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Abstract

Mucinous ovarian carcinoma (MOC) is a subtype of ovarian cancer that is distinct from all other ovarian cancer subtypes and currently has no
targeted therapies. To identify novel therapeutic targets, we developed and applied a new method of differential network analysis comparing
MOC to benign mucinous tumours (in the absence of a known normal tissue of origin). This method mapped the protein-protein network in MOC
and then utilised structural bioinformatics to prioritise the proteins identified as upregulated in the MOC network for their likelihood of being
successfully drugged. Using this protein-protein interaction modelling, we identified the strongest 5 candidates, CDK1, CDC20, PRC1, CCNA2
and TRIP13, as structurally tractable to therapeutic targeting by small molecules. siRNA knockdown of these candidates performed in MOC and
control normal fibroblast cell lines identified CDK1, CCNA2, PRC1 and CDC20, as potential drug targets in MOC. Three targets (TRIP13, CDC20,
CDK1) were validated using known small molecule inhibitors. Our findings demonstrate the utility of our pipeline for identifying new targets and
highlight potential new therapeutic options for MOC patients.
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Introduction

In 2020 alone, over 313 000 new cases of ovarian cancer and
approximately 207 000 deaths were reported worldwide (1),
making ovarian cancer the 8th highest cause of female can-
cer mortality (2). Ovarian cancer can be classified into var-
ious histological subtypes including; sex cord stromal, germ
cell, mixed cell type/miscellaneous and epithelial (3). Epithe-
lial ovarian cancers account for approximately 90-92% of
all ovarian malignancies (4), with the most common epithe-
lial histological subtype being high-grade serous ovarian can-
cer (HGSOC), accounting for approximately 65% of epithe-
lial cases (5); other epithelial histotypes include low-grade
serous, endometrioid, clear-cell and mucinous ovarian carci-
nomas (MOC) (3).

MOC accounts for about 3% of all epithelial ovarian can-
cers (6) and multiple lines of evidence have found them to
be different from ovarian cancers of other histological sub-
types. Clinically, mucinous ovarian carcinomas occur at a
younger age, with patients more likely to be pre-menopausal,
between the ages of 30-50 years old (7), in contrast to other
epithelial ovarian cancers that are diagnosed over 60 years
of age on average (8). MOC is often diagnosed at an earlier
stage (55-75% FIGO Stage I versus HGSOC 5-11% Stage I)
(5,9,10) and are often characterised by very large (>10 cm
in size), typically unilateral, complex, solid and cystic masses
(10,11). This early diagnosis means that patients often do not
require chemotherapy and surgical cure is possible (12). How-
ever, when diagnosed at an advanced stage, standard of care
carboplatin/paclitaxel chemotherapy is ineffective, with a me-
dian survival of under 15 months (5). While there is very lim-
ited trial data for or against this regimen in this rare subtype,
clinically MOC has been reported to respond poorly (13-17).
On recurrence or progression after first line therapy the clin-
ical scenario is dire with limited options available, none of
which have proven efficacy (12). As a result, advanced disease
survival remains poor, and new therapeutic options are des-
perately needed to improve patient outcomes.

Importantly, MOC show clear differences in gene expres-
sion profiles compared with other ovarian cancer histologies
(18) and have different genetic profiles (19,20). For example,
KRAS mutations are present in > 60% of mucinous ovarian
carcinomas but are found in <1% of HGSOC. Similarly, there
are no BRCA1/2 mutations in MOC, compared to 25% of
HGSOC. This lack of a homologous recombination repair de-
fect is correlated with the lack of response to platinum-based
chemotherapy (9). While recent advances in targeting the no-
toriously ‘undruggable’ KRAS are promising (21), the specific
variant being targeted is rare in MOC (G12C present in <5%
MOC). The next two most frequent genetic events, TP53
mutation and CDKNZ2A inactivation, are also challenging
targets.

An alternate approach to identify protein drug targets is to
map the protein-protein interactions. These approaches are
cheap, quick, and can often find important regulators of pro-
teins that would otherwise not been considered in in vitro
screens. For example, in acute lymphoblastic leukaemia, a de
novo network model identified two essential genes that were
not discovered in the original screen analysis (22). Further-
more, networks-based analyses can demonstrate the dynamic
nature of genetic interactions and predict the consistent re-
wiring events that occur in response to changing conditions
such as chemotherapy (23). Therefore, these in silico bioin-
formatics approaches are a useful way to prioritise potential
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protein pairs and/or combinations of proteins for functional
studies.

For ovarian cancer, these in silico techniques have been
used to map the protein-protein interactions and network in
common forms of ovarian cancer (24,25). Importantly, these
methods either did not distinguish the type of ovarian can-
cer (25) or only utilised a small proportion of MOC sam-
ples that were not treated differently than the other types
of ovarian cancer (24). Therefore, to date, there has been
no MOC-specific protein-protein network published. Further-
more, the ability of these protein-protein interactions to be
targeted via small molecule therapeutics i.e. the ‘drug-ability’
was not assessed. Here, we describe a novel bioinformatic
pipeline that maps protein-protein interactions with an addi-
tional structural bioinformatic filter, leading to novel protein
targets which can be readily transferred to a drug discovery
program.

Materials and methods

RNAseq data

Normalised RNAseq data from MOC and benign mucinous
tumours was obtained from https://ega-archive.org/datasets/
EGADO00001005190 (20). RNA was extracted from cell lines
and organoids using TRIzol (Invitrogen) according to the
manufacturer’s instructions. RNA sequencing libraries were
generated using the same library preparation as the tumours
(NEBNext Ultra II Directional Library Prep Kit (New Eng-
land BioLabs) with ribo-depletion). Sequencing was done us-
ing the NextSeq™ 500 System (Illumina) with 75 bp single
end reads. RNA sequencing data were aligned to the human
genome GRCh37 (hg19) using TopHat2 (26). Sample normal-
isation was performed using edgeR v 3.42.4 in R v 4.3.1 using
RStudio v 2023.03.0 + 386.

Differential network analysis

Weighted Correlation Network Analysis (WGCNA) (27), a
method for gene co-expression network analysis, was used
to generate gene-gene networks specific to both malignant
(n = 31) and benign (z = 11) mucinous tumour samples from
RNAseq data previously published (20). Benign mucinous tu-
mours are a known precursor to MOC and were used as a
control due to the lack of a known cell or tissue of origin.
Notably, cases that were borderline morphology (neither car-
cinoma nor benign) were excluded, as were cases that were
not primary MOC (mucinous tumours that metastasised to
the ovary). We also excluded cases that were of the sero-
mucinous subtype (7 = 10), as subsequent studies including
the most recent WHO classification have shown that these tu-
mours likely have a distinct origin in endometriosis and cer-
tainly have a distinct expression profile (28,29). A standard
WGCNA pipeline was followed, with a Pearson’s correlation
adjacency matrix of each dataset raised to the 10th power to
soft threshold. Differential network analysis was performed
via an implementation of a diff_i method (30). The two edge-
weighted networks from WGCNA were used as input to gen-
erate a single differential interaction network to discover dif-
ferences in the co-expression networks of the MOC and be-
nign cohorts. Using a manually curated protein-protein in-
teraction dataset gathered through literature and existing PPI
databases, we annotated interactions based on the strength of
experimental information characterising them, including the
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experimental methods, the type of interaction and number of
publications reporting the interaction. The network was fil-
tered for edges (interactions) that were annotated as ‘physical
interaction’ to focus on those interactions that would most
plausibly be disrupted via interrupting binding partners. In
total this gave us 820 edges involving 659 vertices (unique
human proteins).

Network identification of druggable targets

The weighted network generated via differential network
analysis was then used to find druggable MOC specific targets
in conjunction with MOC genomic data and structural mod-
elling of protein drug-ability. Somatic point mutations from a
cohort of MOC patients with a predicted deleterious conse-
quence were extracted from Cheasley et al. (20) and mapped
to the nodes of the differential network.

Prize Collecting Steiner Forests (PCSF) (31), a subgraph
identification method, which takes both node and edge
weights as input was used to identify key subgraphs within the
differential network. Node weights were derived from variant
score and edge weights from the differential network analy-
sis. Specifically, edge weights were 1 — diff_i. The subgraphs
that PCSF identifies aim to maximise the number of mutated
genes covered while minimising the edge cost to promote spar-
sity. PCSF was run in randomized edge cost mode where the
network edges were sampled with 10% noise 50 times prior
to subgraph identification and the union of these runs taken.
This step is included to improve the robustness of the final
subgraphs to noise.

Separately, protein structures were downloaded from
SWISS-MODEL (32,33) and the Protein Data Bank (34) (June
2019). Proteins were assigned a ‘drug-ability score’ based on
whether greater than 40% of the protein sequence was able
to be structurally modelled. Those which did not have a suf-
ficient structure available (approximately 18.4% of proteins)
were assigned a score of 0. These proteins were then assessed
using fPocket (35) to determine the presence of a druggable
binding site(s). For each protein the highest drug-ability score
for all pockets detected on the protein surface was taken to be
its overall score. Proteins which could not be modelled or had
no detectable druggable site were given a drug-ability score
of 0.

To generate a single statistic with which to rank the pro-
teins we used a rank-product scoring metric. Node between-
ness centrality in the differential interaction graph, number of
occurrences in the PCSF bootstraps, and drug-ability scores
were used as input to the rank-product function. For each
score, N proteins were ranked from 1 — N (largest score being
rank N) meaning that a larger rank product score indicated a
more important protein. The minimum rank was used when
dealing with ties. The PCSF network was visualised using the
ggraph package for graph layouts (36).

Cell culture

All cell lines were grown in a humidified incubator set at
37°C in 5% CO2. MCAS was grown in alphaMEM supple-
mented with 10% FBS (Cytiva) and 1% Glutamax (Gibco);
JHOM-1 in DMEM:F12 (Gibco) supplemented with 10%
FBS, 1% Glutamax (Gibco) and 1% NEAA (Gibco); RMUG-
S in Ham’s F12 (Gibco) supplemented with 10% FBS; BJ in
EMEM (Gibco) with 10% FBS and HFF-1 in DMEM (Gibco)
with 15% FBS. HOSE 17.1 was grown in M199:MCDB with

10% FBS. At 70-80% confluence, cells were split in a 1:4 ra-
tio using 0.05-0.25% Trypsin (Gibco). The identity of all cell
lines was authenticated using STR similarity profiling.

siRNA screens

Dharmacon siGENOME™ SMARTpool™ siRNAs targeting
each gene candidate were purchased from Horizon Discov-
ery (Dharmacon). siRNA transfection conditions were opti-
mised for each cell line using siGLO™ Red transfection indi-
cator (Dharmacon) in 96-well plate format (optimised con-
ditions detailed in Supplementary Table S1). For each cell
line, the optimal DharmaFECT™ Transfection Reagent 1-4
(Dharmacon) was mixed with Opti-MEM™ Reduced Serum
Medium (Gibco) according to manufacturer’s instructions be-
fore complexing for 5 min with 40 nM of either appropri-
ate target siRNA or control: siOTP-NT (On-TargetPLUS non-
targeting), siPLK (death), siTOX (death) (Dharmacon). Cells
were reverse transfected with the lipid:RNAi complex at an
appropriate density such that they would reach ~80% con-
fluency after 72 h. At 24 h post transfection, a complete me-
dia change was performed, before cells were left to grow until
the 72 h endpoint. Media was aspirated and cells were fixed
with 4% paraformaldehyde, washed and stained with 4/,6-
diamidino-2-phenylindole (DAPI) before plates were imaged
at 10x across 25 fields per well on the Celllnsight CX7 LED
High-Content Screening (HCS) Platform (Thermo Fisher Sci-
entific) to generate cell counts per well.

