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Abstract. - OBJECTIVE: Ovarian cancer is
one of the most common causes of cancer-relat-
ed deaths in women. Many studies show that dys-
regulated gene expression plays a key role in tu-
morigenesis and development. Therefore, a com-
prehensive understanding of ovarian serous cys-
tadenocarcinoma survival prognosis is needed.

PATIENTS AND METHODS: A large number
of high-dimensional RNA-sequencing files and
clinical datasets collected from the Genomic Da-
ta Commons Data Portal were utilized to iden-
tify novel potential biomarkers for determining
the prognosis of patients with ovarian serous
cystadenocarcinoma (OVSC). We adopted a new
strategy to identify these biomarkers by inte-
grating co-expression network analysis and the
Kaplan-Meier estimation with a non-parametric
bootstrapping procedure.

RESULTS: Functional enrichment analysis of
gene modules of interest revealed several dys-
regulated genes in OVSC, suggesting a close re-
lationship between hormones and angiogene-
sis. In combination with this comprehensive ap-
proach, 14 genes, including ABCA10, DCX, LR-
RC30, ALX4, DKK4, SGCZ, ANKS4B, FHL5, SPR-
R2F, CHRNG, GABRR1, STMN2, CRHBP, and
GSTM5, were shown to serve as candidate bio-
markers for predicting the prognosis of patients
with OVSC.

CONCLUSIONS: The current study identified
several valuable prognostic biomarkers and
several potential therapeutic targets for treat-
ing OVSC.

Key Words:
Ovarian serous cystadenocarcinoma, Survival
prognosis, Co-expression network, Survival analysis.

Introduction

Ovarian serous cystadenocarcinoma (OVSC) is
one of the four most fatal cancers in women, and
the number of newly diagnosed cases exceeds
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200,000 each year'. The 5-year survival rate of
most patients with OVSC is less than 50%. The
prognosis is poor, and patients with metastasis
due to delayed detection and chemotherapy tol-
erance have even worse prognosis®. Therefore,
identifying clinical biomarkers to determine the
prognosis of OVSC is critically important, and
may lead to new therapeutic targets that ultimate-
ly reduce the risk of death in patients with OVSC.
It is generally believed that the dysregulation of
the gene expression acts as an important role in
tumorigenesis and development. More and more
studies showed that the diagnostic/prognostic
markers and even new therapeutic targets were
revealed by analyzing gene expression patterns
in various cancers types**. In recent years, with
the rapid spread of high-throughput technology,
high-dimensional data on gene expression has
provided comprehensive information to better
understand the survival and prognosis of OVSC
patients; however, the findings of these studies
still have great deficiencies in the survival prog-
nosis of OVSC patients so far’®. In most cases,
many rare genes with no functional relation-
ships were selected and considered as potential
biomarkers for OVSC. Given the complexity of
the interactions between genes, a single genetic
abnormality can propagate along with a complex
intracellular network, leading to a series of com-
mon changes in cell functional properties, either
directly or indirectly’®. Therefore, a dynamic,
modular network-based analysis for survival-re-
lated biomarkers can provide accurate informa-
tion and an underlying understanding of OVSC
patients’ outcomes and clinical treatment options.
More importantly, in order to better understand
the survival prognosis and best treatment of
OVSC, researchers do not only need to obtain
credible biomarkers but also trace the key role
of their biological functions. In this study, we

8257



Y. Wang, L. Lei, Y.-G. Chi, L.-B. Liu, B.-P. Yang

combined the weighted genes co-expression net-
work analysis and Kaplan-Meier estimation with
a non-parametric bootstrapping procedure using
survival information, protein-protein interactions
(PPI) in STRING?, and gene expression data from
OVSC. We took an integrated approach to cap-
ture a complete understanding of the prognostic
survival biomarkers in OVSC patients.

