in CRC patients, offering new insights
into oncogenesis and patient progression.

RESULTS

Global gene expression profile analysis of field
cancerization in rectal cancer patients

To illustrate distance-related FC, we collected
tumor tissues and paired normal tissues from specimens
surgically resected from 32 rectal cancer patients (one
patient had colon cancer in addition to rectal cancer).
The paired adjacent histologically normal tissues were
collected at three different distances from the tumors as
follows: 1 cm from the tumor (N1), 5 cm from the tumor
(N5) and as far as possible from the tumor (proximal
end of the resected sample, NP). The gene expression
profiles of all 128 samples were analyzed. The clinical
characteristics of the patients are summarized in Table 1.
Detailed clinical information for the patients, including
the exact distance of NP from the tumor, is presented in
Supplementary Table 1. A schematic representation of the
study design is shown in Figure 1.

After data preprocessing, we performed a principle
component analysis (PCA) and hierarchical clustering of
the data to observe the overall differences in expression
in the samples (Supplementary Figure 1). The difference
between cancer and normal tissues is more obvious than
individual differences, as all cancer samples are clustered
together and are separate from the normal samples. Then,
we conducted a linear mixed effects analysis to identify
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Table 1: Clinical characteristics of the patients

Clinical characteristic

No. of patients (%)

Total no.
Age (year)
>60
<60
Gender
Male
Female
TNM stage
I+10
11 + 1V
Differentiation
Well and mod
Poorly
Polyps
With
Without

32 (100)

17 (53)
15 (47)

19 (59)
13 (41)

15 (47)
17 (53)

28 (88)
40 (12)

14 (44)
18 (56)

Cancer and normal tissues of

Agilent expression microarray

g NPCNS S NI T
o 0 = m w
Linear mixed
—_— —_—
effects analysis
1 . ‘ | ;

32 rectal cancer patients

Fatty acid metabolic

associated genes

lPrognosis evaluation

—
TCGA CRC RNAseq data

Multistep carcinogenesis model

Normal colon Cancer

n=12

Adenoma

|

Figure 1: Schematic representation of the stepwise selection and evaluation of genes with distance-related expression
patterns. Cancer tissues and corresponding adjacent histologically normal tissues were obtained from 32 rectal cancer patients who underwent
surgery. The samples obtained from each patient included primary rectal cancer tissue (T) and adjacent histologically normal tissues taken 1
cm from the tumor (N1), 5 cm from the tumor (N5) and as far as possible from the tumor (proximal end of the resected sample, NP).
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the distance-related differentially expressed genes using a
false discovery rate (FDR) cutoff < 0.0001, which yielded
870 genes, of which 302 were gradually up-regulated
(Supplementary Table 2) and 568 were gradually down-
regulated (Supplementary Table 3) from normal tissues
to tumors (Supplementary Figure 2). We considered
these distance-related differentially expressed genes
as representing FC in rectal cancer patients for further
analysis.

Protein-protein interaction network analysis
of the distance-related differentially expressed
genes

We used these distance-related up-regulated genes
(302) and down-regulated genes (568) to construct PPI
networks in STRING. The largest connected subnetwork
for the up- and down-regulated PPI networks contained
208 nodes (Figure 2A) and 287 nodes (Figure 2C),
respectively. The node degree of both networks follows
a power law distribution (Supplementary Figure 3). We
then extracted discrete clusters from the subnetworks
using the MCODE plugin in Cytoscape software.
There were 3 clusters in the up-regulated subnetwork
(left column of Figure 2C) and 4 clusters in the down-
regulated subnetwork (left column of Figure 2D), which
included a total of 85 genes. The gene members of the
3 up-regulated clusters and 4 down-regulated clusters are
listed in Figure 3A and 3B, respectively. These 7 clusters
were considered the most relevant gene sets of FC related
to tumor proximity.

We then examined the functions of these 7 clusters
using Gene Ontology (GO) enrichment analysis. Up to 15 of
the most significantly enriched GO biological process terms
corresponding to the clusters are shown in the right columns
of Figure 2C and 2D. The enriched functions of these
clusters are centralized. The most significantly enriched
terms were ‘“ribosome biogenesis”, “mRNA splicing
via spliceosome”, and “positive regulation of leukocyte
migration” for the gradually up-regulated cluster 1 to cluster
3, respectively, and “cellular calcium ion homeostasis”,
“cell separation after cytokinesis”, “cell junction assembly”,
and “fatty acid metabolic process” for the gradually down-
regulated cluster 1 to cluster 4, respectively. These functions
are likely closely related to FC with proximity to the tumor
in rectal cancer patients.