Each plate contained 2-3 replicate wells for each target
siRNA and biological replicates were performed twice (B],
HFF-1, HOSE 17.1) or four times (MOC cell lines). Plates
were excluded if the Z' factor was negative (a measure of
the differentiation between positive death control siTOX and
non-targeting control siOTP) or if the coefficient of varia-
tion (CV) of the non-targeting control wells was >20%. BJ
and HOSE 17.1 only had one successful biological replicate
each and were excluded. RMUG-S had three successful bio-
logical replicates and the remaining cell lines had two. Fol-
lowing this quality control measure, target gene knockdown
cell counts were normalised to the average of non-targeting
control siOTP wells on the plate. For each gene and cell
line, outlier wells were identified using as those outside the
mean + 2 x standard deviation of all replicates, which only
excluded a single well (RMUG-S TRIP13). Technical repli-
cates were averaged and statistical analysis performed on
these values. Each gene and cell line were compared to the
normalised controls (i.e. 1) using a one-sample t-test. Cancer
cell lines were each compared to HFF-1 using a Wilcoxon test.
Statistical tests were controlled for multiple testing correction
using the Benjamini-Hochberg method with P < 0.05 con-
sidered statistically significant. All statistical tests were per-
formed in R Studio v. 2023.09.1 + 494, with R v. 4.3.2.

Knockdown validation using RT-gPCR

To confirm gene knockdown, RNA was extracted from siRNA
transfected cells and corresponding siOTP-NT control trans-
fected wells 24 h post transfection using the RNeasy™ Mini
Kit (Qiagen) according to the manufacturer’s protocol. The
Superscript™ IV VILOTM™ Master Mix (Invitrogen) kit
was then used according to the manufacturer’s instructions
to produce cDNA. cDNA corresponding to each knockdown
condition was seeded in a MicroAmp™ Fast Optical 96-Well
Reaction Plate (Applied Biosystems) with forward and re-
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verse primers at 200 nM for either the corresponding target
gene or GAPDH reference gene (primer sequences given in
Supplementary Table S2). PowerUp™ SYBR™ Green Mas-
ter Mix (Applied Biosystems), chosen as the quantifying am-
plification detection method, was added to each reaction ac-
cording to the manufacturer’s protocol. qPCR was performed
using the StepOnePlusTM Real-Time PCR System (Applied
Biosystems) with fast cycling parameters, in order to obtain
cycle threshold (Ct) values for each amplification condition.
A melt-curve dissociation step was also performed to evaluate
amplification specificity.

2D Small molecule inhibitor screens

RO-3306, Apcin, and DCZ0415 were purchased from Med-
ChemExpress. Cells were seeded in 96-well format at densities
as optimised for siRNA and left to grow for 24 h prior to drug
treatment. Compounds were diluted in DMSO and dosed in
a 10 point dilution series using the D300e Digital Dispenser
(Tecan) with 0.05% DMSO normalisation. At 72 h, media
was aspirated, and cells were fixed with 4% paraformalde-
hyde, washed and stained with DAPI. Plates were then im-
aged at 10x across 25 fields per well on the Celllnsight CX7
LED/LZR HCS Platform (Thermo Fisher Scientific) to gener-
ate cell counts per well.

Cell cycle analysis

The raw DAPI images were analysed with CellProfiler v4.1.3
to extract the total DAPI intensity value of each cell. The re-
sulting data were analysed in R using the tidyverse and re-
shape2 packages. First, a density plot of DAPI intensity val-
ues of the negative control cell population was generated. The
maximum peak was used to identify the intensity value at the
peak of the Gy/Gy phase. This value was then doubled to iden-
tify the intensity value at the peak of the G,/M phase. The
lower and upper intensity thresholds for each cell cycle phase
were then set at 35% of the range between the two peaks. Each
cell was then classified as below Gy/G1, Go/G1, S, G2/M or
above G, /M, based on its own total DAPI intensity value, and
the percentage cells belonging to each phase calculated for ev-
ery siRNA knockdown/drug treatment condition.

3D small molecule inhibitor screens

MOC organoids were derived from patient tissue following
the procedure developed by (37) with minor adaptations.
ORG38 was derived from a Stage I infiltrative primary MOC,
while ORG64 from a Stage I expansile primary MOC. After
culture in Matrigel, organoids were harvested and digested
to single cells using Trypl E (Gibco) and seeded in 384-well
plates (384-well Flat Clear Bottom Black Corning®) using the
Janus G3 Liquid Handler (Perkin Elmer). Following solidifi-
cation of 10 ul of 80% Matrigel base layer (Corning Phenol
Red Free Lot#923-100, diluted with DMEM/F12), 10 pl of
cells in a 50% Matrigel/media mixture were seeded to give a
final density of 1500 cells/well. After incubating at 37°C in
5% CO; for 20 min to allow solidification of Matrigel, 35
ul of organoid growth media was added to each well using
the Biotek EL406 Liquid Handler. Plates were returned the
incubator for 72 h to allow organoids to re-form before per-
forming a media change again using the Biotek EL406 and
drug dosing using the D300e Digital Dispenser (Tecan). Plates
were incubated for another 72 h before another media change
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and second dosing, then left for a further 48 h before endpoint
assays were performed.

Whole-population metabolic activity was assessed using
the CellTitre Glo (CTG) Luminescent Cell Viability Assay
(Promega). For this, we added 20 ul of undiluted CTG reagent
directly onto the 35 pl of media in each well using the au-
tomated dispenser (BioTek), sealed the plate, and vigorously
shook it on an orbital shaker at room temperature for 20
min. After that, the plates were pulse spun at 1000 rpm, and
luminescence intensity was measured at the default gain of
135 on the Cytation$ Cell Imaging Multi-Mode Reader plate
reader. Raw CTG data were imported into and processed in
R (v4.2.0) using the tidyverse package (v2.0.0).

First, plate heat maps were generated based on raw CTG
values at day 8 using the dplyr (v1.0.0) and platetools (v0.1.2)
packages to visually confirm consistent patterns to plate lay-
out design, and suspicious wells such as wells with consistently
lower values in the outside wells of the plate (potential edge
effects) or two adjacent rows having dramatically different
values than other rows (potential liquid-handling issue dur-
ing organoid seeding). Sample well raw CTG values were nor-
malised against the median value of all negative control wells
(DMSO).

3D cell imaging and Mahalanobis distance

On the final day of drug treatment, nuclei were stained for 60
min at room temperature with Hoechst 33342 (10 mg/ml)
at 1:1000 (Thermo Fisher) using the D300e Digital Dispenser
and plates were incubated for 60 min. Brightfield and fluo-
rescent images were taken on live cells (Cytation5 Cell Imag-
ing Multi-Mode Reader (BioTek), 2.5x magnification, one
field/well, maximum projection of a stack of three z-heights),
as described previously (38). Organoid segmentation, based
on brightfield images, was performed using CellProfiler soft-
ware (Broad Institute of MIT and Harvard, version 4.1.3)
(39). For subsequent quantification of organoid morphology,
including area, radius, and eccentricity, as well as texture and
intensity features, we used well-level data, including mean,
median, and standard deviation.

To quantitatively assess the morphological changes in the
organoids with drug treatment, we employed the Maha-
lanobis distance, a multivariate distance metric that accounts
for the covariance among different features (40). Raw imaging
feature data was imported from CellProfiler into the R Studio
statistical environment (v1.2.13335) using the tidyverse pack-
age (v1.3.0). The image features were then centred and scaled
into Z-scores. The Mahalanobis distance was calculated be-
tween the feature vectors of organoids treated with vehicle
controls (0.2% DMSO) and the drugs of interest. The result-
ing Mahalanobis distances provided a quantifiable measure of
the deviation in organoid morphology with treatment, taking
into account the natural variance in the features.

Results

Computational identification of potential druggable
protein targets for MOC

We designed a computational pipeline to identify a set of
proteins with both druggable structural characteristics and
evidence for gene expression or mutational alteration in a
cohort of MOC patients (Figure 1). Briefly, we took gene
expression data from a previous study of both MOC and
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steps connecting intermediates as arrows.
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Table 1. Key proteins identified by our network analysis

Uniprot ID HGNC symbol Betweenness Drug score Occurrences Rank product Type Cluster  Evidence
Q15831 STK11 48426 0.95 50 70.97 Steiner 8 Indirect
043663 PRC1 1618 0.97 50 64.97 Terminal 6 Direct
P06493 CDK1 28660 0.81 41 63.22 Steiner 6 Indirect
P31749 AKT1 40964 0.7 50 62.82 Terminal 8 Direct
P36897 TGFBR1 2736 0.81 50 62.16 Terminal 15 Direct
Q13363 CTBP1 1313 0.93 50 61.96 Steiner 8 Indirect
P13497 BMP1 2612 0.79 50 61.21 Steiner 12 Indirect
P20248 CCNA2 5640 0.73 50 60.89 Terminal 6 Direct
Q15645 TRIP13 657 0.98 50 60.57 Terminal 6 Direct
075398 DEAF1 6916 0.65 50 58.91 Terminal 7 Direct
Q12834 CDC20 4737 0.99 4 34.69 Steiner 6 Indirect

‘Betweenness’ is the betweenness centrality in the differential interaction network and drug score is derived via fPocket. ‘Occurrences’ is the number of

bootstraps (out of 50) that PCSF called the protein as enriched.

benign mucinous ovarian tumours and created an edge-
weighted network of MOC enriched gene co-expression by
performing differential network analysis. We refined this net-
work by retaining only those edges with strong evidence for
physical interactions by intersecting with a curated PPI net-
work. This network is an amalgamation of multiple online
resources (including STRING [https://string-db.org/]) where
edges represent multiple types of interactions including litera-
ture association, co-expression, and physical interactions. Us-
ing these data, the largest connected component of this full
PPI graph contained 659 genes with 820 edges between them.

Somatic mutations associated with MOC were then inte-
grated with the differential co-expression network and key
subgraphs identified using an implementation of the prize-
collecting steiner forests (PCSF) algorithm (Figure 2). The re-
sulting PCSF network had 85 proteins comprising 19 sub-
graphs; with between 2 and 19 proteins per component (Fig-
ure 2B shows the number of proteins per cluster). About 25%
(21/85) of these did not have direct evidence of genomic al-
teration in the MOC cohorts demonstrating the ability of our
method to identify novel potential targets by considering pro-
tein interactions. Final protein rankings were generated by
integrating fPocket derived drug-ability scores, network be-
tweenness of proteins in the input differential network, and
the number of PCSF permutations the protein was identified in
by calculating a rank product score. Importantly, the informa-
tion in the drug-ability scores and network betweenness was
orthogonal with no significant correlation observed (Pearson’s
correlation = 0.12, Supplementary Figure S1). Therefore, to

balance the dual importance of subnetwork topology and pro-
tein drug-ability, we combined the score for both in order to
rank proteins as potential drug targets.

The top ranked proteins are given in Table 1, with the
full list available in Supplementary Table S3. A literature
search was then conducted on these proteins to explore cur-
rent knowledge of their function and structure. We also as-
sessed whether they had existing small molecule inhibitors
available and whether they had previously been linked to can-
cer (Table 2). This investigation highlighted CCNA2, TRIP13,
CDK1, CDC20 and PRC1 as viable targets for our structure-
based drug discovery campaign, as they all had a crystallised
structure available in the Protein Data Bank, strong evidence
of a role in ovarian cancer and known inhibitors (Table 2).
Thus, these five candidates were chosen for further biological
validation.

siRNA knockdown reduced cell viability in MOC cell
lines

siRNA knockdown was chosen as the initial in vitro valida-
tion method as it is relatively quick to screen multiple targets
and its transient mode of action reflects that of a drug. Fol-
lowing determination of the optimal transfection conditions
for each cell line, siRNA knockdown of candidate genes was
performed for the three currently available MOC cell lines
(MCAS, RMUG-S and JHOM-1). Two normal fibroblast lines
BJ and HFF-1 were included as well as an ovarian surface
epithelial cell line (HOSE 17.1) in order to measure whether
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Table 2. Literature analysis of proteins with available crystal structures

Known small molecule

Gene Protein name Function Evidence in cancer inhibitors
CCNA2 Cyclin-A2 Regulator of the cell division cycle by Upregulated in colorectal (55), miR-508-3p (58)
activating cyclin-dependent kinases 2 breast (56), lung (57) and
(CDK2) that participate in the ovarian cancers (58). Associated
regulation of G1/S phase and G2/M with poor outcome.
phase, as well as mitotic entry (54).