Patients and Methods

Gene Expression Profiles and
Clinical Datasets

According to the dissemination and applica-
tion policy requirements of the Genomic Data
Commons Data Portal (https:/gdc-portal.nci.nih.
gov/), RNA sequencing data profiles and clini-

Table I. Patients and samples distribution characteristics.

cal information of 305 OVSC patients including
2,744 samples (Table 1) were collected. Most of
the samples (89.14%) were from white patients,
and 85.9% of patients received chemotherapy.
The median age of selected patients was 55.7
years, the median survival time was 973 days,
and the median survival time was 1102 days. This
study has been approved by the Ethics Commit-
tee of the Institute of Biomedicine Research of
the Chongqing Maternal and Child Health Hospi-
tal (Chongqging, China).

Genes Co-Expression
Network Construction

Generally, weighted genes co-expression
network analysis (WGCNA) was an important
strategy to find main gene modules that repre-
sent critical characteristics for gene expression

Groups Patient Counts Sample Counts
Total 305 2744
Race
NA 16 (5.25%) 70 (2.55%)
American Indian or Alaska Native 4 (1.31%) -1 (0.40%
Asian 26 (8.52%) 61 (2.22%)
Black or African American 39 (12.79%) 153 (5.58%)
Native Hawaiian or Pacific Islander 1 (0.33%) 3 (0.11%)
White 219 (71.80%) 2446 (89.14%)
Therapy Type
NA 3 (0.98%) 12 (0.44%)
Chemotherapy 262 (85.90%) 2586 (94.24%)
Hormone therapy 16 (5.25%) 56 (2.04%)
Immunotherapy 13 (4.26%) 18 (0.66%)
Targeted molecular therapy 11 (3.61%) 72 (2.62%)
Clinical Stage
NA 4 (1.31%) 17 (0.62%)
Stage TA 1 (0.33%) 3 (0.11%)
Stage 1B 2 (0.66%) 6 (0.22%)
Stage IC 11 (3.61%) 30 (1.09%)
Stage ITA 5 (1.64%) 15 (0.55%)
Stage 1IB 8 (2.62%) 23 (0.84%)
Stage 1IC 15 (4.92%) 76 (2.77%)
Stage ITTA 17 (5.57%) 42 (1.53%)
Stage I11B 21 (6.89%) 128 (4.66%)
Stage ITIC 182 (59.67%) 1987 (72.41%)
Stage IV 39 (12.79%) 417 (15.20%)
Vital
Alive 143 (46.89%) 1085 (39.54%)
Dead 162 (53.11%) 1659 (60.46%)
Residual Nodule
NA 25 (8.20%) 260 (9.48%)
No macroscopic nodule 50 (16.39%) 524 (19.10%)
1-10 mm 135 (44.26%) 1287 (46.90%)
11-20 mm 35 (11.48%) 167 (6.09%)
>20 mm 60 (19.67%) 506 (18.44%)

NA: not available.
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profiles. In the WGCNA network, each node
was weighted according to the correlation ma-
trices'’. By using a dynamic cutting tree algo-
rithm, gene modules were detected using power
= 10 and deep split = 2 parameters. In brief, the
Pearson correlation coefficients comparing all
pairs of genes in all samples were converted in-
to an adjacency matrix, resulting in a weighted
network. A dynamic tree-cutting algorithm is
then used to calculate the Topological Overlap
Measurement (TOM), a biologically meaning-
ful nodal similarity measure that hierarchically
clusters genes, as distance measures using a
height cutoff 0.95.

Functional Annotation of Gene Modules

The functional enrichment of genes in each
gene module was performed using the Cluster-
Profiler' software package based on the gene
ontology database. In functional annotation re-
sults, the overexpression of terms is defined as
Fisher’s exact p-value of the correction using the
Benjamini method to adjust multiple tests. Due
to different biological process shared common
genes, as well as a gene shared more than one
biological process, identifying that the hub genes
are usually used as the critical step to verify
potential biomarkers for diagnosis/prognosis of
many diseases. In this study, the hub genes were
used to assess the hazard ratios of OVSC patients
based on their survival times.