Cross validation of expression pattern of
distance-related differentially expressed genes in
the multistep carcinogenesis model

In addition to the distance-related FC model we
built in this study, our laboratory previously constructed
a multistep carcinogenesis model composed of the
gene expression profiles of 12 normal colon mucosa
samples, 51 adenoma biopsy samples and 25 colon

adenocarcinoma samples. Clinical characteristics
of these samples are summarized in Supplementary
Table 4. We then cross validated the distance-related
differentially expressed genes in the multistep
carcinogenesis model to investigate whether their
expression trends from normal tissues to adenoma and
cancer were similar. Among the 870 distance-related
differentially expressed genes, 343 genes (39.43%)
exhibited identical trends in up-regulated (131/302,
43.05%) or down-regulated (212/568, 37.32%)
expression from normal tissues to cancer tissues in
the two models. Among the 85 genes in the 7 clusters
identified in the PPI networks, 43 genes (50.59%) had
similar trends in expression from normal tissues to
cancer tissues in the two models, of which 32 genes
(red color in Figure 3A) were up-regulated and 11
genes (green color in Figure 3B) were down-regulated
in cancer tissues. The expression patterns of these
43 genes in the multistep carcinogenesis model are
shown in Figure 3C and 3D. Notably, of the 35 genes
in the “ribosome biogenesis” GO term of the distance-
related up-regulated cluster 1, 26 genes (74.29%) were
also up-regulated in the tumor tissue in the multistep
carcinogenesis model. This agreement indicates the
importance of up-regulation of ribosome biogenesis
in carcinogenesis. We considered the genes that were
differentially expressed in both the distance-related FC
model and multistep carcinogenesis model more relevant
to cancer initiation and progression.

Prognostic value of fatty acid metabolic process-
associated genes

Given the impact of mitochondrion genome
mutations on FC, we focused on fatty acid metabolic
process-associated genes, which reflect the function of the
mitochondrion, and evaluated their prognostic value in
the CRC dataset from The Cancer Genome Atlas (TCGA)
(Figure 4). Using hierarchical clustering of the 7 genes
to divide the patients into two groups (Figure 4A), the
7-gene signature was found to be significantly associated
with overall 5-year survival in 375 CRC patients (log-rank
p = 0.034, Figure 4B). For each member of the 7-gene
signature, we divided the samples into a higher expression
group and a lower expression group based on the median
gene expression value. Both the log-rank test and the
univariate Cox regression analysis confirmed that lower
expression of CPT2, ACAA2 and ACADM in cancer
tissues could predict poor prognosis of CRC patients
(Figure 4C, 4D and 4E). Multivariate Cox proportional
hazards regression analysis validated CPT2 as an
independent prognostic factor (p = 0.004131). The Cox
proportional hazards regression analysis of the clinical
characteristics (including age, gender and TNM stage),
gene signature and each single gene of the TCGA CRC
dataset is shown in Table 2.
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Figure 2: PPI network analysis of the distance-related differentially expressed genes. The distance-related differentially
expressed genes were imported into STRING to construct PPI networks. The largest connected subnetworks of distance-related up-
regulated genes (A) and down-regulated genes (C) are shown. The left columns of (B) and (D) show the discrete clusters identified from
the network, whereas the corresponding right columns show the most significant enriched GO terms for each cluster.
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Figure 3: Cross validation of the gene expression patterns in the multistep carcinogenesis model. (A) and (B) list the genes
of the distance-related up-regulated and down-regulated clusters, respectively. The colored genes in (A) and (B) exhibited identical up- and
down-regulation trends from normal colon mucosa through adenoma to colon cancer. Their expression patterns are shown in (C) and (D),
respectively, with red color for up-regulation in the tumor and green color for down-regulation.
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Figure 4: Five-year survival analysis of the 7 fatty acid metabolism-associated genes in the TCGA CRC dataset. (A)
Hierarchical clustering of the 7 fatty acid metabolism-associated genes from the TCGA CRC dataset. The expression levels of the genes are
illustrated as a color spectrum, with red, black and green representing high, medium and low expression, respectively, in a matrix indexed
by genes in rows and samples in columns. The samples were divided into two groups. (B) Kaplan-Meier survival analysis and log-rank
test of these 7 genes, using hierarchical clustering of their expression values as the categorical variable to divide the 375 patients into two
groups. (C), (D) and (E) show the Kaplan-Meier survival curves for CPT2, ACAA2 and ACADM, respectively.
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Table 2: Cox proportional hazards regression analysis of overall survival in TCGA dataset, including gender, age,
TNM stage and gene expression (n=375)