CDC20 Cell division Activates the anaphase-promoting Aberrant expression in Apcin (42) TAME and
cycle protein 20 complex/cyclosome (APC/C) to pancreatic (61), gastric (62), Pro-TAME (67,68)
homolog promote the degradation of key hepatocellular, lung, oral and

regulatory proteins, such as securin bladder cancers (63). High

and cyclin B1, which are essential for expression in advanced tumour

the proper progression through the cell stage of breast (64), colon,

cycle and maintenance of endometrium and prostate

chromosomal stability during mitosis cancer (65). Upregulated

(59,60) expression in ovarian cancer
associated with poorer
progression free survival (66)

TRIP13 Pachytene Regulates mitotic processes, including Promotes proliferation and DCZ0415 (43,44)
checkpoint spindle assembly checkpoint and DNA invasion of epithelial ovarian
protein 2 repair pathways (69) cancer cells through modulating
homolog the Notch signalling pathway

(70). Highly expressed in
colorectal (71), lung (72),
bladder (73), thyroid (74) and
prostate (75) cancers

CDK1 Cyclin- Control of the eukaryotic cell cycle Overexpression stimulates Dinaciclib (83,85)
dependent kinase and regulates the events that occur proliferation, self-renewal and RO-3306 (41)

1 during mitosis, such as the assembly invasion, seen in several types of NSC777201 (86)
and disassembly of the mitotic spindle, cancer such as bladder (77),
chromosome condensation, and colon (78), pancreatic (79),
nuclear envelope breakdown. Also breast (80), lung (81), cervical
linked to the control of protein (82) and colorectal (83).
synthesis during M phase (76). Abnormal expression implicated
in proliferation and apoptosis of
ovarian cancer cells (84)
PRC1 Protein regulator Associated with the mitotic spindle Often overexpressed in cancer JNJ-7706621 (94,95)
of cytokinesis 1 midzone during anaphase and localizes (88), including prostate (89), Fostamatinib (96)
to the cell midbody during cytokinesis. gastric (90) bladder (91) and
PRC1 plays a critical role in regulating breast (92). Candidate ovarian
the final stages of cell division, where it cancer susceptibility gene (93).
coordinates cell cycle progression that
is controlled by CDKs (87).

STK11 Plays an essential role in governing cell Germline STK11 mutations are CB-839 (100)
Serine/Threonine- polarity and serves as a critical tumour associated with lung
protein Kinase, suppressor by regulating the 5’ adenocarcinoma, cervical cancer,
also referred to AMP-activated protein kinase (AMPK) and hepatocellular carcinoma
as liver kinase B1 signalling, which governs a wide array (99,100). Additionally,

(LKB1) of cellular processes including inactivation of STK11 through
apoptosis, energy metabolism and homozygous deletion has also
tumour progression (97,98). been observed in lung (101),
specifically non-small cell lung
carcinoma (102), breast (103)
and pancreatic (104) cancers.

DEAF1 Deformed Encodes zinc finger protein regulates Upregulated in breast (111) AZ505 (118,119),
epidermal transcription by binding to its own cancer, whereas overexpression LLY-507 (119,120),
autoregulatory and target gene promoters. DEAF1 is has been seen in several cancer A-893 (119,121),

factor 1 homolog

crucial in embryonic development and
linked to autosomal dominant
cognitive disability when mutated. It
activates proenkephalin via protein
interaction, inhibiting cell proliferation
(GO/G1 phase). Additionally, it is
essential for neural tube closure,
skeletal patterning, and regulates
mammary gland epithelial cell
proliferation and side-branching.
Finally, it controls peripheral tissue
antigen expression in pancreatic lymph
nodes (105-110).

types including liver and gastric
cancers, as well as leukemia and
oesophageal squamous cell
carcinoma (112-117).

BAY-598 (119,122),
AZS506 (119),
EPZ033294
(119,123,124)
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Known small molecule

Gene Protein name Function Evidence in cancer inhibitors
AKT1 RAC-alpha Involved in various cellular processes Increased AKT1 activity has been ARQ092,MK-2206,
serine/threonine- including cell survival, growth, observed in breast, ovarian and BAY1125976, TAS-117
protein proliferation and metabolism prostate cancers (133,134). (137,138)
kinase (125-130). A central player in various Overexpression of ATK1 has
signalling pathways, ATK1 activates been observed in colorectal
the mammalian target of rapamycin, (135), and non-small cell lung
and is also a downstream effector of cancer (136).
insulin signalling (131,132).
Transforming A multifunctional cytokine that plays a Upregulated expression has AP11014 (145),
TGFBR1 growth factor critical role in the regulation of various resulted in poorly differentiated AP15012 (145),
beta-1 cellular processes (139), including cell prostate cancer (142,143), high A12009 (145)
proprotein growth, differentiation (140), immune expression of TGFB1 is also
response (140) and tissue homeostasis associated with mammary
(140,141). epithelial and breast carcinoma
(144), pancreatic cancer (140),
colorectal cancer (140), lung
cancer (140) and metastatic
melanoma (140).
CTBP1 C-terminal- Plays a role in regulating gene Significant increase in expression MTOB(150,151), HIPP
binding protein expression. It is involved in diverse found in hepatocellular derivatives (152,153),
1 cellular processes, including regulation carcinoma (148) and breast Cyclic Peptide CP61
of the cell cycle and apoptosis, cancer (149). (154),
Embryonic development, cyclo-SGWTVVRMY
transcriptional repression, and cellular (154), NSC95397 (155)
metabolism (146,147).
BMP1 Bone Plays critical role in bone formation Upregulation and high NPL1010(16S5),
morphogenetic and other various biological processes expression have been associated NPL3008 (165),
protein 1 such as extracellular matrix assembly with multiple cancer types K02288 (166).
(156), and tissue development. Some including lung cancer (160),
key functions include regulation of osteosarcoma (161), colon
growth factor activity (157) and cancer (162), renal cancer (163)
signalling pathways (158), and gastric cancer (164).
development of connective tissue,
wound healing (159) and fibrillin
processing (156,159).
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any effects seen were cancer cell specific, however only HFF-1
passed quality control.

Knockdowns in MOC cell lines targeting CDK1, CCNA2,
CDC20, TRIP13 and PRCI significantly reduced cell viabil-
ity compared to the siOTP-NT non-targeting control (Figure
3A, one-sample #-test adjusted for multiple testing P < 0.05).
When compared to the control cell line HFF-1, knockdown of
CCNA2 and CDC20 was more effective in all MOC cell lines
(Wilcoxon test, P < 0.05) whereas knockdown of CDK1 and
PRC1 was only significant at the JHOM-1 and MCAS cell
lines (Wilcoxon test, P < 0.05).

Given each of our candidate genes have roles within the
cell cycle, cell cycle analysis was completed using total inten-
sity of DAPI staining to infer DNA content in knockdown and
control cells. Knocking down CDK1 and CCNA2 resulted in
moderate shifts in the proportion of cells in each phase of the
cell cycle. The profiles of CDC20, PRC1 and TRIP13 knock-
downs were similar to those of untreated or non-targeting
control treated cells, with the exception of PRC1 in MCAS
which showed a higher proportion of cells above G2/M
(Figure 3B).

Small molecule screening in MOC cell lines
mirrored siRNA knock-down results

Three of our candidate genes, CDK1, TRIP13 and CDC20,
had commercially available small molecule inhibitors. The in-
hibitor for PRC1 was not commercially available, and we ex-
cluded CCNA2 on the basis that the published inhibitors were
RNA moieties rather than small molecules. Therefore, we ob-
tained the three known small molecule inhibitors for each tar-
get; RO-3306 (CDK1 inhibitor (41)), Apcin (CDC20 inhibitor
(42)) and DCZ0415 (TRIP13 inhibitor (43,44)). Compounds
were then screened in the same cell lines used for siRNA
knockdowns over a 10-point dilution range.

Small molecule inhibition of CDK1 reduced viability in
MOC cell lines JHOM-1 and MCAS, displaying an ICs of
3 and 2.4 uM, respectively for these two cell lines (Figure 4A).
In contrast, for the fibroblast cell lines the IC50s were >10
uM, the highest dose tested. The IC50 for RMUG was also

greater than 10 uM, however RNA sequencing of MOC cell
lines (Figure 5) revealed RMUG-S expressed a lower level of
CDK1 than either JHOM-1 (approximately 6-fold higher) or
MCAS (approximately 12-fold higher). RT-qPCR quantifica-
tion of siRNA treatment showed equivalent relative knock-
down (>80%), which may be why these cell lines showed sim-
ilar growth inhibition by this method (Supplementary Figure
S2). Taken together, these data show there is a therapeutic win-
dow between MOC and normal fibroblast cells for the CDK1
inhibitor RO-3306, suggesting that this small molecule may
be a good drug candidate.

For CDC20 inhibitor Apcin we did not see a typical inhibi-
tion response curve up to 10 pM, and an expanded dose range
showed IC50 values ranging from 196 uM (MCAS) to over 4
mM for RMUG-S (Figure 4B). Apcin reduced viability signif-
icantly in MCAS to an extent similar to that seen in either
fibroblast line. An effect was also seen to a lesser extent in the
JHOM-1 cell line, with RMUG-S only showing minimal re-
duction in cell number at the highest doses tested. As such, we
hypothesise that this may be an example of a drug target that
is only relevant to a specific subtype of MOC, given its het-
erogenous molecular spectrum. CDC20 gene expression was
indeed higher in MCAS than JHOM1, with RMUG-S again
having the lowest expression of the cell lines (Figure 5). How-
ever, the relatively high dose titration used in this assay is un-
likely to translate to clinical utility, and thus indicates that an
improved CDC20 inhibitor may be necessary for this protein
to prove useful as a drug target.

TRIP13 inhibitor DCZ0415 had some effect on the MOC
cell lines (IC50s between 17.7 and 174 uM), which was
stronger than the effect on fibroblast lines (929 and 465 uM).
However, results were somewhat inconsistent between biolog-
ical repeats, particularly for MCAS (Figure 4C).

Effect of small molecule inhibitors on MOC
organoids

The same three inhibitors were tested in two MOC organoid
lines derived from patient tissue, with an expanded upper dose
range in order to account for bioavailability and penetration
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differences when working with 3D matrix-embedded struc-
tures. The cell viability results for Apcin were consistent with
those of the 2D screens, with a modest reduction in viabil-
ity seen at high concentrations (Figure 5). A similar curve
was produced with RO-3306, demonstrating considerably less
toxic effects than those seen in the MOC cell lines (Figure
5C). This lack of effect of RO-3306 in the organoids was con-
firmed in the M-distance calculations that did not show any
changes to the general cell morphology compared to vehicle
controls (Figure 5B). Most intriguingly, in direct contrast to
the 2D screens, DCZ0415 did produce a significant reduction
in cell viability in both organoid lines, even at the lower end of
the dose curve, which was confirmed by a widespread change
to the organoid morphology based on an increase in Maha-
lanobis distance (Figure 5B, Supplementary Figure S3).

Discussion

MOC represents <5% of epithelial ovarian cancer but is a
significant contributor to the poor outcome of women diag-
nosed with ovarian cancer, with a 5-year survival rate of only
25% when diagnosed at advanced stages (45). Recent genomic
data identified no readily druggable upregulated protein tar-
gets in MOC (18) apart from ERBB2 amplification in ~26%
of cases. However, ERBB2 amplification is associated with
better overall survival characteristics in MOC (46), meaning
that only a small proportion of these amplified cases progress
to needing second and later line therapies. Thus, despite the
dire need for targeted therapeutics, to date there have been
no new identified targets amenable to small molecule drug
discovery.