Survival Analysis

To determine the prognostic capacity of po-
tential biomarkers, the survival curves were es-
timated by the Kaplan-Meier method and were
compared with a log-rank test of the hub genes.
Here, we split our cohort using the expression of
each gene whose aberrant expression (decreased/
increased) was known to be related to poor prog-
nosis in a mixed population of OVSC. To deter-
mine and ensure reliable prognostic association
as a measure of significance, a non-parametric
bootstrapping procedure was performed for each
point-of-separation through distribution of ex-
pected hazard ratios (HRs), exactly as we would
for a biomarker under investigation, against which
we are able to compare our observed HRs as part
of our analysis. Tukey’s HSD (honestly signifi-
cant difference) test is used in conjunction with
an ANOVA to find means that are significantly
different from each other. p<0.05 was recognized
as a statistically significant difference.

Results

Overall Survival of OVSC Patients’
Facet by Different Characteristics

At first, we performed a survival curve anal-
ysis among different races, clinical stages, ther-
apy types, and residual nodules based on Ka-
plan-Meier estimates (Supplementary Figure
1). The results showed that OVSC patients with
no macroscopic nodules and clinical stage I or
Il had a higher probability of survival, while
the other groups were not lucky. Although im-
munotherapeutic or targeted molecular therapy
theoretically have better treatment effects, no
significance was observed in the results of our
analysis due to the abnormal distribution of rac-
es or therapy types.

Differentially Expressed Genes (DEGs)
Each probe of the OVSC microarray was sepa-
rated into high and low groups according to its own
median expression level. Differential expression of
these two group samples was performed with the
estimation of the #-test. The cut-off values of p <
0.05 and log2FoldChange (Jlog2FC|) > 2 were set
as the threshold for significant DEGs selection.
Finally, a total of 1,366 DEGs were exploited for
gene modules detection and functional analysis.

Co-Expression Modules and
Hub Genes Detection

An overview of the system-genetics of the
DEGs was illustrated in Figure 1A. Six gene
modules were generated based on the criteria of
[log2FC| > 2 and p < 0.05 in these 1,366 DEGs.
Each leaf (short vertical line) corresponds to
a gene clustered together to form a gene mod-
ule. After excluding non-significantly expressed
genes, we used these 1,366 significant genes and
applied the WGCNA package to compile the
systematic network (Figure 1B). In addition, by
integrating these six gene modules, 36 hub genes
(Supplementary Table I) were detected in the
system network with the following parameters:
[log2FC| > 2, p < 0.05, and the degree of the con-
nectivity is greater than 10.

Functional Analysis of Gene Modules
Functional enrichment of the significant gene
modules was performed to determine whether the
outcomes were significantly associated with the bi-
ological processes influencing the hazards of OVSC
patients’ survival prognosis. Significant enrichments
were observed in brown and purple gene modules,
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Figure 1. Gene co-expression modules and hub genes detection. A, Gene dendrograms through dynamic tree-cutting method.
Six gene modules were generated with the following parameters: min cluster size = 50, cut height = 0.95, deep split = 2. B,
Weighted co-expression network interconnection of these six gene modules. Each node represents a gene whose size and shape
indicating its own weighted power and expressed level. Red and blue symbols indicating high-expressed and low-expressed

genes, respectively).

such as hormone activity and receptor-binding bi-
ological processes (Table II). These gene terms in-
clude a few hub genes (ABCAS, ABCA10, TCF21,
CRHBP, FHL5, ACTCI, ADAMTSI9, GSTMS,
ALX4, SPRR2F, etc.), which imply a close relation-
ship between hormones and angiogenesis.

