BIOLOGY

©'PLOS

COMPUTATIONAL

Check for
updates

G OPEN ACCESS

Citation: Liu X, Chang X, Liu R, Yu X, Chen L,
Aihara K (2017) Quantifying critical states of
complex diseases using single-sample dynamic
network biomarkers. PLoS Comput Biol 13(7):
€1005633. https://doi.org/10.1371/journal.
pchi.1005633

Editor: Jason A Papin, University of Virginia,
UNITED STATES

Received: February 18, 2017
Accepted: June 19, 2017
Published: July 5, 2017

Copyright: © 2017 Liu et al. This is an open access
article distributed under the terms of the Creative
Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in
any medium, provided the original author and
source are credited.

Data Availability Statement: All influenza related
files are available from the GEO database
(accession number GSE30550), All tumor related
files are available from the TCGA database. TCGA
datasets can be accessed via website (https:/
portal.gdc.cancer.gov/search/s?facetTab=cases),
and projects TCGA-LUAD, TCGA-STAD and TCGA-
THCA were used in the manuscript.

Funding: This work was supported by the National
key research and development program of China
(No. 2017YFA0505500), the Strategic Priority

RESEARCH ARTICLE

Quantifying critical states of complex diseases
using single-sample dynamic network
biomarkers

Xiaoping Liu"23%°* Xiao Chang'-?**, Rui Liu®, Xiangtian Yu®, Luonan Chen'36*,
Kazuyuki Aihara'*

1 Institute of Industrial Science, the University of Tokyo, Tokyo, Japan, 2 College of Statistics and Applied
Mathematics, Anhui University of Finance and Economics, Bengbu, Anhui Province, China, 3 Key Laboratory
of Systems Biology, CAS Center for Excellence in Molecular Cell Science, Innovation Center for Cell
Signaling Network, Institute of Biochemistry and Cell Biology, Shanghai Institutes for Biological Sciences,
Chinese Academy of Sciences, Shanghai, China, 4 School of Mathematics and Statistics, Shandong
University at Weihai, Weihai, China, 5 School of Mathematics, South China University of Technology,
Guangzhou, China, 6 School of Life Science and Technology, ShanghaiTech University, Shanghai, China

© These authors contributed equally to this work.
} These authors shared first authorship.
* Inchen@sibs.ac.cn (LC); aihara@sat.t.u-tokyo.ac.jp (KA)

Abstract

Dynamic network biomarkers (DNB) can identify the critical state or tipping point of a dis-
ease, thereby predicting rather than diagnosing the disease. However, it is difficult to apply
the DNB theory to clinical practice because evaluating DNB at the critical state required the
data of multiple samples on each individual, which are generally not available, and thus limit
the applicability of DNB. In this study, we developed a novel method, i.e., single-sample
DNB (sDNB), to detect early-warning signals or critical states of diseases in individual
patients with only a single sample for each patient, thus opening a new way to predict dis-
eases in a personalized way. In contrast to the information of differential expressions used
in traditional biomarkers to “diagnose disease”, SDNB is based on the information of differ-
ential associations, thereby having the ability to “predict disease” or “diagnose near-future
disease”. Applying this method to datasets for influenza virus infection and cancer metasta-
sis led to accurate identification of the critical states or correct prediction of the immediate
diseases based on individual samples. We successfully identified the critical states or tip-
ping points just before the appearance of disease symptoms for influenza virus infection and
the onset of distant metastasis for individual patients with cancer, thereby demonstrating the
effectiveness and efficiency of our method for quantifying critical states at the single-sample
level.

Author summary

The concept of dynamic network biomarkers (DNB) was proposed for detecting the criti-
cal state or tipping point of a complex disease (a pre-disease state immediately preceding
the disease state), and has been applied to study the mechanism of cell fate decision and
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immune checkpoint blockade. But DNB cannot be used to identify the critical state or tip-
ping point for a single patient because evaluating DNB for critical state required the data
of multiple samples. The proposed method can identify the critical state of a complex dis-
ease for a single patient by implementing the concept of DNB. This method not only can
be applied to detect the critical state or tipping point of a single sample, but also can be
used to study the mechanism of complex disease at a single sample level. The ability of
accurately and efficiently identifying the critical state for a single sample can benefit the
development of personalized medicine.

This is a PLOS Computational Biology Methods paper

Introduction

Biomarkers, which are indicators of physiological states for living things, are commonly used
to examine organ functions or disease states in biology or medicine. Generally, complex dis-
ease progression can be divided into three states, i.e., normal, pre-disease and disease (Fig 1A)
[1, 2], where the pre-disease state is the critical state or tipping point from the normal to dis-
ease state and is also the limit of the normal state just before the critical transition to the disease
state. The pre-disease state is usually considered to be reversible to a normal state if appropri-
ately treated [1, 2], in contrast to disease states such as cancer and diabetes that are generally
difficult to return to the normal state. Thus, the pre-disease state is a crucial state during the
disease progression. However, it is hard to be identified by traditional biomarkers due to its
similarities to the normal state in phenotypes and expressions, i.e., there are generally no sig-
nificant differences between the normal and pre-disease states in terms of gene or protein
expressions. Most traditional biomarkers are based on information about differential expres-
sions, and thus mainly aim to distinguish the disease state from the normal state rather than
diagnosing the pre-disease state before the onset of a disease. Therefore, identifying the pre-
disease state, or the early-warning signals of the disease state, is an important challenge in
medicine, and is not only beneficial for the early diagnosis and treatment of complex diseases
but also provides dynamical insights into the molecular mechanism of complex diseases at a
network level. To tackle this problem, the new concept of dynamic network biomarker (DNB)
with its three statistical conditions was proposed to detect early-warning signals before disease
onset at the molecular network level, and was applied to the analyses on various diseases [1-3].
Recently, our DNB model has also been adopted by many groups, successfully identifying the
tipping points of cell fate decision [4, 5] and further studying immune checkpoint blockade
[6]. DNB theory suggests that a molecular module or DNB will appear at the critical state (the
pre-disease state or tipping point), and that this can be taken as an early-warning signal during
the disease progression from normal to disease onset [1-3]. Specifically, we can theoretically
prove that when a biological system from a normal state approaches the critical state, a DNB
module or a group of molecules (or variables) appear and satisfy the following three statistic
conditions [1-3]:

[Condition 1] deviation for molecules inside the module (SD;,;: standard deviation) drastically
increases,
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Fig 1. Disease progression and dynamic network biomarkers. (A) Three states during a disease progression. Clearly, there are
significant differences between normal and disease states in terms of molecular expressions, and that is why traditional biomarkers can
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identify the disease state based on the differential information between them. But generally there is no significant difference between
normal and pre-disease states, and thus traditional biomarkers may fail to detect the critical state for correctly predicting the disease.
(B) Flowchart for calculating the composite index of single-sample dynamic network biomarkers (SDNB), which can detect the pre-
disease state based on the three statistical conditions, rather than the differential expressions. Reference samples are required to
produce the reference data. The distribution of every gene in terms of expression can be obtained from the reference samples, and the
absolute value of the difference between a gene’s expression in an individual sample d and the average value of the gene’s expression
in the reference samples is defined as the single-sample expression deviation (SED) of the gene for sample d. The Pearson correlation
coefficient (PCC) between two genes in the reference samples is defined as PCC,,. After the expression profile of sample dis added to
the reference samples, the new correlation coefficient between the two genes can be obtained as PCC,, ;. The difference between
PCC,and PCC,,,can be regarded as the single-sample PCC (sPCC) between the two genes for sample d. The detail computation
procedure of the sSDNB score /5 is described in Fig 2.

https://doi.org/10.1371/journal.pchi.1005633.9001

[Condition 2] correlation between molecules inside the module (PCC;,: Pearson correlation
coefficient in absolute value) rapidly increases, and

[Condition 3] correlation between molecules inside and outside the modules (PCC,,,;: Pearson
correlation coefficient in absolute value) rapidly decreases [1-3].

The above three statistical conditions are generic features of critical states, which hold for
general biological systems regardless of their detail differences. Thus, we can simplify these
three conditions as an index I,,, of Eq (1) to evaluate the DNB module and detect the early-
warning signals or the critical state in multiple samples as follows:

_ SD,, - PCG,
" pPCC,,
where SD;,, is the average standard deviation (SD) for molecules inside the DNB module,
PCC,, is the average Pearson correlation coefficient (PCC) in absolute value for molecules
inside the module, and PCC,,, is the average PCC in absolute value for molecules between the
inner and outer molecules of the module. Clearly based on the three conditions, I,,, will drasti-
cally increase when the biological system approaches the critical state, and thus it can signal
the immediate disease state or predict disease state. In contrast to the information of differen-
tial expressions widely used in traditional biomarkers to “diagnose disease”, DNB is based on
the information of differential associations, thereby having the ability to “predict disease” or
“diagnose the un-occurred disease”.