In order to address this, we developed a protein-protein
interaction network designed to identify druggable protein
pathways upregulated in MOC. Using PCSE, we created
these networks and then tailored scoring functions specif-
ically for protein targets that could rapidly be utilised for
a small molecule structure-based drug discovery program.

In the last 30 years, structure-based drug design has revo-
lutionised the pharmaceutical industry. Structure-based drug
discovery methods have been shown to lead to more efficient,
specific, and rapid progression to clinical trials from protein
target discovery (47). The essential component of structure-
based drug design is a protein structure (X-ray, cryo-EM,
NMR, or homology model) which contains a defined drug-
gable site (47). Therefore, we designed our pipeline to utilise
the plethora of protein structure data available in order to
identify protein targets which would be suitable for structure-
based drug discovery programs. To do this, we utilised the
Swiss-model repository, which contains all types of structures,
and added a filter which only kept structures where >40%
of amino acids were successfully modelled. Recent advances
in machine learning methods for structure determination,
such as Alphafold2 (48), have significantly expanded the
number of high-quality available structures. Therefore, this
would be a valuable addition to future iterations of this
pipeline.

We utilised RNAseq data (20) derived purely from MOC
patients and benign samples. However, it is well established
that levels of gene expression do not always correlate with
protein levels. One way to improve this would be by utilis-
ing a multi-omics approach incorporating other types of in-
formation such as proteomics data (49). Although there are
some multi-omics studies described for low-grade serous ovar-
ian cancer (50), this has yet to occur with MOC.

In order to biologically validate our bioinformatic meth-
ods, five proteins were knocked down in both MOC cell lines
and fibroblasts. Four out of the five targets (PRC1, CCNA2,
CDK1 and CDC20) had a significant reduction in growth of
MOC cells, with the final target, TRIP13, showed a small dif-
ference. All five proteins had clear, established roles in cancer,
and three out of the five targets had known selective inhibitors
available. Therefore, we purchased the three inhibitors to fur-
ther explore the role of inhibiting these proteins in both MOC
cell lines and 3D organoid models.
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RO-3306 is a selective CDK1 inhibitor, developed using
structure-based drug development methods (41). It is reported
to have direct CDK1 enzyme inhibition (Ki of 35 nM) and a
modest cell activity of 9 uM (for complete inhibition of cell
cycle at HCT116 and HeLa cancer cell lines) (41). RO-3306
was able to inhibit two out of three MOC cell lines tested
and had no significant effect on fibroblasts. Interestingly, at 10
uM, RO-3306 did not have a significant effect on one MOC
cell line, RMUG-S. Notably, RNA sequencing showed this cell
line expressed >6-fold less CDK1 than the other two cell lines,
highlighting the importance of screening targets across mul-
tiple molecularly diverse cell lines for heterogenous diseases
such as MOC. The effect of this inhibitor in organoids was
less striking. It is unknown whether this discrepancy relates
to line-specific effects, or the reduced ability for RO-3306 to
penetrate 3D structures at the relatively low concentrations
used.

Apcin is a modest CDC20 inhibitor with cell-based activi-
ties against multiple cancer cell lines ranging from 50 to 100
uM. Against MOC cell lines, Apcin had some activity against
MCAS, with little effect on JHOM-1 and RMUG-S. A moder-
ate effect was seen in the fibroblast lines, producing a small
therapeutic window between those and MCAS. Taken to-
gether, these results indicate targeting CDC20 may only be
relevant to particular molecular subtypes of MOC, and even
then, an improved inhibitor that is effective at less toxic doses
is likely a prerequisite for any future clinical utility in this
disease. Notably, recent structure-based methods have devel-
oped second generation inhibitors based upon Apcin with 5—
10-fold improvement activity for triple negative breast cancer
cell lines (51), which may provide a useful avenue for further
testing.

Finally, despite not showing a significant effect via siRNA
knockdown, we utilised the TRIP13 inhibitor, DCZ0415,
against our MOC cell lines. This compound had limited ef-
fect on our cell lines, however it did significantly impact the
two MOC organoids lines tested. Recently, TRIP13 has been
shown to interact with the Wnt pathway in colorectal cancer,
where it is significantly more highly expressed in tumours than
in adjacent normal tissue (52). We hypothesise that the effect
in organoid lines may be related to the dependency of these
lines for Wnt supplementation to the media. In ORG38, we
have shown that even a 50% reduction in exogenous Wnt3A
supplied through the growth media results in loss of organoid
growth capacity within three passages (data not shown). In
contrast, the cell lines have adapted to standard media and
do not require Wnt supplementation. Regardless, the high
amount of inhibitor required and lack of efficacy in cell lines
suggest this is not going to translate readily into an in vivo
setting.

Although the pipeline identified novel druggable targets,
there is significant room for improvement. Notably, none of
the proteins which underwent siRNA knockdown had signif-
icant inhibition of the RMUG-S cell line and TRIP13 knock-
down showed no difference in cell growth compared to the
fibroblast cell line. As described above, the addition of other
forms of data may improve this attrition rate. However, it was
promising to see that all proteins identified were druggable
with nine out of the top ten all having small molecule modula-
tors identified against them. Furthermore, our siRNA knock-
down effect on cell growth was generally mirrored by the ef-
fect of small molecule inhibition on cell growth. This shows
the potential this approach has, with further refinement, to

"

identify novel protein targets. Furthermore, we only knocked
down five of the top targets. Expanding this to more targets,
for example AKT1, would potentially highlight this validated
cancer target with compounds in clinical trials (53) as a ther-
apeutic target for MOC.

Conclusion

In this paper, we describe a novel bioinformatic pipeline,
which we utilised to create a MOC protein-protein network
with drug-ability filters. We identified five candidate genes and
performed siRNA knock downs in MOC cell lines and fibrob-
lasts. Further in vitro assays utilised known selective small
molecule inhibitors against three of these targets in both cell
and organoid lines. These results highlight CDK1 as a poten-
tial target for MOC patients if improvements can be made
since the existing small molecule inhibitor, RO-3306, did not
have a significant effect on MOC organoids. Further optimisa-
tion may improve this. While we have demonstrated the util-
ity of this pipeline in this rare ovarian cancer histotype, it can
readily be applied to any cancer type with gene expression and
somatic mutation data available.

Data availability

Unless stated throughout the manuscript, all data is available
at: https://zenodo.org/records/12787180.

Supplementary data
Supplementary Data are available at NARGAB Online.

Acknowledgements

We thank the following Peter MacCallum Cancer Centre Core
Facilities: Bioinformatics and Molecular Genomics. These fa-
cilities are supported by the Peter MacCallum Foundation.

Funding

Cure Cancer Australia [GNT1184339, GNT1157298]; US
Department of Defence Congressionally Directed Medical
Research Program Ovarian Cancer Teal Expansion Award
[W81XWH2110496]; SVI Rising Star Award (to J.K.H.);
J.K.H. is supported by an RMIT Vice Chancellors Fellow-
ship and was supported by a Spoint Foundation Fellow-
ship; K.L.G. was supported by the Peter MacCallum Foun-
dation; O.C. was supported by a University of Melbourne
Graduate Research Scholarship; D.B.A. was supported by
The National Health and Medical Research Council of Aus-
tralia [GNT1174405 to D.B.A.]; Victorian Centre for Func-
tional Genomics (to K.J.S.) is funded by the Australian Cancer
Research Foundation (ACRF); Phenomics Australia, through
funding from the Australian Government’s National Collabo-
rative Research Infrastructure Strategy (NCRIS) program; Pe-
ter MacCallum Cancer Centre Foundation; University of Mel-
bourne Collaborative Research Infrastructure Program; Vic-
torian Government’s Operational Infrastructure Support Pro-
gram (to S.V.I., in part).

Conflict of interest statement

None declared.


https://zenodo.org/records/12787180
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae096#supplementary-data

12

References

1. Ferlay,]., Colombet,M., Soerjomataram,l., Parkin,D.M.,
Pineros,M., Znaor,A. and Bray,F. (2021) Cancerstatistics for the
year 2020: an overview. Int. ]. Cancer., 149, 778-789.

2. Peres,L.C., Sinha,S., Townsend,M.K., Fridley,B.L., Karlan,B.Y.,

Lutgendorf,S.K., Shinn,E., Sood,A.K. and Tworoger,S.S. (2020)
Predictors of survival trajectories among women with epithelial
ovarian cancer. Gynecol. Oncol., 156, 459-466.

3. Kurman,R.]. (2014) In: World Health Organization Classification

1

1

of Tumours. 4th edn., pp. 1, online resource (309 p.).

4. Matz,M., Coleman,M.P., Sant,M., Chirlaque,M.D., Visser,O.,

Gore,M., Allemani,C. and the,C.W.G. (2017) The histology of
ovarian cancer: worldwide distribution and implications for
international survival comparisons (CONCORD-2). Gynecol.
Oncol., 144, 405-413.

5. Peres,L.C., Cushing-Haugen,K.L., Kobel,M., Harris,H.R.,
Berchuck,A., Rossing,M.A., Schildkraut,].M. and Doherty,J.A.
(2019) Invasive epithelial ovarian cancer survival by histotype
and disease stage. J. Natl. Cancer Inst., 111, 60-68.

6. Xu,W., Rush,]., Rickett,K. and Coward,].I. (2016) Mucinous
ovarian cancer: a therapeutic review. Crit. Rev. Oncol. Hematol.,
102, 26-36.

7. Bassiouny,D., Ismiil,N., Dube,V., Han,G., Cesari,M., Lu,EL,
Slodkowska,E., Parra-Herran,C., Chiu,H.E.,, Naeim,M., et al.
(2018) Comprehensive clinicopathologic and updated
immunohistochemical characterization of primary ovarian
mucinous carcinoma. Int. J. Surg. Pathol., 26, 306-317.

8. Tortorella,L., Vizzielli,G., Fusco,D., Cho,W.C., Bernabei,R.,
Scambia,G. and Colloca,G. (2017) Ovarian cancer management
in the oldest old: improving outcomes and tailoring treatments.
Aging Dis., 8, 677-684.

9. Gorringe,K.L., Cheasley,D., Wakefield,M.]., Ryland,G.L.,
Allan,P.E., Alsop,K., Amarasinghe,K.C., Ananda,S.,
Bowtell,D.D.L., Christie,M., et al. (2020) Therapeutic options for
mucinous ovarian carcinoma. Gynecol. Oncol., 156, 552-560.

0. Schiavone,M.B., Herzog,T.]., Lewin,S.N., Deutsch,l., Sun,X.,
Burke,W.M. and Wright,].D. (2011) Natural history and outcome
of mucinous carcinoma of the ovary. Am. J. Obstet. Gynecol.,
205, 480.

1. Maeda-Taniguchi,M., Ueda,Y., Miyake,T., Miyatake,T.,
Kimura,T., Yoshino,K., Fujita,M., Wakasa,T., Ohashi,H., Morii,E.,
et al. (2011) Metastatic mucinous adenocarcinoma of the ovary
is characterized by advanced patient age, small tumor size, and
elevated serum CA125. Gynecol. Obstet. Invest., 72, 196-202.

12. Craig,O., Salazar,C. and Gorringe,K.L. (2021) Options for the

1

treatment of mucinous ovarian carcinoma. Curr. Treat. Options
Oncol., 22, 114.

3. Alexandre,]., Ray-Coquard,l., Selle,E,, Floquet,A., Cottu,P.,
Weber,B., Falandry,C., Lebrun,D., Pujade-Lauraine,E.
and,Gineco. (2010) Mucinous advanced epithelial ovarian
carcinoma: clinical presentation and sensitivity to
platinum-paclitaxel-based chemotherapy, the GINECO
experience. Ann. Oncol., 21,2377-2381.