Univariate cox regression

Multivariate cox regression

Factors HR 95% CI P HR 95% CI P
Gender M/F 1.0871 0.6902-1.712  0.719 0.9357 0.5726-1.529  0.790835
Age 1.028 1.009-1.048  0.0038 * 1.0385 1.0171-1.0604  0.000373  *
Stage 11 1.084 0.3928-2.99  0.876652 0.966 0.344-2.7107 0.947
11 3.007 1.1636-7.772 0.023043 * 2.789 1.0258-7.5823  0.044444  *
v/l 5.644 2.1162-15.051 0.000545 * 6.026 2.1317-17.0328 0.000705  *
or Iﬁ?;vﬁ 1.6626 1.035-2.671  0.0357 * 0.6903 0.3116-1.5294  0.361205
CPT2 0.9985 0.9977-0.9993 0.000251 * 0.9984 0.9973-0.9995  0.004131  *
ACADM 0.9989 0.9982-0.9996 0.00318 * 0.9999 0.999-1.0007  0.775074
ACAA2 0.9997 0.9995-0.9999 0.00577 * 0.9998 0.9995-1 0.068882
ACAA1 1 0.9994-1 0.884 1 0.9995-1.0008  0.654016
ACADS 0.9996 0.9992-1 0.149 1 0.9999-1.0011  0.127275
ACSS2 0.9999 0.9997-1 0.469 0.9998 0.9996-1 0.111654
ACSF2 1 0.9993-1 0.928 1 0.9992-1.0009  0.975314

§Samples were divided into two groups based on the hierarchical clustering of gene expression of the 7 fatty acid metabolic

associated genes (gr). *p<0.05. HR: hazard ratio; CI: confidence interval.

DISCUSSION

In this study, we built a distance-related model to
study the characteristics of the FC transcriptome in rectal
cancer patients. We identified significantly differentially
expressed genes with gradient distance-related expression
trends from normal adjacent tissues to the tumor by
linear mixed effects analysis. Moreover, we revealed the
key function changes in FC by PPI network analysis,
and half of these key function-related genes exhibited
similar expression trends from normal colon mucosa to
adenoma and cancer, supporting possible roles in CRC
pathogenesis. In addition, higher expression of distance-
related down-regulated fatty acid metabolism-associated
genes was associated with the prognosis of CRC patients.
CPT2 was shown to be an independent prognostic factor in
predicting the overall survival of CRC patients.

CRC is an ideal model for investigating FC due
to its continuous epithelium. Normal-appearing tissues
adjacent to the tumor have epigenetic, proteomic and
structural alterations in CRC patients [7, 8, 16, 21].
Using a similar study design, Hawthorn et al. compared
transcript expression in a series of tumors and sites
ranging from 1 to 10 cm distal to the tumor in 12 colon
cancer patients [14]. Because they found no differentially
expressed genes among the normal epithelial cell
groups, we incorporated the tumor tissue as the 0 point
in the distance-related model and identified 870 distance-

related differentially expressed genes by linear mixed
effects analysis. Multistep carcinogenesis models are
used to study the molecular alterations at various stages
of cancer development to identify early events during
carcinogenesis. Such models are particularly important in
CRC because it is commonly accepted that CRC develops
through a normal-to-adenoma-to-cancer progression
sequence [2]. Hypermethylation of the DNA repair gene
MGMT is a widely studied FC marker that has been
found in both precancerous lesions and normal-appearing
cells adjacent to tumors [17, 20]. In our study, 39.43%
(343/870) of the distance-related differentially expressed
genes exhibited similar up- or down-regulation trends in
tumors compared to the normal mucosa and adenomas.
This result indicates that the gene expression changes in
FC might be a useful resource for discovering potential
uncharacterized molecules in CRC pathogenesis.