DNB is a type of network biomarker, which can be used for the diagnosis of a pre-disease
state rather than a disease state. In other words, DNB can be used for early diagnosis of a
disease or to distinguish the pre-disease state from the normal state in complex diseases.
According to the above three statistical conditions, DNB is clearly independent of differential
expressions and is based on higher-order statistical information (i.e., the second-order mo-
ments) rather than the first-order statistics (i.e., the mean values or first-order moments) used
for traditional molecular biomarkers. However, although the theory of DNB can ensure the
recognition of early-warning signals of complex diseases, it requires multiple data samples to
evaluate the three statistical conditions of DNB, which limits its application to clinical practice
because multiple samples for each individual are generally not available. Here, by exploiting
the high-dimensional information of the observed data (e.g., omics data) and its differential
distribution (i.e., volcano distribution) [7], we propose a novel method to identify DNB mod-
ules and critical states on a single-sample basis. In other words, this single-sample DNB
(sDNB) method based on the volcano distribution can detect the critical state using only a sin-
gle sample, thus having a wide range of applications on biology and medicine. One influenza
virus infection dataset and three cancer metastasis datasets were used to validate the effective-
ness and efficiency of this method for quantifying critical states or tipping points on a single-
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sample basis. For the influenza virus infection dataset, we obtained individual sDNBs, which
identified the critical states or early-warning signals just before the onset of disease symptoms
(i.e., the clinical symptoms of influenza, such as fever, runny nose, and sore throat) [8]; no sig-
nal was detected in asymptomatic samples that showed few to no overt clinical symptoms of
influenza [8], with the exception of one false-positive sample. For the cancer metastasis data-
sets, our method detected the critical states before the distant metastasis stage (stage IV) in
stage IIIB and stage III cancer samples. Functional enrichment analysis showed that the func-
tions of SDNB genes are consistent with the phenotype of viral infection for influenza virus
infection and cancer processes for cancer metastasis. The analyses of real data also provided
biological insights into the molecular mechanisms of the critical transitions from the perspec-
tives of both molecules and networks for these complex diseases.

sDNB is the first such a method to predict the pre-disease state or quantify the tipping
point based on only one sample. Note that, completely different from the traditional classifica-
tion or machine learning methods which require a large number of case/control samples (for
supervised or unsupervised learning) to obtain the predictor (overlearning problem, popula-
tion-based predictor), sSDNB is a model-free method and does not require any learning process
on sample data. In other words, the predictor “sDNB” is constructed by the three statistical
conditions for each specific sample that are actually based on the essential dynamical features
of critical states for general biological systems, and thus inherently has no overlearning prob-
lem (even for a small sample size) and in particular is an individual-based predictor.

Methods

To identify the critical state using DNB from a single sample, a control sample set is required
as a reference. The information from the single sample can be extracted by comparing it with
the reference samples [8]. In general, normal samples can be used as the reference samples and
their expression profiles as the reference dataset.

Dataset

Four datasets, including dataset GSE30550 [8] from the GEO database (http://www.ncbi.nlm.
nih.gov/geo/) and datasets on lung adenocarcinoma (LUAD), stomach adenocarcinoma
(STAD), and thyroid carcinoma (THCA) from the TCGA database (http://cancergenome.nih.
gov), were used to validate the SDNB method. Dataset GSE30550 was normalized by the robust
multi-array average (RMA) method, and the IDs of probe sets were mapped to the gene sym-
bols. Probe sets without corresponding gene symbols were not considered in this study. The
LUAD, STAD, and THCA datasets contained RNA-Seq data and included both tumor and
tumor-adjacent samples. The tumor samples were divided into different stages based on clini-
cal (stage) information from TCGA, while samples without stage information were ignored.

Score of sDNB for quantifying critical states

We estimated sDNB score by using the three statistical conditions of DNB. Based on a number
of reference samples (e.g., the dataset of normal or control samples), we can obtain expression
distribution for each gene as its reference distribution. The expression of the gene in a new
sample d (e.g., a case sample for statistical testing) can be compared with its reference distribu-
tion to estimate the deviation of its expression from the reference samples (n samples). The
expression deviation of a gene in the new sample can be expressed as the distance from the
expectation of its reference distribution (Fig 1B). Specifically, as Condition 1, the expression
deviation of a gene in a single sample against # reference samples, i.e., the single-sample
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Expression Deviation (sED) for gene x, can be defined as
sED(x) = |x — X| (2)

where x is the expression of gene x in the new single sample, and X is the average expression
value of gene x in the reference samples.

We assumed the number of samples in reference data to be 7, and thus the Pearson correla-
tion coefficient (PCC) between two genes (X, y) in the reference sample data can be calculated
as

n

PCEE IS
PCC,(x,y) = ——=- (3)

> =53 07y

where x; and y; are the expressions of gene x and gene y for the ith sample in the reference sam-
ples, respectively. x and y are the average gene expressions of gene x and gene y in the refer-
ence samples, respectively.

PCC,(x, y) is the correlation between two genes (x, y) in n reference samples. After a new
single sample is added to the reference samples (Fig 1), the new PCC can be calculated for the
two genes by Eq (3) based on total # + 1 samples (i.e., n reference samples and one new sample
d), i.e., PCC,(x,y). The difference between PCC,,; and PCC, for the two genes is caused by
the new single sample added to the reference data (Fig 1B), and hence it characterizes the spe-
cific correlation information of this single sample against the reference samples. Thus, as the
conditions 2-3, we define the single-sample PCC (i.e., sSPCC) of the two specific genes (x, y)
against n reference samples as follows [7]:

SPCC(X,)/) = PCCn+1 (xvy) - Pccn(x7y) (4)

which is clearly a differential PCC between n+1 samples and n samples. Since PCC follows the
normal distribution, sPCC in Eq (4) follows the differential normal distribution with n com-
mon samples. The significance of sPCC can be evaluable by a statistical method or the volcano
distribution, i.e., the single-sample network theory [7]. Specifically, the “Z” score can be calcu-
lated for each sPCCby Eq (5), and the p-value of each sPCC can be approximately obtained
from the standard normal cumulative distribution based on the “Z” score. Hence, the signifi-
cance of sSPCC(x, y) for any two genes (x, y) can be evaluated by the p-value of the “Z” score
from Eq (5) as follows:

B sPCC(x, y)
2000 = T peC e y) /= 1) ®)

where PCC,,(x, y) is the Pearson correlation coefficient between two genes (x, y) in the refer-
ence samples, # is the sample size of the reference data, sSPCC(x, y) is the differential PCC
between PCC,, ; and PCC, for the two genes (x, y) in Eq (4), Z(x, y) is the “Z” score of the Z-
test for the two genes (x, y), and the p-value can be calculated as the standard normal cumula-
tive distribution function [9]. Note that we can directly evaluate the significance of Z based on
the volcano distribution without approximation [7]. Also we can directly use Z(x,y) as the nor-
malized differential PCC for the single sample without the statistical test. Actually, such an
implementation can be considered as a new transformation from gene expression data to the
correlation-like data for each sample.
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Therefore, based on the significant sPCCs of all pairs of genes or molecules, we can deter-
mine their corresponding network, which is perturbed by the single sample, and this network
in turn also characterizes this single sample [7]. Based on the three statistical conditions of
DNB shown in Eq (1), the composite index or score I, of DNB (with K genes or molecules) to
identify the pre-disease state for a single sample (single-sample DNB: sDNB) from all sED and
sPCC in a module can be expressed as

_sED,, - sPCC,

6
‘ sPCC,, (©)

where I is the score for sDNB based on the single sample. Here, sED,, indicates the average
expression deviation of all K genes in the SDNB module relative to the reference samples,
sPCC;, is the average correlation (for all K* pairs) among whole genes in the sSDNB module in
absolute value, and sPCC,,,, is the average correlation (for all pairs) between the K inner and
(n-K) outer genes of the sDNB module in absolute value. Next, we describe how to determine
the K genes or molecules of DNB module, which has the highest score of I,. The detail formula-
tion or derivation of Eq (6) is given in S1 Text, where I is shown to approximately represent
the DNB score of the single sample.

Algorithm to identify SDNB module for each sample

A potential sDNB module can be detected for every single sample against the reference data
(Fig 2). Generally, each individual or sample has a number of modules, and the module with
the highest score I is the candidate DNB module for this specific sample. For a specific sample,
we have the following algorithm to estimate the candidate DNB module.

1. Screening genes with high deviations (Condition 1): sED can be calculated for a specific
sample (or a test sample) and every gene against the reference samples using Eq (2). The
genes with high sED are chosen for usage in the following steps, and the genes with low sED
are ignored. In such a way, we only keep a part of all m genes or molecules with high sED in
this sample. The reference samples are required to be more than 8 samples, and can overlap
with the test samples. But once they are chosen, the reference samples should not be
changed for the computation of all test samples.

2. Screening genes with high differential PCC (Conditions 2-3): sPCC s calculated for the spe-
cific sample and any gene pair in high sED genes against the reference samples by Eq (4).
The significance of every sPCC can then be evaluated by Eq (5). An edge is linked between
two genes if their sPCC is significant. A network, which we term a single-sample network, is
constructed by identifying all of the edges with significant sPCCs among the high sED genes
for the single sample.

3. Decomposing a network into multiple modules: Hierarchical clustering is employed to
decompose the single sample network into multiple modules based on the sPCCs, and 2 —
|sPCC]| is used as the distance for hierarchical clustering because the numerical value of
sPCCis the range [-2, 2]. Note that the minimum or single-linkage clustering was used as
the linkage criterion of the hierarchical clustering in this paper.

4. Choosing sDNB module with the highest score I; (conditions 1-3): Eq (6) is used to esti-
mate every module, and the module with the maximal score from Eq (6) is regarded as the
potential sDNB module for this sample. If this score is significantly high, this sample is con-
sidered in the critical state based on DNB theory and this module is the DNB module.
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https://doi.org/10.1371/journal.pcbi.1005633.9002
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With such an algorithm, we can get the candidate sDNB for each sample one by one. If the
sDNB for a sample during a biological process or disease progression has the highest score
among all samples, this sample is considered to be in the critical state, and the corresponding
period is also the critical period.

Functional analysis of SDNB

Functional annotations were performed by searching the NCBI gene database (http://www.
ncbi.nlm.nih.gov/gene). The enrichment analyses were separately obtained using web service
tools from the Gene Ontology Consortium (GOC, http://geneontology.org) and g:Profiler
(http://biit.cs.ut.ee/gprofiler/) and client software from INGENUITY IPA (http://www.
ingenuity.com/products/ipa).