14. Hess,V., AHern,R., Nasiri,N., King,D.M., Blake,P.R., Barton,D.P.,

1

1

1

Shepherd,].H., Ind,T., Bridges,]., Harrington,K., et al. (2004)
Mucinous epithelial ovarian cancer: a separate entity requiring
specific treatment. J. Clin. Oncol., 22, 1040-1044.

S. Pectasides,D., Fountzilas,G., Aravantinos,G., Kalofonos,H.P.,
Efstathiou,E., Salamalekis,E., Farmakis,D., Skarlos,D.,
Briasoulis,E., Economopoulos,T., et al. (2005) Advanced stage
mucinous epithelial ovarian cancer: the Hellenic Cooperative
Oncology Group experience. Gynecol. Oncol., 97, 436-441.

6. Pisano,C., Greggi,S., Tambaro,R., Losito,S., Iodice,F.,, Di Maio,M.,
Ferrari,E., Falanga,M., Formato,R., laffaioli,V.R., et al. (2005)
Activity of chemotherapy in mucinous epithelial ovarian cancer:
a retrospective study. Anticancer Res., 25, 3501-3505.

7. Shimada,M., Kigawa,]., Ohishi,Y., Yasuda,M., Suzuki,M.,
Hiura,M., Nishimura,R., Tabata,T., Sugiyama,T. and Kaku,T.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

NAR Genomics and Bioinformatics, 2024, Vol. 6, No. 3

(2009) Clinicopathological characteristics of mucinous
adenocarcinoma of the ovary. Gynecol. Oncol., 113, 331-334.
Marchini,S., Mariani,P., Chiorino,G., Marrazzo,E., Bonomi,R.,
Fruscio,R., Clivio,L., Garbi,A., Torri,V., Cinquini,M., et al.
(2008) Analysis of gene expression in early-stage ovarian cancer.
Clin. Cancer Res., 14, 7850-7860.

Ryland,G.L., Hunter,S.M., Doyle,M.A., Caramia,F, Li,].,
Rowley,S.M., Christie,M., Allan,P.E., Stephens,A.N.,
Bowtell,D.D., et al. (2015) Mutational landscape of mucinous
ovarian carcinoma and its neoplastic precursors. Genome Med,
7,87.

Cheasley,D., Wakefield,M.]., Ryland,G.L., Allan,P.E., Alsop,K.,
Amarasinghe,K.C., Ananda,S., Anglesio,M.S., Au-Yeung,G.,
Bohm,M., et al. (2019) The molecular origin and taxonomy of
mucinous ovarian carcinoma. Nat. Commun., 10, 39385.
Hong,D.S., Fakih,M.G., Strickler,].H., Desai,]., Durm,G.A.,
Shapiro,G.I., Falchook,G.S., Price,T.J., Sacher,A., Denlinger,C.S.,
et al. (2020) KRAS(G12C) inhibition with Sotorasib in advanced
solid tumors. N. Engl. ]. Med., 383, 1207-1217.

Wilson,J.L., Dalin,S., Gosline,S., Hemann,M., Fraenkel,E. and
Lauffenburger,D.A. (2016) Pathway-based network modeling
finds hidden genes in shRNA screen for regulators of acute
lymphoblastic leukemia. Integr. Biol. (Camb), 8, 761-774.
O’Neil N.J., Bailey,M.L. and Hieter,P. (2017) Synthetic lethality
and cancer. Nat. Rev. Genet., 18, 613-623.

Liu,J., Wang,H.L., Ma,EM., Guo,H.P., Fang,N.N., Wang,S.S. and
Li,X.H. (2017) Systematic module approach identifies altered
genes and pathways in four types of ovarian cancer. Mol. Med.
Rep., 16, 7907-7914.

Zhang,D., Chen,P., Zheng,C.H. and Xia,]. (2016) Identification of
ovarian cancer subtype-specific network modules and candidate
drivers through an integrative genomics approach. Oncotarget, 7,
4298-4309.

Kim,D., Pertea,G., Trapnell,C., Pimentel,H., Kelley,R. and
Salzberg,S.L. (2013) TopHat2: accurate alignment of
transcriptomes in the presence of insertions, deletions and gene
fusions. Genome Biol., 14, R36.

Langfelder,P. and Horvath,S. (2008) WGCNA: an R package for
weighted correlation network analysis. BMC Bioinf., 9, 559.
Rambau,P.F, McIntyre,].B., Taylor,]., Lee,S., Ogilvie,T., Sienko,A.,
Morris,D., Duggan,M.A., McCluggage,W.G. and Kobel,M.
(2017) Morphologic reproducibility, genotyping, and
immunohistochemical profiling do not support a category of
seromucinous carcinoma of the ovary. Am. . Surg. Pathol., 41,
685-695.

Woodbeck,R., Kelemen,L.E. and Kobel,M. (2019) Ovarian
endometrioid carcinoma misdiagnosed as mucinous carcinoma:
an underrecognized problem. Int. J. Gynecol. Pathol., 38,
568-575.

Basha,O., Argov,C.M., Artzy,R., Zoabi,Y., Hekselman,I.,
Alfandari,L., Chalifa-Caspi,V. and Yeger-Lotem,E. (2020)
Differential network analysis of multiple human tissue
interactomes highlights tissue-selective processes and genetic
disorder genes. Bioinformatics, 36, 2821-2828.

Akhmedov,M., Kedaigle,A., Chong,R.E., Montemanni,R.,
Bertoni,F,, Fraenkel,E. and Kwee,l. (2017) PCSF: an R-package
for network-based interpretation of high-throughput data. PLoS
Comput. Biol., 13,e1005694.

Waterhouse,A., Bertoni,M., Bienert,S., Studer,G., Tauriello,G.,
Gumienny,R., Heer,ET., de Beer,T.A.P., Rempfer,C., Bordoli,L.,
et al. (2018) SWISS-MODEL: homology modelling of protein
structures and complexes. Nucleic Acids Res., 46, W296-W303.
Bienert,S., Waterhouse,A., de Beer,T.A., Tauriello,G., Studer,G.,
Bordoli,L. and Schwede,T. (2017) The SWISS-MODEL
repository—new features and functionality. Nucleic Acids Res.,
45, D313-D319.

Berman,H.M., Westbrook,]J., Feng,Z., Gilliland,G., Bhat,T.N.,
Weissig,H., Shindyalov,I.N. and Bourne,P.E. (2000) The Protein
Data Bank. Nucleic Acids Res., 28,235-242.



NAR Genomics and Bioinformatics, 2024, Vol. 6, No. 3

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

4S.

46.

47.

48.

49.

50.

S1.

Le Guilloux,V., Schmidtke,P. and Tuffery,P. (2009) Fpocket: an
open source platform for ligand pocket detection. BMC Bioinf.,
10, 168.

Pederson,T.L. (2022)
https://CRAN.R-project.org/package=ggraph, Vol. 2.1.0.
Kopper,O., de Witte,C.]J., Lohmussaar,K., Valle-Inclan,].E.,
Hami,N., Kester,L., Balgobind,A.V., Korving,]., Proost,N.,
Begthel,H., et al. (2019) An organoid platform for ovarian
cancer captures intra- and interpatient heterogeneity. Nat. Med.,
25, 838-849.

Choo,N., Ramm,S., Luu,J., Winter,].M., Selth,L.A., Dwyer,A.R.,
Frydenberg,M., Grummet,]., Sandhu,S., Hickey,T.E., et al. (2021)
High-throughput imaging assay for drug screening of 3D
prostate cancer organoids. SLAS Discov., 26, 1107-1124.
Stirling,D.R., Swain-Bowden,M.]., Lucas,A.M., Carpenter,A.E.,
Cimini,B.A. and Goodman,A. (2021) CellProfiler 4:
improvements in speed, utility and usability. BMC Bioinf., 22,
433.

Hutz,].E., Nelson,T., Wu,H., McAllister,G., Moutsatsos,I.,
Jaeger,S.A., Bandyopadhyay,S., Nigsch,F.,, Cornett,B., Jenkins,].L.,
et al. (2013) The multidimensional perturbation value: A single
metric to measure similarity and activity of treatments in
high-throughput multidimensional screens. J. Biomol. Screen., 18,
367-377.

Vassilev,L.T., Tovar,C., Chen,S., Knezevic,D., Zhao,X., Sun,H.,
Heimbrook,D.C. and Chen,L. (2006) Selective small-molecule
inhibitor reveals critical mitotic functions of human CDK1. Proc.
Natl. Acad. Sci. U.S.A., 103, 10660-10665.

Gao,Y., Zhang,B., Wang,Y. and Shang,G. (2018) Cdc20 inhibitor
apcin inhibits the growth and invasion of osteosarcoma cells.
Oncol. Rep., 40, 841-848.

Wang,Y., Huang,]., Li,B., Xue,H., Tricot,G., Hu,L., Xu,Z., Sun,X.,
Chang,S., Gao,L., et al. (2020) A small-molecule inhibitor
targeting TRIP13 suppresses multiple myeloma progression.
Cancer Res., 80, 536-548.

Agarwal,S., Afaq,E, Bajpai,P., Kim,H.G., Elkholy,A., Behring,M.,
Chandrashekar,D.S., Diffalha,S.A., Khushman,M.D.,
Sugandha,S.P,, et al. (2022) DCZ0415, a small-molecule
inhibitor targeting TRIP13, inhibits EMT and metastasis via
inactivation of the FGFR4/STAT3 axis and the Wnt/ 3-catenin
pathway in colorectal cancer. Mol. Oncol., 16, 1728-1745.
Ricci,E, Affatato,R., Carrassa,L. and Damia,G. (2018) Recent
insights into mucinous ovarian carcinoma. Int. J. Mol. Sci., 19,
1569.

Meagher,N.S., Gorringe,K.L., Wakefield,M., Bolithon,A.,
Pang,C.N.IL, Chiu,D.S., Anglesio,M.S., Mallitt,K.A., Doherty,].A.,
Harris,H.R., et al. (2022) Gene-expression profiling of mucinous
ovarian tumors and comparison with upper and lower
gastrointestinal tumors identifies markers associated with adverse
outcomes. Clin. Cancer Res., 28, 5383-5395.

Batool,M., Ahmad,B. and Choi,S. (2019) A structure-based drug
discovery paradigm. Int. J. Mol. Sci., 20, 2783.

Jumper,]., Evans,R., Pritzel,A., Green,T., Figurnov,M.,
Ronneberger,O., Tunyasuvunakool,K., Bates,R., Zidek,A.,
Potapenko,A., et al. (2021) Highly accurate protein structure
prediction with AlphaFold. Nature, 596, 583-589.

Chen,C., Wang,J., Pan,D., Wang,X., Xu,Y., Yan,J., Wang,L.,
Yang,X., Yang,M. and Liu,G.P. (2023) Applications of
multi-omics analysis in human diseases. MedComm (2020), 4,
e31S.

Wong,K.K., Bateman,N.W., Ng,C.W., Tsang,Y.T.M., Sun,C.S.,
Celestino,]., Nguyen, T.V., Malpica,A., Hillman,R.T., Zhang,].,

et al. (2022) Integrated multi-omic analysis of low-grade ovarian
serous carcinoma collected from short and long-term survivors. J.
Transl. Med., 20, 606.

Bhuniya,R., Yuan,X., Bai,L., Howie,K.L., Wang,R., Li,W., Park,F.
and Yang,C.Y. (2022) Design, synthesis, and biological
evaluation of apcin-based CDC20 inhibitors. ACS Med. Chem.
Lett., 13, 188-195.

52.

53.

54.

55.