Our analyses of the key PPI clusters of the distance-
related differentially expressed genes indicated significant
up-regulation of ribosome biogenesis in the tumor, with
74.29% (26/35) of the members of the cluster exhibiting
similar expression trends in both models (first column of
Figure 3A). This high degree of consistency indicates the
relationship between up-regulated ribosome biogenesis and
cancer onset. Ribosomes are organelles that function in
protein synthesis, which is one important step in the central
dogma of molecular biology, i.e., translation. The ribosome
biogenesis process includes ribosome DNA transcription
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in the nucleus, ribosome RNA (rRNA) assembly in the
nucleoplasm and, finally, ribosome completion in the
cytoplasm [22]. In addition to its important role in cellular
physiological processes, growing evidence suggests that up-
regulated ribosome biogenesis has a close relationship with
cancer [23]. Based on the necessity of efficient ribosome
biogenesis for the increasing demand of protein synthesis
in the cell cycle, ribosome biogenesis regulates cell cycle
progression in proliferating cells [24, 25]. The stimulatory
factors that regulate the cell cycle also affect ribosome
production [26]. Recent studies have found that the rate of
ribosome biogenesis controls the expression and activity of
the tumor suppressor p53; that is, up-regulated ribosome
production down-regulates p53 expression, thus promoting
neoplastic transformation [27]. Ribosome biogenesis is also
involved in the relationship between chronic inflammation
and cancer [28]. Epidemiological studies have shown that
the reduced risk of cancer onset among regular non-steroidal
anti-inflammatory aspirin drug users is very likely due to the
perturbation of rRNA maturation [29, 30]. Our data suggest
that up-regulated ribosome biogenesis is a representative
function change in FC and likely occurs early in the
spatiotemporal dynamics of carcinogenesis.

Since Warburg first suggested the metabolic switch
in cancer cells, studies have highlighted the important role
of reprogrammed metabolic pathways during the process
of cellular transformation and cancer progression [31,
32]. Mitochondrial genomic mutation is an early marker
of FC in head and neck squamous cancer, gastrointestinal
cancer and prostate cancer [33—35]. Function analysis
of the distance-related down-regulated key PPI clusters
highlighted fatty acid metabolic processes, which reflect
the function of the mitochondrion, one of the important
changes in FC. The balance of fatty acid synthesis and
oxidation is disrupted in cancer [36]. Highly proliferative
cancer cells require increased fatty acid synthesis
for building new membranes and producing steroid
hormones to sustain cell growth [37]. Although fatty
acid oxidation is much more effective in producing ATP
than glycolysis, cancer cells prefer glycolysis to provide
energy [31]. Studies of cancer metabolism have revealed
that inhibition of the tumor suppressor p53 can activate
fatty acid synthesis and inhibit fatty acid oxidation [38,
39]. Increasing evidence suggests that fatty acids play an
immunomodulatory role in cancer progression [40, 41].
As shown in our study, fatty acid oxidation is inhibited in
cancer tissues compared to normal tissues, and 57.14%
(4/7) of the members of the cluster exhibited similar
down-regulation trends from normal tissues, to adenomas
and cancer tissues. Furthermore, 3 genes showed a
relationship with the prognosis of patients with CRC in
the TCGA dataset, and CPT2 was an independent factor
predicting overall survival. CPT2 is the key enzyme in
fatty acid oxidation and is located on the mitochondrial
membrane. Studies have recently revealed that CPT1 can
promote tumor growth in a T cell-dependent manner [40].
However, much less is known about the role of CPT2 in

cancer. Our results show that cancer tissues down-regulate
the expression of CPT2 and that higher expression of
CPT2 in cancer tissue independently predicts better
prognosis in CRC patients, indicating the important
role of fatty acid oxidation, especially CPT2, in cancer
progression.

Our study has several limitations. First, the samples
used in our distance-related model were all from patients
with rectal cancer, whereas the validation data included
both colon cancer and rectal cancer samples. Second,
although we observed the prognostic value of CPT2
in CRC patients, the molecular mechanism by which
CPT2 affects cancer progression is unknown. Further
investigations are needed. Third, we cannot arbitrarily
consider the FC clusters identified in our study as
representing the panorama of FC. We explored the
functions of the key FC clusters using a GO enrichment
analysis. An integration of the multi-omics data of
TCGA datasets would contribute to further analyses of
the potential regulatory pathways associated with FC
[42]. Our data contained information about IncRNA
expression that was not fully utilized. According to the
study by Wang et al., small molecule drugs treat cancer by
affecting miRNA expression, which is predicted based on
functional similarities [43]. Therefore, studies exploring
the relationship between FC-related IncRNA expression
and the small molecule drugs might provide information
for cancer therapy.

In conclusion, using a distance-related model
constructed to study FC in rectal cancer patients, we
identified key function changes in FC and found that
up-regulated ribosome biogenesis and down-regulated
fatty acid metabolism in cancer might occur early in
carcinogenesis. Moreover, we identified CPT2 as an
independent prognostic factor in CRC patients. Our
findings suggest that deep investigation of FC in CRC
may provide valuable information about oncogenesis and
disease progression.