Results
Validation data and reference data

In this study, four datasets, GSE30550 from the GEO database (http://www.ncbi.nlm.nih.gov/
geo/) and LUAD, STAD, and THCA from the TCGA database (http://cancergenome.nih.gov),
were chosen to validate the effectiveness of this method of quantifying the critical states of
diseases.

Dataset GSE30550 comprises expression profiles of humans with influenza virus infection.
It contains data from 17 healthy adults who were inoculated with live influenza virus H3N2
and gene expression profiles for the 17 adults at 16 time points (-24, 0, 5, 15, 21, 29, 36, 45, 53,
60, 69, 77, 84, 93, 101, and 108 hours) by microarray (S1 Fig), i.e., there are 17 samples at each
time point, corresponding to the 17 adults, respectively. Nine of the 17 adults developed dis-
ease symptoms of influenza, and the other eight were asymptomatic (S1 Fig). There are 11,961
probe sets and 17 samples in the original GSE30550 dataset, and 11,619 gene symbols were
mapped from the ID of the probe sets. The gene expression values of the probe sets mapped to
the same gene were calculated by an averaging operation. The gene expression profiles at -24 h
(24 h before inoculating) were deemed as the normal states of the samples without virus inocu-
lation, and the profiles of 16 samples (the data on sample 13 was lost at -24 h) at -24 h were
chosen as the reference dataset or reference samples (S1 Fig).

From the LUAD (lung cancer), STAD (stomach cancer), and THCA (thyroid cancer) data-
sets, 459 tumor samples and 58 tumor-adjacent samples were obtained for LUAD. The tumor
samples were grouped into seven stages (stage IA, IB, ITA, IIB, ITIA, ITIB, and IV) of lung can-
cer (Table 1 and S1 Table). One hundred fifty-six tumor samples and 33 tumor-adjacent sam-
ples were obtained for STAD. The tumor samples were grouped into seven stages (stage IA, IB,
IIA, IIB, ITIA, IIIB, and IV) of stomach cancer (Table 1 and S1 Table). Three hundred fifty-
seven tumor samples and 58 tumor-adjacent samples were obtained for THCA. The tumor
samples were grouped into four stages (stage I, II, III, and IV) of thyroid cancer (Table 1 and
S1 Table). The tumor-adjacent samples were considered as normal controls and were used as
reference samples in this study.

sDNB and disease prediction in influenza virus infection

The gene expression profiles of samples at time point —24 h (24 hours before inoculation) were
chosen as reference samples, and totally 16 normal samples were included in the reference
data. The candidate SDNB for each adult was identified by comparing the case sample with the
reference samples. The threshold of sPCC was set to the p-value of 0.01 in the process of con-
structing the single-sample network (Fig 2), and the sDNB score was set to 2.0 for detecting
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Table 1. The number of tumor samples within each stage in the cancer dataset from TCGA.

TA samples are tumor-adjacent samples, and were used as the reference dataset in this study.

106 9 218
124 18
39 23 44
59 29
62 27 82
10 20
21 15 13
58 33 58

https://doi.org/10.1371/journal.pchi.1005633.t001

the critical state, or early-warning signals, of the disease, or symptomatic, state for every sam-
ple. For all nine symptomatic samples, the scores I of their sDNB modules were significantly
high before the disease state, and thus correctly signaled the imminent emergence of the dis-
ease state (before disease symptom appearance) (Fig 3A and 3C). In contrast, for the seven

asymptomatic samples, no early-warning signal was detected based on the sDNB scores, but

(A) Symptomatic samples (adults) (B)

sDNB scores

sDNB scores

Hours

Asymptomatic samples (adults)

Critical signal
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Asymptomatic samples
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I critical state

I Clinic disease symptom

[N ] Normal state

Fig 3. Quantifying the critical states for the influenza virus infection data [8]. (A) Line chart for early-warning signals in all symptomatic adults. (B)
Line chart for early-warning signals in all asymptomatic adults. (C) Table of sSDNB diagnoses and clinical diagnoses for all adults and samples.

Time points

https://doi.org/10.1371/journal.pchi.1005633.g003
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one asymptomatic sample (s17) exhibited false-positive early-warning signals at later time
points (Fig 3B and 3C). Notably, all eight asymptomatic samples were Caucasian/White except
sample s17 (Indian) who may have had a different threshold. Note that most of the subjects
(14 of 17 samples) in this dataset were Caucasian/White (S1 Fig). Another possibility is that
sample s17 did reach the critical state but returned to the normal state without further disease
progression.

For most adults (16 of 17 symptomatic and asymptomatic adults) in dataset GEO30550,
our method could correctly detect critical states or early-warning signals before disease symp-
tom appearance based on the SDNB scores (single samples). False-positive warning signals for
only one adult appeared in the asymptomatic samples, possibly due to the causes described
above.

The module size of sSDNB in every symptomatic adult was different, e.g., there were 1553
sDNB genes for adult s7, 696 for adult s5 (S2 Table), and only 350 for adult s10, based on the
same conditions (S2 Table). The average number of overlapping genes between any two
sDNBs is approximately 37.8% (S4 Table). There were 25 overlapped genes among all nine
sDNBs in the symptomatic samples (S3 Table). Functional annotations were done for these
overlapped genes by searching NCBI for Homo sapiens, and results are shown in S3 Table.

Functional analysis of sSDNB in influenza virus infection

Enrichment analysis of the 25 overlapped genes among all 9 sDNBs of symptomatic samples
(S3 Table) was performed using web services in Gene Ontology Consortium and g:Profiler
and the client software of IPA.

The sDNB modules identified in the symptomatic samples are shown in S2 Table, and the
overlapped genes among all sDNBs in symptomatic samples are shown in S3 Table. There
were 25 genes in the overlapping of 9 sDNBs among all symptomatic samples, and the results
of enrichment analysis for the 25 overlapped genes are shown in Table 2. The overlapped gene
functions included some processes of response to virus, consistent with phenotypes of the
nine samples infected by the influenza virus. Because the functions of the 25 overlapped genes
were enriched to the processes of defense response, negative regulation to virus, or antivirus
response (Table 2), it appears that the process of immunity or defense against the influenza
virus may start in the immune system, and the immune systems of the nine symptomatic sam-
ples could not stop the further “invasion” of the influenza virus, resulting in the influenza phe-
notype. The time points identified by sDNBs may be the critical points of influenza virus
“invasion” (defeating the immune system). The functional enrichment of the overlapped genes

Table 2. The functional enrichment of the overlapped genes among sDNB for influenza virus infection.

enriched items enriched p enriched items enriched p enriched items enriched p
value value value
defense response to virus 1.12x107"7 defense response to virus 1.31x107"° antiviral response 1.63x107"
(GO:0051607) (GO:0051607)
response to virus (GO:0009615) 2.26x1071° response to virus (GO:009615) 3.1x107"* Viral Infection 2.66x1071°
defense response to other organism 6.07x10713 defense response to other organism 3.28x107"2 replication of virus 5.41x107%°
(GO:0098542) (GO:0098542)
response to external biotic stimulus 5.67x107 " cellular response to type | interferon 1.62x1071° replication of RNA 5.98x107%7
(G0:0043207) (GO:0071357) virus
immune response (GO:0006955) 8.33x107"! immune response (GO:0006955) 1.72x107%° replication of viral 6.35x107%7
replicon
https://doi.org/10.1371/journal.pchi.1005633.t002
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of all sDNBs is consistent with the phenotype of invasion of the influenza virus and the
response of the immune system to defend the virus.

Nineteen of the 25 overlapped genes are reported to be related to virus response, and 6 of
the 19 are associated with the influenza virus (S3 Table). Hence, most of the genes identified
by sDNB may be potential target genes for further study of the mechanism of the interaction
between the influenza virus and human beings in the future. Note that although the data of the
6 genes are common in all nine symptomatic subjects, they do not have sufficient information
to detect the early-warning signal for each subject. Actually, for the diagnostic purpose, it is
preferred to use all measured genes (e.g., 20000 genes), which include available information to
identify sDNB for signaling the critical state of the disease progression of each subject.

sDNB and critical states for tumor disease

Fifty-eight tumor-adjacent samples were taken as reference samples for LUAD (Table 1), 33 as
reference samples for STAD (Table 1), and 58 as reference samples for THCA (Table 1). The
potential SDNB for each sample was detected by the following method (Fig 2). The threshold
of sPCC was set as the p-value of 0.01 to construct the single-sample network (Fig 2), and the
module with the maximal score in each sample was regarded as the potential SDNB for this
sample.

The progression and development of cancer can be divided into stages, such as stage I, stage
I1, stage III, and stage IV. Metastasis, the major cause of recurrence and death in cancer
patients, is a complex interplay between malignant cancer cells and surrounding tumor micro-
environments [10]. Stage IV is usually an advanced or metastatic cancer in which the tumor
has spread or metastasized to other organs or parts of the human body [11, 12]. All of the sam-
ples were grouped into different cancer stages based on clinical information from the TCGA
database. The index score I, of each potential sSDNB module was calculated for every single
sample, and the average index score of every stage for SDNB was used to identify the critical
state or quantify the early-warning signals for cancer metastasis.

For LUAD, STAD, and THCA, all the peaks for the average sDNB score appeared before
stage IV, which is the cancer metastasis stage (Fig 4), and these peaks were considered the
early-warning signals for cancer metastasis.