S6.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

13

Agarwal,S., Behring,M., Kim,H.G., Chandrashekar,D.S.,
Chakravarthi,B., Gupta,N., Bajpai,P., Elkholy,A., Al Diffalha,S.,
Datta,P.K., et al. (2020) TRIP13 promotes metastasis of
colorectal cancer regardless of p53 and microsatellite instability
status. Mol. Oncol., 14, 3007-3029.

Martorana,F., Motta,G., Pavone,G., Motta,L., Stella,S.,
Vitale,S.R., Manzella,L. and Vigneri,P. (2021) AKT inhibitors:
new weapons in the fight against breast cancer? Front.
Pharmacol., 12, 662232.

Loukil,A. (2015) Cyclin A2: at the crossroads of cell cycle and
cell invasion. World |. Biol. Chem., 6, 346.

Gan,Y,, Li,Y., Li,T., Shu,G. and Yin,G. (2018) CCNA2 acts as a
novel biomarker in regulating the growth and apoptosis of
colorectal cancer. Cancer Manag. Res., 10, 5113-5124.

Gao,T., Han,Y., Yu,L., Ao,S., Li,Z. and Ji,]. (2014) CCNA2 is a
prognostic biomarker for ER+ breast cancer and tamoxifen
resistance. PLoS One, 9,e91771.

Gao,M., Kong,W., Huang,Z. and Xie,Z. (2020) Identification of
key genes related to lung squamous cell carcinoma using
bioinformatics analysis. Int. J. Mol. Sci., 21, 806-816.

Guo,F, Zhang K., Li,M., Cui,L., Liu,G., Yan,Y., Tian,W., Teng,F.,
Zhang,Y., Gao,C., et al. (2020) miR5083p suppresses the
development of ovarian carcinoma by targeting CCNA2 and
MMP?7. Int. ]. Oncol., 57,264-276.

Fang,G., Yu,H. and Kirschner,M.W. (1998) The checkpoint
protein MAD2 and the mitotic regulator CDC20 form a ternary
complex with the anaphase-promoting complex to control
anaphase initiation. Genes Dev., 12, 1871-1883.

Jeong,S.M., Bui,Q.T., Kwak,M., Lee,].Y. and Lee,P.C.-W. (2022)
Targeting Cdc20 for cancer therapy. Biochim. Biophys. Acta.
(BBA), 1877, 188824.

Guo,W., Zhong,K., Wei,H., Nie,C. and Yuan,Z. (2018) Long
non-coding RNA SPRY4-IT1 promotes cell proliferation and
invasion by regulation of Cdc20 in pancreatic cancer cells. PLoS
One, 13,e0193483.

Kim,Y., Choi,].W., Lee,].H. and Kim,Y.S. (2019) Spindle assembly
checkpoint MAD2 and CDC20 overexpressions and cell-in-cell
formation in gastric cancer and its precursor lesions. Huma.
Pathol., 85, 174-183.

Gao,X., Chen,Y., Chen,M., Wang,S., Wen,X. and Zhang,S. (2018)
Identification of key candidate genes and biological pathways in
bladder cancer. Peer], 6, ¢6036.

Tang,J., Lu,M., Cui,Q., Zhang,D., Kong,D., Liao,X., Ren,]J.,
Gong,Y. and Wu,G. (2019) Overexpression of ASPM, CDC20,
and TTK confer a poorer prognosis in breast cancer identified by
gene co-expression network analysis. Front. Oncol., 9, 310.
Cheng,S., Castillo,V. and Sliva,D. (2019) CDC20 associated with
cancer metastasis and novel mushroomderived CDC20 inhibitors
with antimetastatic activity. Int. J. Oncol., 54,2250-2256.
Yang,D., He,Y., Wu,B., Deng,Y., Wang,N., Li,M. and Liu,Y. (2020)
Integrated bioinformatics analysis for the screening of hub genes
and therapeutic drugs in ovarian cancer. J. Ovarian Res., 13, 10.
Zeng,X., Sigoillot,E, Gaur,S., Choi,S., Pfaff,K.L., Oh,D.-C.,
Hathaway,N., Dimova,N., Cuny,G.D. and King,R.W. (2010)
Pharmacologic inhibition of the anaphase-promoting complex
induces a spindle checkpoint-dependent mitotic arrest in the
absence of spindle damage. Cancer Cell, 18, 382-395.

Zeng,X. and King,R.W. (2012) An APC/C inhibitor stabilizes
cyclin B1 by prematurely terminating ubiquitination. Naz. Chem.
Biol., 8, 383-392.

Lu,S., Qian,]., Guo,M., Gu,C. and Yang,Y. (2019) Insights into a
crucial role of TRIP13 in human cancer. Comput. Struct.
Biotechnol. ]., 17, 854-861.

Zhou,X.Y. and Shu,X.M. (2019) TRIP13 promotes proliferation
and invasion of epithelial ovarian cancer cells through Notch
signaling pathway. Eur. Rev. Med. Pharmacol. Sci., 23, 522-529.
Sheng,N., Yan,L., Wu,K., You,W., Gong,J., Hu,L., Tan,G.,
Chen,H. and Wang,Z. (2018) TRIP13 promotes tumor growth


https://CRAN.R-project.org/package=ggraph

14

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

and is associated with poor prognosis in colorectal cancer. Cell
Death. Dis., 9, 402.

Li,Z.H., Lei,L., Fei,L.R., Huang,W.]., Zheng,Y.W., Yang,M.Q.,
Wang,Z., Liu,C.C. and Xu,H.T. (2021) TRIP13 promotes the
proliferation and invasion of lung cancer cells via the Wnt
signaling pathway and epithelial-mesenchymal transition. J. Mol.
Histol., 52, 11-20.

Lu,S., Guo,M., Fan,Z., Chen,Y., Shi,X., Gu,C. and Yang,Y. (2019)
Elevated TRIP13 drives cell proliferation and drug resistance in
bladder cancer. Am. J. Transl. Res., 11, 4397-4410.

Yu,L., Xiao,Y., Zhou,X., Wang,J., Chen,S., Peng,T. and Zhu,X.
(2019) TRIP13 interference inhibits the proliferation and
metastasis of thyroid cancer cells through regulating TTC5/p53
pathway and epithelial-mesenchymal transition related genes
expression. Biomed. Pharmacother., 120, 109508.

Dong,L., Ding,H., Li,Y., Xue,D., Li,Z., Liu,Y., Zhang,T., Zhou,].
and Wang,P. (2019) TRIP13 is a predictor for poor prognosis and
regulates cell proliferation, migration and invasion in prostate
cancer. Int. ]. Biol. Macromol., 121, 200-206.

Haneke,K., Schott,]., Lindner,D., Hollensen,A.K.,
Damgaard,C.K., Mongis,C., Knop,M., Palm,W., Ruggieri,A. and
Stoecklin,G. (2020) CDK1 couples proliferation with protein
synthesis. J. Cell Biol., 219, €201906147.

Tian,Z., Cao,S., Li,C., Xu,M., Wei,H., Yang,H., Sun,Q., Ren,Q.
and Zhang,L. (2019) LncRNA PVT1 regulates growth,
migration, and invasion of bladder cancer by miR-31/CDKI. J.
Cell. Physiol., 234, 4799-4811.

Bury,M., Le Calve,B., Lessard,F, Dal Maso,T., Saliba,].,
Michiels,C., Ferbeyre,G. and Blank,V. (2019) NFE2L3 controls
colon cancer cell growth through regulation of DUX4, a CDK1
inhibitor. Cell Rep., 29, 1469-1481.

Huang,]J., Chen,P.,, Liu,K., Liu,J., Zhou,B., Wu,R., Peng,Q.,
Liu,Z.X., Li,C., Kroemer,G., et al. (2020) CDK1/2/5 inhibition
overcomes IFNG-mediated adaptive immune resistance in
pancreatic cancer. Gut., 70(5), 890-899.

Izadi,S., Nikkhoo,A., Hojjat-Farsangi,M., Namdar,A., Azizi,G.,
Mohammadi,H., Yousefi,M. and Jadidi-Niaragh,F. (2020) CDK1
in breast cancer: implications for theranostic potential.
Anticancer Agents Med. Chem., 20, 758-767.

Zhao,S., Wang,B., Ma,Y., Kuang,]., Liang,J. and Yuan,Y. (2020)
NUCKS1 promotes proliferation, invasion and migration of
non-small cell lung cancer by upregulating CDK1 expression.
Cancer Manag. Res., 12,13311-13323.

Qiao,L., Zheng,]J., Tian,Y., Zhang,Q., Wang,X., Chen,].]. and
Zhang,W. (2018) Regulator of chromatin condensation 1
abrogates the G1 cell cycle checkpoint via Cdk1 in human
papillomavirus E7-expressing epithelium and cervical cancer
cells. Cell Death. Dis., 9, 583.

Zhu,Y., Li,K., Zhang,]., Wang,L., Sheng,L. and Yan,L. (2020)
Inhibition of CDK1 reverses the resistance of 5-Fu in colorectal
cancer. Cancer Manag. Res., 12,11271-11283.

Zhang,R., Shi,H., Ren,E, Zhang,M., Ji,P., Wang,W. and Liu,C.
(2017) The aberrant upstream pathway regulations of CDK1
protein were implicated in the proliferation and apoptosis of
ovarian cancer cells. J. Ovarian Res., 10, 60.

Sofi,S., Mehraj,U., Qayoom,H., Aisha,S., Almilaibary,A.,
Alkhanani,M. and Mir,M.A. (2022) Targeting cyclin-dependent
kinase 1 (CDK1) in cancer: molecular docking and dynamic
simulations of potential CDK1 inhibitors. Med. Oncol., 39, 133.
Khedkar,H.N., Wang,Y.-C., Yadav,V.K,, Srivastava,P., Lawal,B.,
Mokgautsi,N., Sumitra,M.R., Wu,A.T.H. and Huang,H.-S. (2021)
In-silico evaluation of genetic alterations in ovarian carcinoma
and therapeutic efficacy of NSC777201, as a novel multi-target
agent for TTK, NEK2, and CDK1. Int. J. Mol. Sci., 22, 5895.
Jiang,W., Jimenez,G., Wells,N.]J., Hope,T.]., Wahl,G.M., Hunter,T.
and Fukunaga,R. (1998) PRC1: a human mitotic
spindle-associated CDK substrate protein required for
cytokinesis. Mol. Cell, 2, 877-885.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

NAR Genomics and Bioinformatics, 2024, Vol. 6, No. 3

Chan,H.L., Beckedorff,F.,, Zhang,Y., Garcia-Huidobro,]., Jiang,H.,
Colaprico,A., Bilbao,D., Figueroa,M.E., LaCava,].,
Shiekhattar,R., et al. (2018) Polycomb complexes associate with
enhancers and promote oncogenic transcriptional programs in
cancer through multiple mechanisms. Nat. Commun., 9, 3377.
Su,W., Han,H.H., Wang,Y., Zhang,B., Zhou,B., Cheng,Y.,
Rumandla,A., Gurrapu,S., Chakraborty,G., Su,J., et al. (2019)
The Polycomb repressor complex 1 drives double-negative
prostate cancer metastasis by coordinating stemness and immune
suppression. Cancer Cell, 36, 139-155.

Ni,S.J., Zhao,L.Q., Wang,X.F, Wu,Z.H., Hua,R.X., Wan,C.H.,
Zhang,J.Y., Zhang,X.W., Huang,M.Z., Gan,L., et al. (2018)
CBX7 regulates stem cell-like properties of gastric cancer cells via
p16 and AKT-NF-kappaB-miR-21 pathways. J. Hematol. Oncol.,
11,17.

Wang,F, Wu,H., Fan,M., Yu,R., Zhang,Y., Liu,]., Zhou,X., Cai,Y.,
Huang,S., Hu,Z., et al. (2020) Sodium butyrate inhibits
migration and induces AMPK-mTOR pathway-dependent
autophagy and ROS-mediated apoptosis via the
miR-139-5p/Bmi-1 axis in human bladder cancer cells. FASEB J.,
34,4266-4282.