MATERIALS AND METHODS

Collection of clinical samples

The clinical samples were collected from 32 rectal
cancer patients who underwent surgical resection at
the National Cancer Center/Cancer Hospital, Chinese
Academy of Medical Sciences, from 2014 to 2015.
We collected rectal cancer tissue samples (T) and
histologically normal tissue samples located at varying
distances from the tumors, including 1 cm from the
tumor (N1), 5 cm from the tumor (N5) and as far as
possible from the tumor (proximal end of the resected
sample, NP). Malignant and matched normal tissues
from each patient were snap-frozen in liquid nitrogen
and stored at -80°C for subsequent molecular analysis.
The status of all tissue specimens was confirmed
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histologically. Clinicopathological information was
obtained for all patients. The use of human samples for
this study was approved by the Ethics Committee of
the National Cancer Center/Cancer Hospital, Chinese
Academy of Medical Sciences, under approval number
CH-BMS-015.

Microarray analysis

Total RNA was extracted using the RNeasy Mini
kit (Qiagen, Germantown, MD, USA). The RNA was
quantified using an ND-1000 UV-VIS Spectrophotometer
(NanoDrop Technologies, Wilmington, DE, USA), and
its integrity was assessed using an RNA 6000 LabChip
kit in combination with an Agilent 2100 Bioanalyzer
(Agilent, Santa Clara, CA, USA). RNA with integrity
number (RIN) greater than 7.0 was used in this study. All
samples were analyzed using an Agilent SurePrint G3
Human GE v2 8x60K Microarray (G4851B). All sample-
labeling, hybridization and washing steps were conducted
according to the manufacturer’s instructions. The slides
were scanned with an Agilent SureScan Microarray
Scanner, and the fluorescence intensities on raw images
were read and processed to quantify data using Agilent
Feature Extraction Software (v10.5.1.1). The raw data
of gene features with median values greater than 100
were normalized by the median scale method using the R
package “limma” [44]. An expression matrix with 14,913
gene features was used for the subsequent analysis.

We used R [45] and Ime4 [46] to perform a linear
mixed effects analysis of the relationship between gene
expression and distance from the tumor. As a fixed
effect, we entered the distance from the tumor into
the model. As random effects, we entered intercepts
for person for the effect of gene expression. P-values
were obtained by likelihood ratio tests of the full model
with the effect in question against the model without
the effect in question. Genes with a false discovery
rate (FDR) < 0.0001 were considered significantly
distance-related differentially expressed genes that were
gradually up-regulated or down-regulated based on the
distance from the tumors.

Our laboratory previously constructed a multistep
carcinogenesis model comprising gene expression
profiles of 12 normal colon mucosa samples, 51 adenoma
biopsy samples and 25 colon adenocarcinoma samples
(GSE41657). We used a linear model to identify the
gradually down-regulated or up-regulated genes from the
normal colon mucosa, to adenoma and cancer tissues. A
FDR < 0.05 was considered statistically significant. For
the cross validation, the up-regulated and down-regulated
genes in both models were intersected.

The raw and processed gene expression data and
clinical information for the samples are publicly available
in the Gene Expression Omnibus (GEO) database under
series accession number GSE90627.

PPI network construction and subnetwork
analysis

STRING (Search Tool for the Retrieval of Interacting
Genes/Proteins) was employed to construct PPI networks
for distance-related up-regulated genes and down-regulated
genes [47]. The networks were constructed using the default
settings, which included only the high-confidence edges
with STRING scores greater than 0.4. The tab-delimited
format PPI networks were exported from STRING and
imported into Cytoscape. We then used the “Molecular
Complex Detection (MCODE)” Cytoscape plugin to
identify discrete clusters (or modules/subnetworks) from
the former PPI networks using default settings [48]. The top
clusters (subnetworks) were screened under the conditions
of minimum size=6 and minimum score=4. The subnetwork
visualization and Gene Ontology (GO) functional
enrichment analysis were conducted in STRING.

Survival analysis

TCGA CRC RNA sequencing data used for the
survival analysis were accessed using the R package
“TCGA2STAT” [49]. We calculated 5-year overall survival
for the 7-gene signature and for each single gene using
data from the TCGA CRC dataset. Hierarchical clustering
of the expression of the 7 genes divided the sample into
two groups, which was used as a categorical variable
to perform survival analysis. Kaplan-Meier survival
analysis and the log-rank test were used to evaluate the
prognostic value of the gene signature and single genes.
The Cox proportional hazards regression model was used
to evaluate the independence of the prognostic factors. The
variables tested in the Cox regression analysis included
age at time of diagnosis, gender, TNM stage and gene
expression. A p value of < 0.05 was considered significant.

Statistical analysis

All statistical tests were two-sided, and a 5% level of
significance was used. The statistical analyses in this study
were performed using R software (http://www.r-project.org).
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