There are seven stages (IA, IB, IIA, IIB, IIIA, IIIB, and IV) in the cancer progression of
LUAD (S1 Table), and the maximal score of the average sDNB index was detected in stage IIIB
(Fig 4A), which is the last stage before cancer metastasis. There were 10 samples of stage IIIB
LUAD in TCGA (Table 1), with 10 sDNBs identified by our method (S8 Table). Thirty-three
genes appearing in at least eight (80%) sDNBs were regarded to be related to the cancer metas-
tasis of LUAD (S5 Table). Some genes in this list have been shown to be associated with the
process of cancer metastasis. For instance, SRPK1 is regarded as the molecular determinant of
tumor cell migration and cancer metastasis [13]. TOP2A is related to brain metastasis for non-
small-cell lung cancer [14]. CDC25C is related to the metastasis of cancer [15, 16]. IQGAP3 is
also related to cancer metastasis [17, 18]. PRAME is a cancer metastasis gene in uveal mela-
noma [19] and in lung cancer [20]. XRCC2 is related to the metastasis of colorectal cancer
[21]. TUBBS3 is related to breast cancer metastasis to the brain [22] and metastasis in pancreatic
cancer [23]. HDGF is related to the regulation of cancer metastasis [24, 25], and especially to
the metastasis of lung cancer [26, 27]. SPAGS5 is related to the metastasis of prostate cancer
[28]. The above genes have all been reported to be associated with cancer metastasis, and they
might also regulate and/or provide early-warning signals for the cancer metastasis process in
LUAD.
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Fig 4. Quantifying the critical states for metastasis in three cancers: (A) LUAD, (B) STAD, and (C) THCA.
https://doi.org/10.1371/journal.pchi.1005633.9g004

Functional enrichment showed that the common genes in at least 80% of sSDNBs are identi-
fied as genes involved in the biological processes of the nuclear division, the mitotic cell cycle,
the organelle fission, and so on (Table 3) by GOC (the gene ontology consortium) and g:Pro-
filer, and these biological processes are associated with the progression of cancer. These

Table 3. The functional enrichment of SDNB genes in at least 80% of samples for LUAD.

enriched items enriched p enriched items enriched p enriched items enriched p
value value value
nuclear division (GO:0000280) 3.15x107% nuclear division (GO:0000280) 1.31x107%° mitosis of tumor cell lines 6.02x107%®
mitotic cell cycle (GO:0000278) 3.21x107% | organelle fission (GO:0048285) | 2.51x107% stage 4 non-small-cell lung 2.98x107%°
carcinoma
organelle fission (GO:0048285) 5.54x107% mitotic cell cycle (GO:0000278) 4.37x107% growth of tumor 4.63x107%3
mitotic cell cycle process 1.96x107%° mitotic cell cycle process 7.72x107% | metastatic non-small-cell lung |  6.74x107%
(GO:1903047) (GO:1903047) cancer
cell cycle (GO:0007049) 9.10x107% mitotic nuclear division 4.53x107%* lung cancer 1.95x107°2
(GO:0007067)

https://doi.org/10.1371/journal.pchi.1005633.t003
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common genes were also related to stage 4 non-small-cell lung carcinoma and metastatic non-
small-cell lung cancer by functional enrichment in IPA (Table 3); this is consistent with our
assumption, based on the DNB theory, about the critical state of tumor metastasis for non-
small-cell lung cancer prior to stage I'V.

There are also seven stages (IA, IB, ITA, IIB, IIIA, IIIB, and IV) in the cancer progression of
STAD (S1 Table), and the maximal score of the average sDNB index was detected in stage IIIB
(Fig 4B), which is the last stage before cancer metastasis. There were 20 samples recorded as
stage IIIB STAD in TCGA (Table 1), and 20 sDNBs were identified from these 20 samples (S9
Table). Eighteen genes appeared in at least 10 (50%) of the sDNBs and were considered to be
related to the cancer metastasis of STAD (S6 Table). Some genes in this list have been reported
to be associated with the process of cancer metastasis, e.g., COL11A1 has been identified as a
remarkable biomarker for carcinoma progression and metastasis [29] in breast cancer [30]
and serous ovarian cancer [31]. CST1-overexpressing cell lines exhibit increased metastasis in
amouse model [32, 33]. High expression of CST4 can promote bone metastasis in vivo [33].
CTHRCI is upregulated and enhances the epithelial-mesenchymal transition of tumor cells to
promote cancer invasion and metastasis in colorectal cancer [34-36] and melanoma [37].
ESM1 regulates cell growth and the metastatic process by activation of NF-kB in colorectal
cancer [38]. The overexpression of FGF19 is significantly associated with tumor-distant metas-
tasis in thyroid cancer [39]. High expression of IBSP is associated with bone metastasis in
breast and prostate cancers [40, 41]. PRAME is also one of the 33 genes in the overlapped
sDNB of LUAD [19, 20]. PRAME is a cancer metastasis gene involved in uveal melanoma [19]
and lung cancer [20]. Wnt2 plays an important role in the metastasis of pancreatic cancer [42,
43]. The above genes are associated with cancer metastasis, and they may also regulate and/or
provide early-warning signals for the cancer metastasis process in STAD.

Functional enrichment analysis showed that the common genes in at least 50% of sDNBs
were involved in the biological processes of collagen catabolic process, multicellular organis-
mal catabolic process, etc. (Table 4) according to GOC and g:Profiler, and these biological pro-
cesses may characterize the alteration of tumor metabolism [44, 45]. These common genes
were also related to the proliferation of cells, upper gastrointestinal tract cancer, and digestive
organ tumor by functional enrichment from IPA (Table 4); this is consistent with our test,
based on the DNB theory, for quantifying the critical states of tumor metastasis in gastric
cancer.

There are four stages (I, IL, III, and IV) in the cancer progression of THCA (S1 Table). The
peak score for the average sDNB index appeared in stage III (Fig 4C), which is also the last

Table 4. The functional enrichment of SDNB genes in at least 50% of samples for STAD.

enriched items

enriched p enriched items enriched p

enriched items enriched p
value value

collagen catabolic process

2.19x107% | collagen catabolic process (GO:0030574) | 9.03x107° proliferation of cells 9.31x107%

(GO:0030574)
multicellular organismal catabolic 3.13x10™% | multicellular organismal catabolic process | 1.27x107° upper gastrointestinal 1.47x107°3
process (GO:0044243) (GO:0044243) tract cancer
collagen metabolic process 3.61x107% | collagen metabolic process (G0:0032963) | 5.51x107%® | digestive organtumor | 2.72x107%
(GO:0032963)
multicellular organismal metabolic | 4.75x10°% | multicellular organismal macromolecule | 6.65x107°% | digestive system caner | 2.05x107°2
process (GO:0044236) metabolic process (GO:0044259)
extracellular matrix disassembly | 1.38x107°2 extracellular matrix disassembly 7.50%x107%8 abdominal cancer 4.86x107%2
(GO:0022617)

https://doi.org/10.1371/journal.pcbi.1005633.t004
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Table 5. The functional enrichment of sDNB genes in at least 50% of samples for THCA.

enriched items enriched p value
thyroid cancer 1.53x107%°
papillary thyroid cancer 3.19x107%
thyroid gland tumor 4.17x107%
invasive papillary thyroid carcinoma 9.47x107%®
quantity of thyroid hormone 1.14x107%2

https://doi.org/10.1371/journal.pcbi.1005633.t005

stage before cancer metastasis. There are 82 stage III samples (Table 1), from which 82 sDNBs
were identified (510 Table). Fifty-one genes appeared in at least 41 (50%) sDNBs and were
considered to be related to cancer metastasis in THCA (S7 Table). Some genes in this list have
been reported to be associated with the process of cancer metastasis. In particular, the expres-
sion of CITED1 is correlated with lymph node metastasis in patients with colorectal cancer
[46]. CSF2 is one of the pivotal orchestrators of basal breast cancer growth and metastasis [47].
DPP4 shows positive metastatic activity in cancer cells [48]. FN1 plays a critical role in metas-
tasis and is associated with advanced stages and higher metastatic potential in patients with
renal cancer [49-51]. GRM4 is involved in the metastasis of osteosarcoma and affects the sur-
vival of osteosarcoma patients [52]. The expression of IGSF1 is associated with the invasion
and metastasis of neoplasms by mediating homotypic and heterotypic intercellular adhesion
and binding [53]. KLK10 plays essential roles in tumor invasion and metastasis in gastric can-
cer [54] and epithelial ovarian carcinomas [55]. The expression level of KLK?7 is correlated
with prognosis of liver metastasis in patients with colorectal cancer [56]. LAD1 is identified as
a potential marker in renal cell cancer, showing univariate association with distinct metastasis
[57]. Knockdown of LAM3 suppresses human lung cancer cell invasion and metastasis in vitro
and in vivo [58]. LIPH is related to distant metastasis in breast cancer [59]. PROSI1 can lead to
regulation of local invasion and metastasis [60]. Enhanced SERPINA1 expression is signifi-
cantly associated with invasion and metastasis in gastric cancer [61]. SLC34A2 strongly inhib-
its tumor growth and metastasis ability in non-small-cell lung cancer [62]. TENM1 is related
to tumor metastasis in prolactin pituitary tumors [63]. TMPRSS4 mediates tumor cell inva-
sion, migration, and metastasis [64]. The above genes are associated with cancer metastasis
and might also regulate the critical state in the cancer metastasis process in THCA.

Functional enrichment showed that the common genes in at least 50% of the sSDNBs are
associated with thyroid cancer, papillary thyroid cancer, thyroid gland tumor, etc. (Table 5)
according to IPA, which is consistent with the test for thyroid cancer. We also estimated the
significance of sSDNB to correctly signal the critical state (Stage III) for thyroid cancer. We first
randomly picked up 82 samples from all THCA samples (see Table 1), and calculated their
average score of sSDNB. Then, the average score of sDNB for the random samples was com-
pared with that of the 82 samples in Stage III. Such a random sampling was repeated 10000
times. The probability that the average SDNB score of the random samples is greater than that
of all the samples in Stage III is regarded as the statistical significance for the identification of
disease deterioration, and actually the p-value of the statistical significance is 0.0318 in THCA.