Guo,X.H., Zhang,].Y., Jiao,D.C., Zhu,].J., Ma,Y.Z., Yang,Y.,
Xiao,H. and Liu,Z.Z. (2020) [The expression and significance of
chromobox protein homolog 2 in breast cancer]. Zhonghua Yi
Xue Za Zhi, 100, 130-135.

Gusev,A., Lawrenson,K., Lin,X., Lyra,P.C. Jr, Kar,S., Vavra,K.C.,
Segato,F, Fonseca,M.A.S., Lee,].M., Pejovic,T, ez al. (2019) A
transcriptome-wide association study of high-grade serous
epithelial ovarian cancer identifies new susceptibility genes and
splice variants. Nat. Genet., 51, 815-823.

Matsuhashi,A., Ohno,T., Kimura,M., Hara,A., Saio,M.,
Nagano,A., Kawai,G., Saitou,M., Takigami,l., Yamada,K., et al.
(2012) Growth suppression and mitotic defect induced by
JNJ-7706621, an inhibitor of cyclin-dependent kinases and
aurora kinases. Curr. Cancer Drug Targets, 12, 625-639.
Danhier,E, Ucakar,B., Magotteaux,N., Brewster,M.E. and
Preat,V. (2010) Active and passive tumor targeting of a novel
poorly soluble cyclin dependent kinase inhibitor, JNJ-7706621.
Int. ]. Pharm., 392, 20-28.

Zhu,P., Cui,N., Song,Z.Y., Yong,W.X., Luo,X.X., Wang,G.C.,
Wang,X., Wu,Y.N., Xu,Q., Zhang,L.M., et al. (2022) PRC1 plays
an important role in lung adenocarcinoma and is potentially
targeted by fostamatinib. Eur. Rev. Med. Pharmacol. Sci., 26,
8924-8934.

Sirithawat,P., Jusakul,A., Kongpetch,S., Thanee,M.,
Srichanchara,P., Panjaroensak,S., Kimawaha,P., Janthamala,S.,
Aphivatanasiri,C. and Techasen,A. (2023) Alteration of STK11
expression associated with cholangiocarcinoma progression. In
Vivo, 37, 1638-1648.

Sha,L., Lian,F, Li,K., Chen,C., Zhao,Y., He,]., Huang,S. and
Wu,G. (2018) Under-expression of LKB1 is associated with
enhanced p38-MAPK signaling in human hepatocellular
carcinoma. Int. J. Clin. Exp. Pathol., 11, 5525-5535.

Jusakul,A., Cutcutache,l., Yong,C.H., Lim,].Q., Huang, M.N.,
Padmanabhan,N., Nellore,V., Kongpetch,S., Ng,A.W.T., Ng,L.M.,
et al. (2017) Whole-genome and epigenomic landscapes of
etiologically distinct subtypes of cholangiocarcinoma. Cancer
Discov., 7, 1116-1135.

Laderian,B., Mundi,P., Fojo,T. and S,E.B. (2020) Emerging
therapeutic implications of STK11 mutation: case series.
Oncologist., 25, 733-737.

Ghaffar,H., Sahin,E, Sanchez-Cepedes,M., Su,G.H., Zahurak,M.,
Sidransky,D. and Westra,W.H. (2003) LKB1 protein expression
in the evolution of glandular neoplasia of the lung. Clin. Cancer
Res., 9, 2998-3003.

Liu,S., Miao,Y., Fan,C., Liu,Y., Yu,J., Zhang,Y., Dai,S. and
Wang,E. (2013) Clinicopathologic correlations of liver kinase B1,
E-cadherin, and N-cadherin expression in non-small cell lung
cancer. Appl. Immunobistochem. Mol. Morphol., 21, 334-340.



NAR Genomics and Bioinformatics, 2024, Vol. 6, No. 3

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

Fenton,H., Carlile,B., Montgomery,E.A., Carraway,H.,
Herman,]J., Sahin,F, Su,G.H. and Argani,P. (2006) LKB1 protein
expression in human breast cancer. Appl. Immunohistochem.
Mol. Morphol., 14, 146-153.

Sahin,F, Maitra,A., Argani,P., Sato,N., Maehara,N.,
Montgomery,E., Goggins,M., Hruban,R.H. and Su,G.H. (2003)
Loss of Stk11/Lkb1 expression in pancreatic and biliary
neoplasms. Mod. Pathol., 16, 686-691.

Michelson,R.]J., Collard,M.W., Ziemba,A.]., Persinger,].,
Bartholomew,B. and Huggenvik,].I. (1999) Nuclear
DEAF-1-related (NUDR) protein contains a novel DNA binding
domain and represses transcription of the heterogeneous nuclear
ribonucleoprotein A2/B1 promoter. J. Biol. Chem., 274,
30510-30519.

Vulto-van Silfhout,A.T., Rajamanickam,S., Jensik,P.]., Vergult,S.,
de Rocker,N., Newhall,K.]., Raghavan,R., Reardon,S.N.,
Jarrett,K., McIntyre,T., et al. (2014) Mutations affecting the
SAND domain of DEAF1 cause intellectual disability with severe
speech impairment and behavioral problems. Am. . Hum.
Genet., 94, 649-661.

Yip,L., Su,L., Sheng,D., Chang,P., Atkinson,M., Czesak,M.,
Albert,P.R., Collier,A.R., Turley,S.]., Fathman,C.G., et al. (2009)
Deafl isoforms control the expression of genes encoding
peripheral tissue antigens in the pancreatic lymph nodes during
type 1 diabetes. Nat. [mmunol., 10, 1026-1033.

Barker,H.E., Smyth,G.K., Wettenhall,]., Ward,T.A., Bath,M.L.,
Lindeman,G.]J. and Visvader,].E. (2008) Deaf-1 regulates
epithelial cell proliferation and side-branching in the mammary
gland. BMC Dev. Biol., 8, 94.

Manne,U., Gary,B.D., Oelschlager,D.K., Weiss,H.L., Frost,A.R.
and Grizzle,W.E. (2001) Altered subcellular localization of
suppressin, a novel inhibitor of cell-cycle entry, is an independent
prognostic factor in colorectal adenocarcinomas. Clin. Cancer
Res., 7, 3495-3503.

Bottomley,M.]., Collard,M.W., Huggenvik,].I., Liu,Z., Gibson,T.]J.
and Sattler,M. (2001) The SAND domain structure defines a
novel DNA-binding fold in transcriptional regulation. Nat.
Struct. Biol., 8, 626-633.

Cubeddu,L., Joseph,S., Richard,D.]. and Matthews,].M. (2012)
Contribution of DEAF1 structural domains to the interaction
with the breast cancer oncogene LMO4. PLoS One, 7, e39218.
Brown,M.A., Sims,R.]. 3rd, Gottlieb,P.D. and Tucker,P.W. (2006)
Identification and characterization of Smyd2: a split SET/MYND
domain-containing histone H3 lysine 36-specific
methyltransferase that interacts with the Sin3 histone deacetylase
complex. Mol. Cancer, 5, 26.

Abu-Farha,M., Lambert,].P., Al-Madhoun,A.S., Elisma,F,,
Skerjanc,L.S. and Figeys,D. (2008) The tale of two domains:
proteomics and genomics analysis of SMYD2, a new histone
methyltransferase. Mol. Cell. Proteomics, 7, 560-572.

Zhang,X., Tanaka,K., Yan,]., Li,J., Peng,D., Jiang,Y., Yang,Z.,
Barton,M.C., Wen,H. and Shi,X. (2013) Regulation of estrogen
receptor « by histone methyltransferase SMYD2-mediated
protein methylation. Proc. Natl. Acad. Sci. U.S.A., 110,
17284-17289.

Jiang,Y., Trescott,L., Holcomb,]., Zhang,X., Brunzelle,].,
Sirinupong,N., Shi,X. and Yang,Z. (2014) Structural insights into
estrogen receptor o methylation by histone methyltransferase
SMYD?2, a cellular event implicated in estrogen signaling
regulation. J. Mol. Biol., 426, 3413-3425.

Komatsu,S., Imoto,l., Tsuda,H., Kozaki,K.I., Muramatsu,T.,
Shimada,Y., Aiko,S., Yoshizumi,Y., Ichikawa,D., Otsuji,E., et al.
(2009) Overexpression of SMYD?2 relates to tumor cell
proliferation and malignant outcome of esophageal squamous
cell carcinoma. Carcinogenesis, 30, 1139-1146.

Wu,L., Huang,]., Trivedi,P., Sun,X., Yu,H., He,Z. and Zhang,X.
(2022) Zinc finger myeloid Nervy DEAF-1 type (ZMYND)
domain containing proteins exert molecular interactions to
implicate in carcinogenesis. Discover Oncology, 13, 139.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

131.

132.

133.

134.

135.

136.

15

Ferguson,A.D., Larsen,N.A., Howard,T., Pollard,H., Green,I.,
Grande,C., Cheung,T., Garcia-Arenas,R., Cowen,S., Wu,]., et al.
(2011) Structural basis of substrate methylation and inhibition of
SMYD2. Structure, 19, 1262-1273.

Yi,X., Jiang,X.]. and Fang,Z.M. (2019) Histone
methyltransferase SMYD2: ubiquitous regulator of disease. Clin.
Epigenetics, 11, 112.

Nguyen,H., Allali-Hassani,A., Antonysamy,S., Chang,S.,
Chen,L.H., Curtis,C., Emtage,S., Fan,L., Gheyi,T., Li,E, ef al.
(2015) LLY-507, a cell-active, potent, and selective inhibitor of
protein-lysine methyltransferase SMYD?2. J. Biol. Chem., 290,
13641-13653.

Sweis,R.F.,, Wang,Z., Algire,M., Arrowsmith,C.H., Brown,P.].,
Chiang,G.G., Guo,]., Jakob,C.G., Kennedy,S., Li,E, et al. (2015)
Discovery of A-893, a new cell-active benzoxazinone inhibitor of
lysine methyltransferase SMYD2. ACS Med. Chem. Lett., 6,
695-700.

Eggert,E., Hillig,R.C., Koehr,S., Stockigt,D., Weiske,]., Barak,N.,
Mowat,]., Brumby,T., Christ,C.D., Ter Laak,A., et al. (2016)
Discovery and characterization of a highly potent and selective
aminopyrazoline-based in vivo probe (BAY-598) for the protein
lysine methyltransferase SMYD2. J. Med. Chem., 59, 4578-4600.
Cowen,S.D., Russell,D., Dakin,L.A., Chen,H., Larsen,N.A.,
Godin,R., Throner,S., Zheng,X., Molina,A., Wu,]., et al. (2016)
Design, synthesis, and biological activity of substrate competitive
SMYD2 inhibitors. J. Med. Chem., 59, 11079-11097.
Thomenius,M.]., Totman,]., Harvey,D., Mitchell,L.H., Riera,T.V.,
Cosmopoulos,K., Grassian,A.R., Klaus,C., Foley,M.,
Admirand,E.A., et al. (2018) Small molecule inhibitors and
CRISPR /Cas9 mutagenesis demonstrate that SMYD2 and
SMYD3 activity are dispensable for autonomous cancer cell
proliferation. PLoS One, 13,e0197372.

Cartlidge,R.A., Knebel,A., Peggie,M., Alexandrov,A.,
Phizicky,E.M. and Cohen,P. (2005) The tRNA methylase
METTLL1 is phosphorylated and inactivated by PKB and RSK in
vitro and in cells. EMBO J., 24, 1696-1705.

Ronnstrand,L. (2004) Signal transduction via the stem cell factor
receptor /c-Kit. Cell. Mol. Life Sci., 61,2535-2548.
Nicholson,K.M. and Anderson,N.G. (2002) The protein kinase
B/Akt signalling pathway in human malignancy. Cell Signal., 14,
381-395.