The enrichment results of the Turquoise mod-
ule mainly focused on immune functions, includ-
ing T cell activation, leukocyte differentiation,
and cytokine receptor activity. The development
of the genitourinary and renal system was mainly
associated with the yellow module consisting of
96 genes (Table II). It is worth noting that the Wnt
signaling pathway, which has critical functions
in carcinogenesis and embryonic development, is
significantly enriched in the biological processes
and molecular functions in the green module. The
main hub genes listed in Table II correspond to
the enrichment results for each gene module.

Potential Prognostic Biomarkers
Prognostic biomarkers may not be hub genes;
therefore, we will focus on the 36 hub genes
that have patients’ survival time. Due to their
varied expressing levels and vital status, prog-
nostic biomarkers differ in their ability to pre-
dict one gene from another. Here, we defined
the prognostic biomarkers based on the signifi-
cance values within each sample group and the
Kaplan-Meier estimates. Finally, we obtained
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14 significant genes, including ABCA10, DCX,
LRRC30, ALX4, DKK4, SGCZ, ANKS4B,
FHLS5, SPRR2F, CHRNG, GABRRI1, STMN2,
CRHBP, and GSTMS5 (Figure 2) that can be used
as prognostic biomarkers in evaluating the prog-
nosis of OVSC. Interestingly, we observed that
all these candidates were significantly expressed
between the dead and living patients in the two-
tailed student 7-test (Supplementary Figure 2).

In addition, in order to determine and ensure
the prognostic significance of these biomarkers,
a non-parametric bootstrapping procedure was
performed based on the distribution of expected
HRs at each time point. As with the distribution
of biomarkers being studied, we can use the ob-
served HR distribution, as part of the assessment.
As results showed in Figure 3, all these genes
exhibited different line trends along with the time
elapsed, which were used to evaluate HR with
probability. Furthermore, we divided the 14 genes
into high-expressed and low-expressed groups
and compared them separately. Then, we found
that the bootstrapping procedure showed dis-
creteness at both the head and tail of the lifespan,
which were not considered in the assessment.
According to the stimulating results, the genes,
including ALX4, DCX, GABRRI1, and STMN2
were positively correlated with HR, whereas AB-
CA10, CHRNG, CRHBP, GSTMS5, and SPRR2F
were negatively correlated (Figure 3).
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Figure 2. Kaplan-Meier estimated survival curves of potential biomarkers. Blue line indicates high-expression group and

brown line indicates low-expression group.

8261



Y. Wang, L. Lei, Y.-G. Chi, L.-B. Liu, B.-P. Yang

name
° ALX4
* ANKS4B

* DKK4
* GABRR1
* STMN2

-2

800 1200

index

.
-
ey
P
(el
@
S

* SPRR2F

-2

800 1200

index

ABCA10

ANKS4B

0.50
0.25
‘o 0.00
T 025
-0.50
-0.75

. .
log10_p -6-5-4-3- log10_p -12 -8 log10_p -5 -4 -3 - I0g10_p—10.07.5—5.0—2
DCX DKK4 GABRR1 GSTM5
° 15
2 : 1.0
x 1
T A, W
0

log10_p _m log10_p '_-6 _-4 . -3
SGCz SPRR2F

— log10_p

|
10g10_P 15 8047.55.62.

.
log10_p -10.6-7.5-5.0-2

log10_p 4 -3 -

Figure 3. Distribution of expected HRs for potential prognostic biomarkers. A, B, Compared HRs distribution lines of highly
and lowly expressed genes, respectively. C, HRs distribution line of each gene corresponding logl0 p-values.