Discussion

In this study, by exploiting the high-dimensional information of the observed data and the vol-
cano distribution of differential networks, a new method was proposed to identify tipping
points or critical states (which appear just before the disease state) based on single-sample
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DNB (sDNB). In contrast to the information of differential expressions used in traditional bio-
markers to diagnose disease, SDNB is based on the information of differential associations,
thereby having the ability to predict disease or “diagnose the un-occurred disease”. This
method was applied to quantify the early-warning signals for the process of influenza virus
infection and cancer metastasis on a single-sample basis. The results for the influenza virus
infection show that high sDNB scores indeed signaled the imminent emergence of disease
symptoms (at least 8 hours before their appearance) for every symptomatic sample, and there
were no significant high scores for asymptomatic samples with the exception of adult s17. A
potential explanation for this false-positive result on adult s17 is that this asymptomatic adult
was the only non-Caucasian/White subject among the asymptomatic adults, and may thus
have had a different threshold. Another possibility is that adult s17 did reach the critical state
but recovered to the normal state before further deterioration into the disease state, thereby
causing a significant signal.

This method is also robust for quantifying early-warning signals by identifying the sDNB.
When the threshold of sPCC was set at the p-value of 0.05 to construct the single-sample net-
work (Fig 2), there were large fluctuations in the samples of symptomatic adults approaching
disease symptoms and small fluctuations in the samples of asymptomatic adults, with the
exception of adult s17 (S2 Fig). When the threshold of the sDNB score was set to 1.6, we
obtained similar early-warning signals for predicting influenza symptoms, as shown in Fig 3
and S2 Fig. There were 10 sDNBs (S11 Table) and 54 overlapped genes (S12 Table) among the
sDNBs based on this threshold, and functional enrichment showed that these 54 genes can
also characterize the virus infection response (S13 Table), similar to the results shown in
Table 2. Hence, the threshold of sPCCis robust, i.e., it does not significantly affect the results,
although the threshold of the sSDNB score for detecting the critical states is an empirical value
in this study. It is our important future work to identify the SDNB threshold in a systematic
and efficient way.

The results for cancer metastasis showed that SDNBs could detect the critical state of cancer
metastasis before stage IV that is the stage when cancer-distant metastasis occurs. In particular,
for LUAD, the overlapped genes of sDNBs in stage IIIB could be enriched to the processes of
stage 4 non-small-cell lung carcinoma and metastatic non-small-cell lung cancer by IPA
(Table 3), indicating that the function of the sDNBs identified in stage IIIB is related to the
metastasis of LUAD in stage IV and that sDNBs provide the early-warning signals that can be
used to predict the onset of metastasis for LUAD before it occurs.

Note that sSDNB is a model-free method, and does not requires the learning on sample data;
it is completely different from the traditional classification or machine learning methods
which are population-based predictors requiring a large number of case/control samples to
train the model and eliminate the overlearning problem. In other words, sSDNB is an individ-
ual-based predictor based on the three statistical conditions for each specific sample, and thus
inherently has neither overlearning problem nor assumption on the model. Hence, even for
the same disease, the composition of SDNB as well as the size of SDNB for each sample or indi-
vidual may be different, but its I, drastically increases whenever approaching the critical state.
However, we use a unified threshold in this paper, on the composite index of SDNB or Eq (6),
for determining the critical state, which is based on the whole disease samples.

The critical state is considered as a stage early reversible to the normal state. Thus, appropri-
ate treatment for subjects in the critical state is considered much effective in contrast to the
subjects in the disease state. However, how to make such a treatment is beyond the scope of
this work, and will be a future topic. In addition, theoretically, any omics data (e.g., transcrip-
tomic data, proteomics data, or metabolomics data) which can dynamically reflect the change
of the disease progression, can be used to detect the critical state or tipping point. Thus,
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depending on the disease type, we may choose an appropriate type of the omics data. With
current high-throughput technologies, generally RN As can be quantified in a relatively stable
way in contrast to proteins and metabolites. Therefore, the transcriptomic data (e.g. RNA-Seq
or microarray) are effective for sDNB identification from the computational viewpoint,
although metabolomics and proteomics data can also be used to identify the critical state.

In summary, the method described in this paper developed a novel method, sDNB, which is
the first such a method to predict disease state based only on a single sample, opening a new
way to quantify the critical state of diseases in individual patients. Thus, the method can be
directly applied not only to personalized pre-disease diagnosis but also to the molecular mech-
anism analysis of disease progression at the network level. In a similar way, sSDNB could also
be used to detect the tipping points or critical states of many nonlinear biological processes,
such as cellular differentiation and cellular proliferation [4-6].

Supporting information

S$1 Fig. Clinical information for all samples in the influenza virus infection data.
(PDF)

$2 Fig. Quantifying the critical states for the influenza virus infection data with a different
threshold. (A) Line chart for early-warning signals in all symptomatic adults. (B) Line chart
for early-warning signals in all asymptomatic adults. (C) Table of sDNB diagnoses and clinical
diagnoses for all adults and samples.

(PDF)

S1 Table. The stage distribution for the tumor samples of lung adenocarcinoma (LUAD),
stomach adenocarcinoma (STAD) and thyroid carcinoma (THCA) from TCGA.
(XLSX)

$2 Table. sDNB and early-warning signals based on single sample.
(XLSX)

S3 Table. The overlapped genes among sDNB.
(XLSX)

S4 Table. The ratio of overlapped genes any between two sDNB.
(XLSX)

S5 Table. The genes of sSDNB repeated emergence in at least 80% samples for LUAD.
(XLSX)

S6 Table. The genes of SDNB repeated emergence in at least 50% samples for STAD.
(XLSX)

S$7 Table. The genes of sDNB repeated emergence in at least 50% samples for THCA.
(XLSX)

S8 Table. The genes of SDNB of every sample in stage IIIB for LUAD.
(XLSX)

S9 Table. The genes of SDNB of every sample in stage IIIB for STAD.
(XLSX)

$10 Table. The genes of SDNB of every sample in stage III for THCA.
(XLSX)

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005633  July 5, 2017 17/21


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s006
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s007
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s008
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s009
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s010
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s011
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s012
https://doi.org/10.1371/journal.pcbi.1005633

©'PLOS

COMPUTATIONAL

BIOLOGY

Quantifying critical states of complex diseases by sDNB

S11 Table. sDNB and early-warning signals based on the other threshold.
(XLSX)

$12 Table. The overlapped genes among the sDNB with p value of sPCC 0.05 and score of
sDNB 1.6.
(XLSX)

$13 Table. The functional enrichment of the 54 overlapped genes among sDNB with p
value of sPCC 0.05 and score of sDNB 1.6.
(XLSX)

S1 Text. Deriving a criterion of single-sample dynamic network biomarkers.
(DOC)

Author Contributions

Conceptualization: Luonan Chen, Kazuyuki Aihara.

Data curation: Xiaoping Liu, Xiao Chang.

Formal analysis: Xiaoping Liu, Xiao Chang.

Funding acquisition: Luonan Chen, Kazuyuki Aihara.

Supervision: Rui Liu, Xiangtian Yu, Luonan Chen, Kazuyuki Aihara.
Writing - original draft: Xiaoping Liu, Xiao Chang.

Writing - review & editing: Luonan Chen, Kazuyuki Aihara.

References

1. ChenlL, LiuR, Liu ZP, Li M, Aihara K. Detecting early-warning signals for sudden deterioration of com-
plex diseases by dynamical network biomarkers. Sci Rep. 2012; 2:342. https://doi.org/10.1038/
srep00342 PMID: 22461973; PubMed Central PMCID: PMCPMC3314989.

2. LiuX, LiuR, Zhao XM, Chen L. Detecting early-warning signals of type 1 diabetes and its leading biomo-
lecular networks by dynamical network biomarkers. BMC Med Genomics. 2013; 6 Suppl 2:S8. https://
doi.org/10.1186/1755-8794-6-S2-S8 PMID: 23819540; PubMed Central PMCID: PMCPMC3654886.

3. LiuR,LiM,LiuZP, WuJ, ChenL, Aihara K. Identifying critical transitions and their leading biomolecular
networks in complex diseases. Sci Rep. 2012; 2:813. https://doi.org/10.1038/srep00813 PMID:
23230504; PubMed Central PMCID: PMCPMC3517980.

4. Richard A, Boullu L, Herbach U, Bonnafoux A, Morin V, Vallin E, et al. Single-Cell-Based Analysis High-
lights a Surge in Cell-to-Cell Molecular Variability Preceding Irreversible Commitment in a Differentiation
Process. PLoS Biol. 2016; 14(12):e1002585. https://doi.org/10.1371/journal.pbio.1002585 PMID:
28027290; PubMed Central PMCID: PMCPMC5191835.

5. Mojtahedi M, Skupin A, Zhou J, Castano |G, Leong-Quong RY, Chang H, et al. Cell Fate Decision as
High-Dimensional Critical State Transition. PLoS Biol. 2016; 14(12):e2000640. https://doi.org/10.1371/
journal.pbio.2000640 PMID: 28027308; PubMed Central PMCID: PMCPMC5189937.

6. Lesterhuis WJ, Bosco A, Millward MJ, Small M, Nowak AK, Lake RA. Dynamic versus static biomarkers
in cancer immune checkpoint blockade: unravelling complexity. Nat Rev Drug Discov. 2017. https://doi.
org/10.1038/nrd.2016.233 PMID: 28057932.