Hers,l., Vincent,E.E. and Tavaré,].M. (2011) Akt signalling in
health and disease. Cell Signal., 23, 1515-1527.
Heron-Milhavet,L., Khouya,N., Fernandez,A. and Lamb,N.].
(2011) Aktl and Akt2: differentiating the aktion. Histol.
Histopathol., 26, 651-662.

Walia,V., Cuenca,A., Vetter,M., Insinna,C., Perera,S., Lu,Q.,
Ritt,D.A., Semler,E., Specht,S., Stauffer,]., et al. (2019) Akt
regulates a Rab11-effector switch required for ciliogenesis. Dev.
Cell, 50, 229-246.

Manning,B.D., Tee,A.R., Logsdon,M.N., Blenis,]. and
Cantley,L.C. (2002) Identification of the tuberous sclerosis
complex-2 tumor suppressor gene product tuberin as a target of
the phosphoinositide 3-kinase/akt pathway. Mol. Cell, 10,
151-162.

Inoki,K., Li,Y,, Zhu,T, Wu,J. and Guan,K.L. (2002) TSC2 is
phosphorylated and inhibited by Akt and suppresses mTOR
signalling. Nat. Cell Biol., 4, 648-657.

Bellacosa,A., Testa,].R., Moore,R. and Larue,L. (2004) A portrait
of AKT kinases: human cancer and animal models depict a
family with strong individualities. Cancer Biol. Ther., 3,268-275.
Cheng,].Q., Lindsley,C.W., Cheng,G.Z., Yang,H. and Nicosia,S.V.
(2005) The Akt/PKB pathway: molecular target for cancer drug
discovery. Oncogene, 24, 7482-7492.

Alwhaibi,A., Verma,A., Adil,M.S. and Somanath,P.R. (2019) The
unconventional role of Akt1 in the advanced cancers and in
diabetes-promoted carcinogenesis. Pharmacol. Res., 145, 104270.
Rao,G., Pierobon,M., Kim,I.K., Hsu,W.H., Deng,]., Moon,Y.W.,
Petricoin,E.F,, Zhang,Y.W., Wang,Y. and Giaccone,G. (2017)



16

137.

138.

139.

140.

141.

142.

143.

144.

145.

146.

147.

148.

149.

150.

151.

Inhibition of AKT1 signaling promotes invasion and metastasis
of non-small cell lung cancer cells with K-RAS or EGFR
mutations. Sci. Rep., 7, 7066.

Landel,I., Quambusch,L., Depta,L. and Rauh,D. (2020) Spotlight
on AKT: current therapeutic challenges. ACS Med. Chem. Lett.,
11,225-227.

Guo,K., Tang,W., Zhuo,H. and Zhao,G. (2019) Recent advance
of Akt inhibitors in clinical trials. ChemistrySelect, 4, 9040-9044.
Arteaga,C.L., Dugger,T.C. and Hurd,S.D. (1996) The
multifunctional role of transforming growth factor (TGF)-beta s
on mammary epithelial cell biology. Breast Cancer Res. Treat.,
38, 49-56.

Nagaraj,N.S. and Datta,P.K. (2010) Targeting the transforming
growth factor-beta signaling pathway in human cancer. Expert
Opin. Investig. Drugs, 19, 77-91.

Sporn,M.B. and Roberts,A.B. (1990) TGF-beta: problems and
prospects. Cell Regul., 1, 875-882.

Zhang,Q., Helfand,B.T., Jang,T.L., Zhu,L.]., Chen,L., Yang,X.]J.,
Kozlowski,]., Smith,N., Kundu,S.D., Yang,G., et al. (2009)
Nuclear factor-kappaB-mediated transforming growth
factor-beta-induced expression of vimentin is an independent
predictor of biochemical recurrence after radical prostatectomy.
Clin. Cancer Res., 15,3557-3567.

Ao,M., Franco,0.E., Park,D., Raman,D., Williams,K. and
Hayward,S.W. (2007) Cross-talk between paracrine-acting
cytokine and chemokine pathways promotes malignancy in
benign human prostatic epithelium. Cancer Res., 67, 4244-4253.
Kaklamani,V.G., Baddi,L., Liu,]., Rosman,D., Phukan,S.,
Bradley,C., Hegarty,C., McDaniel,B., Rademaker,A., Oddoux,C.,
et al. (2005) Combined genetic assessment of transforming
growth factor-beta signaling pathway variants may predict breast
cancer risk. Cancer Res., 65, 3454-3461.

Schlingensiepen,K.H., Jaschinski,F, Lang,S.A., Moser,C.,
Geissler,E.K., Schlitt,H.]., Kielmanowicz,M. and Schneider,A.
(2011) Transforming growth factor-beta 2 gene silencing with
trabedersen (AP 12009) in pancreatic cancer. Cancer Sci., 102,
1193-1200.

Dcona,M.M., Morris,B.L., Ellis,K.C. and Grossman,S.R. (2017)
CtBP- an emerging oncogene and novel small molecule drug
target: Advances in the understanding of its oncogenic action and
identification of therapeutic inhibitors. Cancer Biol. Ther., 18,
379-391.

Stankiewicz,T.R., Gray,].]., Winter,A.N. and Linseman,D.A.
(2014) C-terminal binding proteins: central players in
development and disease. Biomol. Concepts, 5,489-511.
Zheng,X., Song,T., Dou,C.,, Jia,Y. and Liu,Q. (2015) CtBP2 is an
independent prognostic marker that promotes GLI1 induced
epithelial-mesenchymal transition in hepatocellular carcinoma.
Oncotarget, 6, 3752-3769.

Birts,C.N., Harding,R., Soosaipillai,G., Halder,T.,
Azim-Araghi,A., Darley,M., Cutress,R.I., Bateman,A.C. and
Blaydes,].P. (2011) Expression of CtBP family protein isoforms in
breast cancer and their role in chemoresistance. Biol. Cell, 103,
1-19.

Straza,M.W., Paliwal,S., Kovi,R.C., Rajeshkumar,B., Trenh,P.,
Parker,D., Whalen,G.E, Lyle,S., Schiffer,C.A. and Grossman,S.R.
(2010) Therapeutic targeting of C-terminal binding protein in
human cancer. Cell Cycle, 9, 3740-3750.

Hilbert,B.J., Grossman,S.R., Schiffer,C.A. and Royer,W.E. Jr
(2014) Crystal structures of human CtBP in complex with
substrate MTOB reveal active site features useful for inhibitor
design. FEBS Lett., 588, 1743-1748.

152.

153.

154.

155.

156.

157.

158.

159.

160.

161.

162.

163.

164.

165.

166.

NAR Genomics and Bioinformatics, 2024, Vol. 6, No. 3

Hilbert,B.]., Morris,B.L., Ellis,K.C., Paulsen,].L., Schiffer,C.A.,
Grossman,S.R. and Royer,W.E. Jr (20135) Structure-guided design
of a high affinity inhibitor to human CtBP. ACS Chem. Biol., 10,
1118-1127.

Korwar,S., Morris,B.L., Parikh,H.I., Coover,R.A., Doughty,T.W.,
Love, .M., Hilbert,B.]., Royer,W.E. Jr, Kellogg,G.E.,
Grossman,S.R, et al. (2016) Design, synthesis, and biological
evaluation of substrate-competitive inhibitors of C-terminal
Binding Protein (CtBP). Bioorg. Med. Chem., 24,2707-2715.
Birts,C.N., Nijjar,S.K., Mardle,C.A., Hoakwie,E, Duriez,P.].,
Blaydes,].P. and Tavassoli,A. (2013) A cyclic peptide inhibitor of
C-terminal binding protein dimerization links metabolism with
mitotic fidelity in breast cancer cells. Chem. Sci., 4, 3046-3057.
Blevins,M.A., Kouznetsova,]., Krueger,A.B., King,R.,
Griner,L.M., Hu,X., Southall,N., Marugan,].J., Zhang,Q.,
Ferrer,M., et al. (2015) Small molecule, NSC95397, inhibits the
CtBP1-protein partner interaction and CtBP1-mediated
transcriptional repression. J. Biomol. Screen., 20, 663-672.
Gong,M., Feng,S., Zhou,D., Luo,]., Lin,T., Qiu,S., Yuan,R. and
Dong,W. (2023) Upregulation of BMP1 through ncRNAs
correlates with adverse outcomes and immune infiltration in clear
cell renal cell carcinoma. Eur. . Med. Res., 28, 440.

Singh,A. and Morris,R.]. (2010) The Yin and Yang of bone
morphogenetic proteins in cancer. Cytokine Growth Factor Rev.,
21,299-313.

Hyytidinen,M., Penttinen,C. and Keski-Oja,]. (2004) Latent
TGF-beta binding proteins: extracellular matrix association and
roles in TGF-beta activation. Crit. Rev. Clin. Lab. Sci., 41,
233-264.

Muir,A.M., Massoudi,D., Nguyen,N., Keene,D.R., Lee,S.].,
Birk,D.E., Davidson,].M., Marinkovich,M.P. and Greenspan,D.S.
(2016) BMP1-like proteinases are essential to the structure and
wound healing of skin. Matrix Biol., 56, 114-131.

Wu,X., Liu,T., Fang,O., Leach,L.]., Hu,X. and Luo,Z. (2014)
miR-194 suppresses metastasis of non-small cell lung cancer
through regulating expression of BMP1 and p27(kip1).
Oncogene, 33, 1506-1514.

Garimella,R., Tadikonda,P., Tawfik,O., Gunewardena,S., Rowe,P.
and Van Veldhuizen,P. (2017) Vitamin D impacts the expression
of Runx2 target genes and modulates inflammation, oxidative
stress and membrane vesicle biogenesis gene networks in 143B
osteosarcoma cells. Int. |. Mol. Sci., 18, 642.

Sharafeldin,N., Slattery,M.L., Liu,Q., Franco-Villalobos,C.,
Caan,B.]., Potter,].D. and Yasui,Y. (2015) A candidate-pathway
approach to identify gene-environment interactions: analyses of
colon cancer risk and survival. J. Natl. Cancer Inst., 107, djv160.
Xiao,W., Wang,X., Wang,T. and Xing,]J. (2020) Overexpression of
BMP1 reflects poor prognosis in clear cell renal cell carcinoma.
Cancer Gene Ther., 27, 330-340.

Hsieh,Y.Y., Tung,S.Y., Pan,H.Y., Yen,C.W., Xu,H.W., Deng,Y.E,
Lin,Y.J., Hsu,W.T., Wu,C.S. and Li,C. (2018) Upregulation of
bone morphogenetic protein 1 is associated with poor prognosis
of late-stage gastric Cancer patients. BMC Cancer, 18, 508.
Mizoguchi,T., Mikami,S., Yatou,M., Kondo,Y., Omaru,S.,
Kuwabara,S., Okura,W., Noda,S., Tenno,T., Hiroaki,H., et al.
(2023) Small-molecule-mediated suppression of BMP signaling
by selective inhibition of BMP1-dependent chordin cleavage. Int.
J. Mol. Sci., 24, 4313.

Sanvitale,C.E., Kerr,G., Chaikuad,A., Ramel,M.-C.,
Mohedas,A.H., Reichert,S., Wang,Y., Triffitt,].T., Cuny,G.D.,
Yu,P.B., et al. (2013) A new class of small molecule inhibitor of
BMP signaling. PLoS One, 8, e62721.

Received: February 27, 2024. Revised: June 11, 2024. Editorial Decision: July 17, 2024. Accepted: July 23, 2024

© The Author(s) 2024. Published by Oxford University Press on behalf of NAR Genomics and Bioinformatics.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse,
distribution, and reproduction in any medium, provided the original work is properly cited.



	Graphical abstract
	Introduction
	Materials and methods
	Results
	Discussion
	Conclusion
	Data availability
	Supplementary data
	Acknowledgements
	Funding
	Conflict of interest statement
	References