8262



A comprehensive understanding of ovarian carcinoma survival prognosis by novel biomarkers

Discussion

In this study, we performed a systemic gene
expression of the weighted network by integrat-
ing RNA-sequencing profiles of OVSC through
WGCNA. We have developed a PPI network
containing 1,336 DEGs that were significantly
associated with OVSC. Functional enrichment
analysis further revealed that the gene modules
were enriched in genes involved in angiogenesis,
T cell activation, and hormone receptor binding.
It is biologically considered that the 36 important
hub genes (ABCA10, TCF21, CRHBP, etc.) of
this integrated network are related to the survival
prognosis of OVSC. To further determine and
ensure the capacity of the potential prognostic
biomarkers, Kaplan-Meier estimated the survival
curves of these hub genes, which were used to de-
tect significantly expressed genes between dead
and living OSVC patients. Finally, 14 genes in-
cluded ABCA10, DCX, LRRC30, ALX4, DKK4,
SGCZ, ANKS4B, FHLS, SPRR2F, CHRNG,
GABRRI1, STMN2, CRHBP, and GSTMS5 were
selected as potential biomarkers for prognosis of
OVSC survival.

As a complex malignancy, ovarian cancer is
characterized by a variety of cellular dysregula-
tion that interacts in a complex network environ-
ment!?. Furthermore, as the basic components of
the network, the intersections of genes and their
dynamic connections are essential to the coordi-
nation of biological processes'?. Therefore, it is
reasonable to perform a dynamic network-based
modular analysis of biomarkers discovery. Un-
like traditional network-based analyses, which
usually ignore the existence of a patients’ sur-
vival hazards or correlation between gene ex-
pressions!*!, we have facilitated the dynamic
responded-intersections based on survival and
weighted co-expression PPI network between
high-expressed and low-expressed DEGs, and
have identified 14 potential prognostic bio-
markers for OVSC. We have further evaluated
their predictive ability through a non-paramet-
ric bootstrapping procedure’®. Homeoprotein,
Aristaless-Like Homeobox4 (ALX4), alias of
Homeobox Protein Aristaless-Like 4, one of the
potential prognostic biomarkers, was reported
related to epithelial to mesenchymal transition
(EMT) and intrusion of ovarian cancer'®. The
exogenous expression of ALX4 promoted EMT
and invasion, while its depletion suppressed
invasion and induced reversion of epithelium
transformation. Homeoproteins are a family of

transcription factors with conserved homeobox
domains'. Researchers'!"” have discovered that
the deregulated expression of homeoproteins is
related to the development of various tumors.
Multiple homeoproteins are overexpressed in
several cancers, and their expression induc-
es invasion, angiogenesis, and tumor progres-
sion?*?!, In addition, another highly expressed
homeoprotein distal-less homeobox 2 (DLX2)
was established in the analysis results of the hub
genes; however, no significant survival progno-
sis was found, although in another microarray
analysis it was reported that DLX?2 is related to
the metastasis of ovarian cancer?>. Wnt signaling
pathway, a noteworthy advance in this research
in the Green module, in company with high-ex-
pressed hub genes of Dickkopf-4 (DKK4) and
Small Proline-Rich Protein 4 (SPRR4), have
been reported to be involved in proliferation,
migration, and invasion of ovarian cancer®-*.
Additionally, DKK4 may help to predict the
progression and prognosis of epithelial ovarian
cancer” by promoting the phosphorylation of
c-JUN and JNK. DKK4 is a member of the
DKK family and first binds to lipoprotein recep-
tor-related protein 5/6 (LRP5/6), acting as an an-
tagonist of WNT proteins, inducing the binding
complex endocytosis and inhibiting WNT/B-cat-
enin activation®*?’. This, directly and indirectly,
scientific evidence indicates the prognostic val-
ue of DKK4 in OVSC patients.

Conclusions

In summary, in order to determine the po-
tential prognostic biomarkers of OVSC, we pri-
marily adopt an integrated approach that has
not yet been reported. Despite the limitation of
this study, the normal samples were excluded
due to their insufficient proportion. The conclu-
sions of this study are still developing several
novel potential prognostic biomarkers that will
benefit the survival prognosis of OVSC. In this
survival prognosis associated with OVSC events,
a number of valuable prognostic biomarkers and
therapeutic targets were provided for validations
in the future and ultimately contributing to the
underlying mechanisms of OVSC.
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