7. LiuX,WangY, JiH, Aihara K, Chen L. Personalized characterization of diseases using sample-specific
networks. Nucleic Acids Research. 2016:https://doi.org/10.1093/nar/gkw772 PMID: 27596597

8. Huang, Zaas AK, Rao A, Dobigeon N, Woolf PJ, Veldman T, et al. Temporal dynamics of host molec-
ular responses differentiate symptomatic and asymptomatic influenza a infection. PLoS Genet. 2011; 7
(8):21002234. https://doi.org/10.1371/journal.pgen.1002234 PMID: 21901105; PubMed Central
PMCID: PMCPMC3161909.

9. Sprinthall RC. Basic Statistical Analysis. 9th Edition ed: Pearson Education; 2011.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005633  July 5, 2017 18/21


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s013
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s014
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s015
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1005633.s016
https://doi.org/10.1038/srep00342
https://doi.org/10.1038/srep00342
http://www.ncbi.nlm.nih.gov/pubmed/22461973
https://doi.org/10.1186/1755-8794-6-S2-S8
https://doi.org/10.1186/1755-8794-6-S2-S8
http://www.ncbi.nlm.nih.gov/pubmed/23819540
https://doi.org/10.1038/srep00813
http://www.ncbi.nlm.nih.gov/pubmed/23230504
https://doi.org/10.1371/journal.pbio.1002585
http://www.ncbi.nlm.nih.gov/pubmed/28027290
https://doi.org/10.1371/journal.pbio.2000640
https://doi.org/10.1371/journal.pbio.2000640
http://www.ncbi.nlm.nih.gov/pubmed/28027308
https://doi.org/10.1038/nrd.2016.233
https://doi.org/10.1038/nrd.2016.233
http://www.ncbi.nlm.nih.gov/pubmed/28057932
https://doi.org/10.1093/nar/gkw772
http://www.ncbi.nlm.nih.gov/pubmed/27596597
https://doi.org/10.1371/journal.pgen.1002234
http://www.ncbi.nlm.nih.gov/pubmed/21901105
https://doi.org/10.1371/journal.pcbi.1005633

©-PLOS | sotoer o

Quantifying critical states of complex diseases by sDNB

10.

1.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

Moreno-Smith M, Lutgendorf SK, Sood AK. Impact of stress on cancer metastasis. Future Oncol. 2010;
6(12):1863-81. https://doi.org/10.2217/fon.10.142 PMID: 21142861; PubMed Central PMCID:
PMCPMC3037818.

Chiang AC, Massague J. Molecular basis of metastasis. N Engl J Med. 2008; 359(26):2814-23. https://
doi.org/10.1056/NEJMra0805239 PMID: 19109576; PubMed Central PMCID: PMCPMC4189180.

Klein CA. Cancer. The metastasis cascade. Science. 2008; 321(5897):1785-7. https://doi.org/10.1126/
science.1164853 PMID: 18818347.

van Roosmalen W, Le Devedec SE, Golani O, Smid M, Pulyakhina I, Timmermans AM, et al. Tumor
cell migration screen identifies SRPK1 as breast cancer metastasis determinant. J Clin Invest. 2015;
125(4):1648-64. https://doi.org/10.1172/JCI74440 PMID: 25774502; PubMed Central PMCID:
PMCPMC4396474.

Huang H, Liu J, Meng Q, Niu G. Multidrug resistance protein and topoisomerase 2 alpha expression in
non-small cell lung cancer are related with brain metastasis postoperatively. Int J Clin Exp Pathol. 2015;
8(9):11537-42. PMID: 26617887; PubMed Central PMCID: PMCPMC4637703.

LiY, Zhou W, Wei L, JinJ, Tang K, Li C, et al. The effect of Aurora kinases on cell proliferation, cell
cycle regulation and metastasis in renal cell carcinoma. Int J Oncol. 2012; 41(6):2139—49. https://doi.
org/10.3892/ij0.2012.1633 PMID: 23007526.

Gao A, Zhang L, Chen X, Chen Y, Xu Z, Liu Y, et al. Effect of VTCN1 on progression and metastasis of
ovarian carcinoma in vitro and vivo. Biomed Pharmacother. 2015; 73:129-34. https://doi.org/10.1016/].
biopha.2015.05.016 PMID: 26211593.

Yang Y, Zhao W, Xu QW, Wang XS, Zhang Y, Zhang J. IQGAP3 promotes EGFR-ERK signaling and
the growth and metastasis of lung cancer cells. PLoS One. 2014; 9(5):e97578. https://doi.org/10.1371/
journal.pone.0097578 PMID: 24849319; PubMed Central PMCID: PMCPMC4029748.

White CD, Brown MD, Sacks DB. IQGAPs in cancer: a family of scaffold proteins underlying tumorigen-
esis. FEBS Lett. 2009; 583(12):1817—24. https://doi.org/10.1016/j.febslet.2009.05.007 PMID:
19433088; PubMed Central PMCID: PMCPMC2743239.

Field MG, Decatur CL, Kurtenbach S, Gezgin G, van der Velden PA, Jager MJ, et al. PRAME as an
Independent Biomarker for Metastasis in Uveal Melanoma. Clin Cancer Res. 2016; 22(5):1234—42.
https://doi.org/10.1158/1078-0432.CCR-15-2071 PMID: 26933176; PubMed Central PMCID:
PMCPMC4780366.

Tan P, Zou C, Yong B, Han J, Zhang L, Su Q, et al. Expression and prognostic relevance of PRAME in
primary osteosarcoma. Biochem Biophys Res Commun. 2012; 419(4):801-8. https://doi.org/10.1016/j.
bbrc.2012.02.110 PMID: 22390931.

Xu K, Song X, Chen Z, Qin C, He Y, Zhan W. XRCC2 promotes colorectal cancer cell growth, regulates
cell cycle progression, and apoptosis. Medicine (Baltimore). 2014; 93(28):e294. https://doi.org/10.1097/
MD.0000000000000294 PMID: 25526472; PubMed Central PMCID: PMCPMC4603138.

Kanojia D, Morshed RA, Zhang L, Miska JM, Qiao J, Kim JW, et al. betalll-Tubulin Regulates Breast
Cancer Metastases to the Brain. Mol Cancer Ther. 2015; 14(5):1152—61. https://doi.org/10.1158/1535-
7163.MCT-14-0950 PMID: 25724666; PubMed Central PMCID: PMCPMC4425587.

McCarroll JA, Sharbeen G, Liu J, Youkhana J, Goldstein D, McCarthy N, et al. betalll-tubulin: a novel
mediator of chemoresistance and metastases in pancreatic cancer. Oncotarget. 2015; 6(4):2235—-49.
https://doi.org/10.18632/oncotarget.2946 PMID: 25544769; PubMed Central PMCID:
PMCPMC4385848.

Bao C, Wang J, Ma W, Wang X, Cheng Y. HDGF: a novel jack-of-all-trades in cancer. Future Oncol.
2014; 10(16):2675-85. https://doi.org/10.2217/fon.14.194 PMID: 25236340.

Wang L, Jiang Q, Hua S, Zhao M, Wu Q, Fu Q, et al. High nuclear expression of HDGF correlates with
disease progression and poor prognosis in human endometrial carcinoma. Dis Markers. 2014;
2014:298795. https://doi.org/10.1155/2014/298795 PMID: 24692842; PubMed Central PMCID:
PMCPMC3947826.

Ren H, Tang X, Lee JJ, Feng L, Everett AD, Hong WK, et al. Expression of hepatoma-derived growth
factor is a strong prognostic predictor for patients with early-stage non-small-cell lung cancer. J Clin
Oncol. 2004; 22(16):3230—-7. https://doi.org/10.1200/JC0O.2004.02.080 PMID: 15310766.

Zhang J, Chen N, Qi J, Zhou B, Qiu X. HDGF and ADAM9 are novel molecular staging biomarkers,
prognostic biomarkers and predictive biomarkers for adjuvant chemotherapy in surgically resected
stage | non-small cell lung cancer. J Cancer Res Clin Oncol. 2014; 140(8):1441-9. https://doi.org/10.
1007/s00432-014-1687-2 PMID: 24770635.

ZhangH, Li S, Yang X, Qiao B, Zhang Z, Xu Y. miR-539 inhibits prostate cancer progression by directly
targeting SPAG5. J Exp Clin Cancer Res. 2016; 35(1):60. https://doi.org/10.1186/s13046-016-0337-8
PMID: 27037000; PubMed Central PMCID: PMCPMC4818461.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005633  July 5, 2017 19/21


https://doi.org/10.2217/fon.10.142
http://www.ncbi.nlm.nih.gov/pubmed/21142861
https://doi.org/10.1056/NEJMra0805239
https://doi.org/10.1056/NEJMra0805239
http://www.ncbi.nlm.nih.gov/pubmed/19109576
https://doi.org/10.1126/science.1164853
https://doi.org/10.1126/science.1164853
http://www.ncbi.nlm.nih.gov/pubmed/18818347
https://doi.org/10.1172/JCI74440
http://www.ncbi.nlm.nih.gov/pubmed/25774502
http://www.ncbi.nlm.nih.gov/pubmed/26617887
https://doi.org/10.3892/ijo.2012.1633
https://doi.org/10.3892/ijo.2012.1633
http://www.ncbi.nlm.nih.gov/pubmed/23007526
https://doi.org/10.1016/j.biopha.2015.05.016
https://doi.org/10.1016/j.biopha.2015.05.016
http://www.ncbi.nlm.nih.gov/pubmed/26211593
https://doi.org/10.1371/journal.pone.0097578
https://doi.org/10.1371/journal.pone.0097578
http://www.ncbi.nlm.nih.gov/pubmed/24849319
https://doi.org/10.1016/j.febslet.2009.05.007
http://www.ncbi.nlm.nih.gov/pubmed/19433088
https://doi.org/10.1158/1078-0432.CCR-15-2071
http://www.ncbi.nlm.nih.gov/pubmed/26933176
https://doi.org/10.1016/j.bbrc.2012.02.110
https://doi.org/10.1016/j.bbrc.2012.02.110
http://www.ncbi.nlm.nih.gov/pubmed/22390931
https://doi.org/10.1097/MD.0000000000000294
https://doi.org/10.1097/MD.0000000000000294
http://www.ncbi.nlm.nih.gov/pubmed/25526472
https://doi.org/10.1158/1535-7163.MCT-14-0950
https://doi.org/10.1158/1535-7163.MCT-14-0950
http://www.ncbi.nlm.nih.gov/pubmed/25724666
https://doi.org/10.18632/oncotarget.2946
http://www.ncbi.nlm.nih.gov/pubmed/25544769
https://doi.org/10.2217/fon.14.194
http://www.ncbi.nlm.nih.gov/pubmed/25236340
https://doi.org/10.1155/2014/298795
http://www.ncbi.nlm.nih.gov/pubmed/24692842
https://doi.org/10.1200/JCO.2004.02.080
http://www.ncbi.nlm.nih.gov/pubmed/15310766
https://doi.org/10.1007/s00432-014-1687-2
https://doi.org/10.1007/s00432-014-1687-2
http://www.ncbi.nlm.nih.gov/pubmed/24770635
https://doi.org/10.1186/s13046-016-0337-8
http://www.ncbi.nlm.nih.gov/pubmed/27037000
https://doi.org/10.1371/journal.pcbi.1005633

©-PLOS | sotoer o

Quantifying critical states of complex diseases by sDNB

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

4,

42,

43.

44,

45.

46.

Vazquez-Villa F, Garcia-Ocana M, Galvan JA, Garcia-Martinez J, Garcia-Pravia C, Menendez-Rodri-
guez P, etal. COL11A1/(pro)collagen 11A1 expression is a remarkable biomarker of human invasive
carcinoma-associated stromal cells and carcinoma progression. Tumour Biol. 2015; 36(4):2213-22.
https://doi.org/10.1007/s13277-015-3295-4 PMID: 25761876.

Ellsworth RE, Seebach J, Field LA, Heckman C, Kane J, Hooke JA, et al. A gene expression signature
that defines breast cancer metastases. Clin Exp Metastasis. 2009; 26(3):205—13. https://doi.org/10.
1007/s10585-008-9232-9 PMID: 19112599.

Cheon DJ, Tong Y, Sim MS, Dering J, Berel D, Cui X, et al. A collagen-remodeling gene signature regu-
lated by TGF-beta signaling is associated with metastasis and poor survival in serous ovarian cancer.
Clin Cancer Res. 2014; 20(3):711-23. https://doi.org/10.1158/1078-0432.CCR-13-1256 PMID:
24218511; PubMed Central PMCID: PMCPMC3946428.

Kim JT, Lee SJ, Kang MA, Park JE, Kim BY, Yoon DY, et al. Cystatin SN neutralizes the inhibitory effect
of cystatin C on cathepsin B activity. Cell Death Dis. 2013; 4:974. https://doi.org/10.1038/cddis.2013.
485 PMID: 24357805; PubMed Central PMCID: PMCPMC3877556.

Blanco MA, LeRoy G, Khan Z, Aleckovic M, Zee BM, Garcia BA, et al. Global secretome analysis identi-
fies novel mediators of bone metastasis. Cell Res. 2012; 22(9):1339-55. https://doi.org/10.1038/cr.
2012.89 PMID: 22688892; PubMed Central PMCID: PMCPMC3434351.

YanL, YudJ, TanF, Ye GT, Shen ZY, Liu H, et al. SP1-mediated microRNA-520d-5p suppresses tumor
growth and metastasis in colorectal cancer by targeting CTHRC1. Am J Cancer Res. 2015; 5(4):1447—
59. PMID: 26101709; PubMed Central PMCID: PMCPMC4473322.

YanL, Ye GT, Shen Z, Zhu X, Liu H, Li G. [Role of CTHRC1 in proliferation, migration and invasion of
human colorectal cancer cells]. Nan Fang Yi Ke Da Xue Xue Bao. 2015; 35(5):767-71, 76. PMID:
26018280.

Yang XM, You HY, Li Q, Ma H, Wang YH, Zhang YL, et al. CTHRC1 promotes human colorectal cancer
cell proliferation and invasiveness by activating Wnt/PCP signaling. Int J Clin Exp Pathol. 2015; 8
(10):12793-801. PMID: 26722469; PubMed Central PMCID: PMCPMC4680414.

Eriksson J, Le Joncour V, Nummela P, Jahkola T, Virolainen S, Laakkonen P, et al. Gene expression
analyses of primary melanomas reveal CTHRC1 as an important player in melanoma progression.
Oncotarget. 2016; 7(12):15065-92. https://doi.org/10.18632/oncotarget.7604 PMID: 26918341;
PubMed Central PMCID: PMCPMC4924771.

Kang YH, Ji NY, Han SR, Lee CI, Kim JW, Yeom Y, et al. ESM-1 regulates cell growth and metastatic
process through activation of NF-kappaB in colorectal cancer. Cell Signal. 2012; 24(10):1940-9. https:/
doi.org/10.1016/j.cellsig.2012.06.004 PMID: 22735811.

Zhang X, Wang Z, Tian L, Xie J, Zou G, Jiang F. Increased Expression of FGF19 Contributes to Tumor
Progression and Cell Motility of Human Thyroid Cancer. Otolaryngol Head Neck Surg. 2016; 154
(1):52-8. https://doi.org/10.1177/0194599815609534 PMID: 26450751.

Waltregny D, Bellahcene A, de Leval X, Florkin B, Weidle U, Castronovo V. Increased expression of
bone sialoprotein in bone metastases compared with visceral metastases in human breast and prostate
cancers. J Bone Miner Res. 2000; 15(5):834—43. https://doi.org/10.1359/jbmr.2000.15.5.834 PMID:
10804012.

Wang J, Wang L, Xia B, Yang C, Lai H, Chen X. BSP gene silencing inhibits migration, invasion, and
bone metastasis of MDA-MB-231BO human breast cancer cells. PLoS One. 2013; 8(5):€62936. https://
doi.org/10.1371/journal.pone.0062936 PMID: 23667544; PubMed Central PMCID: PMCPMC3647072.

Jiang H, Li Q, He C, Li F, Sheng H, Shen X, et al. Activation of the Wnt pathway through Wnt2 promotes
metastasis in pancreatic cancer. Am J Cancer Res. 2014; 4(5):537-44. PMID: 25232495; PubMed
Central PMCID: PMCPMC4163618.

Yu M, Ting DT, Stott SL, Wittner BS, Ozsolak F, Paul S, et al. RNA sequencing of pancreatic circulating
tumour cells implicates WNT signalling in metastasis. Nature. 2012; 487(7408):510-3. https://doi.org/
10.1038/nature11217 PMID: 22763454; PubMed Central PMCID: PMCPMC3408856.

Hsu PP, Sabatini DM. Cancer cell metabolism: Warburg and beyond. Cell. 2008; 134(5):703-7. https://
doi.org/10.1016/j.cell.2008.08.021 PMID: 18775299.

Wu'Y, Wang X, Wu F, Huang R, Xue F, Liang G, et al. Transcriptome profiling of the cancer, adjacent
non-tumor and distant normal tissues from a colorectal cancer patient by deep sequencing. PLoS One.
2012; 7(8):e41001. https://doi.org/10.1371/journal.pone.0041001 PMID: 22905095; PubMed Central
PMCID: PMCPMC3414479.

Nasu T, Oku Y, Takifuji K, Hotta T, Yokoyama S, Matsuda K, et al. Predicting lymph node metastasis in
early colorectal cancer using the CITED1 expression. J Surg Res. 2013; 185(1):136—42. https://doi.org/
10.1016/j.jss.2013.05.041 PMID: 23746764.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005633  July 5, 2017 20/21


https://doi.org/10.1007/s13277-015-3295-4
http://www.ncbi.nlm.nih.gov/pubmed/25761876
https://doi.org/10.1007/s10585-008-9232-9
https://doi.org/10.1007/s10585-008-9232-9
http://www.ncbi.nlm.nih.gov/pubmed/19112599
https://doi.org/10.1158/1078-0432.CCR-13-1256
http://www.ncbi.nlm.nih.gov/pubmed/24218511
https://doi.org/10.1038/cddis.2013.485
https://doi.org/10.1038/cddis.2013.485
http://www.ncbi.nlm.nih.gov/pubmed/24357805
https://doi.org/10.1038/cr.2012.89
https://doi.org/10.1038/cr.2012.89
http://www.ncbi.nlm.nih.gov/pubmed/22688892
http://www.ncbi.nlm.nih.gov/pubmed/26101709
http://www.ncbi.nlm.nih.gov/pubmed/26018280
http://www.ncbi.nlm.nih.gov/pubmed/26722469
https://doi.org/10.18632/oncotarget.7604
http://www.ncbi.nlm.nih.gov/pubmed/26918341
https://doi.org/10.1016/j.cellsig.2012.06.004
https://doi.org/10.1016/j.cellsig.2012.06.004
http://www.ncbi.nlm.nih.gov/pubmed/22735811
https://doi.org/10.1177/0194599815609534
http://www.ncbi.nlm.nih.gov/pubmed/26450751
https://doi.org/10.1359/jbmr.2000.15.5.834
http://www.ncbi.nlm.nih.gov/pubmed/10804012
https://doi.org/10.1371/journal.pone.0062936
https://doi.org/10.1371/journal.pone.0062936
http://www.ncbi.nlm.nih.gov/pubmed/23667544
http://www.ncbi.nlm.nih.gov/pubmed/25232495
https://doi.org/10.1038/nature11217
https://doi.org/10.1038/nature11217
http://www.ncbi.nlm.nih.gov/pubmed/22763454
https://doi.org/10.1016/j.cell.2008.08.021
https://doi.org/10.1016/j.cell.2008.08.021
http://www.ncbi.nlm.nih.gov/pubmed/18775299
https://doi.org/10.1371/journal.pone.0041001
http://www.ncbi.nlm.nih.gov/pubmed/22905095
https://doi.org/10.1016/j.jss.2013.05.041
https://doi.org/10.1016/j.jss.2013.05.041
http://www.ncbi.nlm.nih.gov/pubmed/23746764
https://doi.org/10.1371/journal.pcbi.1005633

©-PLOS | sotoer o

Quantifying critical states of complex diseases by sDNB

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

Fertig EJ, Lee E, Pandey NB, Popel AS. Analysis of gene expression of secreted factors associated
with breast cancer metastases in breast cancer subtypes. Sci Rep. 2015; 5:12133. https://doi.org/10.
1038/srep12133 PMID: 26173622; PubMed Central PMCID: PMCPMC4648401.

Jang JH, Baerts L, Waumans Y, De Meester |, Yamada Y, Limani P, et al. Suppression of lung metasta-
ses by the CD26/DPP4 inhibitor Vildagliptin in mice. Clin Exp Metastasis. 2015; 32(7):677-87. https://
doi.org/10.1007/s10585-015-9736-z PMID: 26233333.

Steffens S, Schrader AJ, Vetter G, Eggers H, Blasig H, Becker J, et al. Fibronectin 1 protein expression
in clear cell renal cell carcinoma. Oncol Lett. 2012; 3(4):787-90. https://doi.org/10.3892/01.2012.566
PMID: 22740994; PubMed Central PMCID: PMCPMC3362387.

Waalkes S, Atschekzei F, Kramer MW, Hennenlotter J, Vetter G, Becker JU, et al. Fibronectin 1 mRNA
expression correlates with advanced disease in renal cancer. BMC Cancer. 2010; 10:503. https://doi.
org/10.1186/1471-2407-10-503 PMID: 20860816; PubMed Central PMCID: PMCPMC2949811.

Jerhammar F, Ceder R, Garvin S, Grenman R, Grafstrom RC, Roberg K. Fibronectin 1 is a potential bio-
marker for radioresistance in head and neck squamous cell carcinoma. Cancer Biol Ther. 2010; 10
(12):1244-51. PMID: 20930522.

Jiang C, Chen H, Shao L, Dong Y. GRM4 gene polymorphism is associated with susceptibility and prog-
nosis of osteosarcoma in a Chinese Han population. Med Oncol. 2014; 31(7):50. PMID: 24984297
PubMed Central PMCID: PMCPMC4079940. https://doi.org/10.1007/s12032-014-0050-4

Xue F, Zhang Y, Liu F, Jing J, Ma M. Expression of IgSF in salivary adenoid cystic carcinoma and its
relationship with invasion and metastasis. J Oral Pathol Med. 2005; 34(5):295-7. https://doi.org/10.
1111/j.1600-0714.2005.00312.x PMID: 15817073.

Jiao X, Lu HJ, Zhai MM, Tan ZJ, Zhi HN, Liu XM, et al. Overexpression of kallikrein gene 10 is a bio-
marker for predicting poor prognosis in gastric cancer. World J Gastroenterol. 2013; 19(48):9425-31.
https://doi.org/10.3748/wjg.v19.i48.9425 PMID: 24409072; PubMed Central PMCID:
PMCPMC3882418.

Shvartsman HS, Lu KH, Lee J, Lillie J, Deavers MT, Clifford S, et al. Overexpression of kallikrein 10 in
epithelial ovarian carcinomas. Gynecol Oncol. 2003; 90(1):44-50. PMID: 12821340.

Inoue Y, Yokobori T, Yokoe T, Toiyama Y, Miki C, Mimori K, et al. Clinical significance of human kalli-
krein7 gene expression in colorectal cancer. Ann Surg Oncol. 2010; 17(11):3037—42. https://doi.org/10.
1245/510434-010-1132-y PMID: 20544292.

Peters I, Dubrowinskaja N, Abbas M, Seidel C, Kogosov M, Scherer R, et al. DNA methylation biomark-
ers predict progression-free and overall survival of metastatic renal cell cancer (MRCC) treated with
antiangiogenic therapies. PLoS One. 2014; 9(3):€91440. https://doi.org/10.1371/journal.pone.0091440
PMID: 24633192; PubMed Central PMCID: PMCPMC3954691.

Wang XM, LiJ, Yan MX, Liu L, Jia DS, Geng Q, et al. Integrative analyses identify osteopontin, LAMB3
and ITGB1 as critical pro-metastatic genes for lung cancer. PLoS One. 2013; 8(2):e55714. https://doi.
org/10.1371/journal.pone.0055714 PMID: 23441154; PubMed Central PMCID: PMCPMC3575388.

Cui M, Jin H, Shi X, Qu G, Liu L, Ding X, et al. Lipase member H is a novel secreted protein associated
with a poor prognosis for breast cancer patients. Tumour Biol. 2014; 35(11):11461-5. https://doi.org/10.
1007/s13277-014-2436-5 PMID: 25123262.

Suleiman L, Negrier C, Boukerche H. Protein S: A multifunctional anticoagulant vitamin K-dependent
protein at the crossroads of coagulation, inflammation, angiogenesis, and cancer. Crit Rev Oncol
Hematol. 2013; 88(3):637-54. https://doi.org/10.1016/j.critrevonc.2013.07.004 PMID: 23958677.

Kwon CH, Park HJ, Lee JR, Kim HK, Jeon TY, Jo HJ, et al. Serpin peptidase inhibitor clade A member 1
is a biomarker of poor prognosis in gastric cancer. Br J Cancer. 2014; 111(10):1993—2002. https://doi.
org/10.1038/bjc.2014.490 PMID: 25211665; PubMed Central PMCID: PMCPMC4229634.

WangY, YangW, PuQ, YangY, Ye S, Ma Q, et al. The effects and mechanisms of SLC34A2 in tumori-
genesis and progression of human non-small cell lung cancer. J Biomed Sci. 2015; 22:52. https://doi.
0rg/10.1186/s12929-015-0158-7 PMID: 26156586; PubMed Central PMCID: PMCPMC4497375.

Zhang W, Zang Z, Song Y, Yang H, Yin Q. Co-expression network analysis of differentially expressed
genes associated with metastasis in prolactin pituitary tumors. Mol Med Rep. 2014; 10(1):113-8.
https://doi.org/10.3892/mmr.2014.2152 PMID: 24736764.

Lee Y, Ko D, Min HJ, Kim SB, Ahn HM, Lee Y, et al. TMPRSS4 induces invasion and proliferation of
prostate cancer cells through induction of Slug and cyclin D1. Oncotarget. 2016. https://doi.org/10.
18632/oncotarget. 10382 PMID: 27385093.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1005633  July 5, 2017 21/21


https://doi.org/10.1038/srep12133
https://doi.org/10.1038/srep12133
http://www.ncbi.nlm.nih.gov/pubmed/26173622
https://doi.org/10.1007/s10585-015-9736-z
https://doi.org/10.1007/s10585-015-9736-z
http://www.ncbi.nlm.nih.gov/pubmed/26233333
https://doi.org/10.3892/ol.2012.566
http://www.ncbi.nlm.nih.gov/pubmed/22740994
https://doi.org/10.1186/1471-2407-10-503
https://doi.org/10.1186/1471-2407-10-503
http://www.ncbi.nlm.nih.gov/pubmed/20860816
http://www.ncbi.nlm.nih.gov/pubmed/20930522
http://www.ncbi.nlm.nih.gov/pubmed/24984297
https://doi.org/10.1007/s12032-014-0050-4
https://doi.org/10.1111/j.1600-0714.2005.00312.x
https://doi.org/10.1111/j.1600-0714.2005.00312.x
http://www.ncbi.nlm.nih.gov/pubmed/15817073
https://doi.org/10.3748/wjg.v19.i48.9425
http://www.ncbi.nlm.nih.gov/pubmed/24409072
http://www.ncbi.nlm.nih.gov/pubmed/12821340
https://doi.org/10.1245/s10434-010-1132-y
https://doi.org/10.1245/s10434-010-1132-y
http://www.ncbi.nlm.nih.gov/pubmed/20544292
https://doi.org/10.1371/journal.pone.0091440
http://www.ncbi.nlm.nih.gov/pubmed/24633192
https://doi.org/10.1371/journal.pone.0055714
https://doi.org/10.1371/journal.pone.0055714
http://www.ncbi.nlm.nih.gov/pubmed/23441154
https://doi.org/10.1007/s13277-014-2436-5
https://doi.org/10.1007/s13277-014-2436-5
http://www.ncbi.nlm.nih.gov/pubmed/25123262
https://doi.org/10.1016/j.critrevonc.2013.07.004
http://www.ncbi.nlm.nih.gov/pubmed/23958677
https://doi.org/10.1038/bjc.2014.490
https://doi.org/10.1038/bjc.2014.490
http://www.ncbi.nlm.nih.gov/pubmed/25211665
https://doi.org/10.1186/s12929-015-0158-7
https://doi.org/10.1186/s12929-015-0158-7
http://www.ncbi.nlm.nih.gov/pubmed/26156586
https://doi.org/10.3892/mmr.2014.2152
http://www.ncbi.nlm.nih.gov/pubmed/24736764
https://doi.org/10.18632/oncotarget.10382
https://doi.org/10.18632/oncotarget.10382
http://www.ncbi.nlm.nih.gov/pubmed/27385093
https://doi.org/10.1371/journal.pcbi.1005633

