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ABSTRACT

Gene-level associations obtained from mass-spectrometry-based cancer
proteomics datasets represent a resource for identifying gene candidates for
functional studies. When recently surveying proteomic correlates of tumor grade
across multiple cancer types, we identified specific protein kinases having a functional
impact on uterine endometrial cancer cells. This previously published study provides
just one template for utilizing public molecular datasets to discover potential novel
therapeutic targets and approaches for cancer patients. Proteomic profiling data
combined with corresponding multi-omics data on human tumors and cell lines can
be analyzed in various ways to prioritize genes of interest for interrogating biology.
Across hundreds of cancer cell lines, CRISPR loss of function and drug sensitivity
scoring can be readily integrated with protein data to predict any gene’s functional
impact before bench experiments are carried out. Public data portals make cancer
proteomics data more accessible to the research community. Drug discovery platforms
can screen hundreds of millions of small molecule inhibitors for those that target a
gene or pathway of interest. Here, we discuss some of the available public genomic
and proteomic resources while considering approaches to how these could be
leveraged for molecular biology insights or drug discovery. We also demonstrate the
inhibitory effect of BAY1217389, a TTK inhibitor recently tested in a Phase I clinical
trial for the treatment of solid tumors, on uterine cancer cell line viability.
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INTRODUCTION

Gene expression profiling of human tumors can
provide insights into the molecular subtypes of cancer
and the pathways underlying more versus less aggressive
disease [1-9]. Most of the gene expression data generated
to date has been at the transcriptome level. However,
recent technological advancements in mass spectrometry
(MS)-based proteomics technologies have accelerated
its application to study more and more human tumor
specimens [10, 11]. MS-based proteomics can profile the
expression of tens of thousands of protein features versus
~150-200 protein features typically involved in Reverse
Phase Protein Arrays. Recent studies—e.g., from the
Clinical Proteomic Tumor Analysis Consortium (CPTAC),
the International Cancer Proteogenome Consortium
(ICPC), the Applied Proteogenomics OrganizationalL
Learning and Outcomes (APOLLO) Network, and
others—have collectively made MS-based proteomic
profiling data combined with corresponding multi-omics
data (or “proteogenomic” data) on thousands of human
tumors to date [10, 12, 13]. The initial proteogenomics
studies that generated these data respectively studied the
protein expression landscape of individual cancer types,
including defining molecular subtypes at the protein level,
determining the impact of somatic mutation on protein
expression, and noting disparities of interest between
mRNA and protein. The data from these studies have been
put into the public domain for other research groups to
explore them with new questions in mind, which may
involve combining data from multiple individual studies.

The authors of this present Research Perspective
have collectively participated in multiple pan-cancer
proteomics studies, which have involved collecting and
curating public MS-based proteomics data from multiple
studies of diverse cancer types. With these data, we have
defined pan-cancer proteomic subtypes of cancer [4, 6],
explored the impact of somatic mutation on protein
expression across diverse cancer types [4], defined
gene correlates of pediatric brain tumor recurrence or
progression at both mRNA and protein levels [5], and
defined protein and mRNA correlates of tumor grade or
stage for multiple cancer types [1]. Our study involving
tumor grade correlates [1] would serve as a starting point
for this Research Perspective, as this study involved
both a bioinformatics component and a wet lab or bench
experimental component. In this study, we mined the
proteomic grade correlations, and we identified protein
kinases—including MAP3K2, MASTL, and TTK—that
by experiment had a functional impact in vitro in uterine
endometrial cancer cells. For several reasons, studies that
mine public cancer molecular datasets to identify novel
gene targets for functional validation can be challenging,
as, for example, there would be no obvious “best”
approach to carry this out. Below, we consider some
public molecular resources, including proteomics datasets,

that may be leveraged to help identify gene candidates for
therapeutic targeting in cancer.

Proteomic grade correlations in tumors

Molecular signatures associated with clinical
measures of advanced disease could provide molecular
clues as to the drivers of more aggressive cancers [9].
Patient survival or time to adverse event would be one
measure of aggressive disease. Time to cancer-specific
death would perhaps be the preferable measure of patient
survival, as it should be unambiguous. However, cancer-
specific data requires a deliberate effort to follow up on
the patient’s cause of death over time. Overall survival
is much more commonly used in cancer studies and
would serve as an adequate surrogate for cancer-specific
death for most cancer types, though exceptions would
include types of cancer such as prostate that tend to be
more indolent [14]. Historically, tumors in big science
multi-omics projects such as The Cancer Genome Atlas
(TCGA) and CPTAC have involved less complete patient
follow-up data [15], as the priority here was more for
obtaining tumors with sufficient material for carrying out
multiple assays on the same sample, even if the eventual
disease course after initial surgery was unknown. This
issue of lack of extensive patient follow-up involving the
CPTAC datasets was something we faced in our study to
identify proteomic correlates of aggressive cancer [1].
We, therefore, relied upon other surrogates for aggressive
cancer, including tumor grade and stage. Cancer grade is a
histologic parameter assigning the degree of differentiation
of the cancer cells, where high-grade cancers look poorly
differentiated and tend to grow and spread more quickly
than low-grade cancers that look well-differentiated.
Cancer stage is a clinical parameter indicating how
extensively the tumor has spread outside of its site of
origin. One might expect that high-grade versus high-stage
tumors would tend to overlap, though the two represent
different measures.

In our study, we sought to define differentially
expressed proteins and mRNAs associated with higher
grade or stage. We examined each of seven cancer types
with MS-based proteomic data from CPTAC (breast,
colon, lung adenocarcinoma, clear cell renal, ovarian,
uterine, and pediatric glioma), representing 794 patients in
total. For most cancer types, we found hundreds of protein
features to be differentially expressed with higher grade
or with higher stage. However, notably more statistically
significant proteins were associated with higher grade
than higher stage. For each cancer type, there was
significant gene set overlap between the proteins and the
corresponding mRNAs respectively associated with higher
grade or higher stage. However, many genes significant
at the protein level were not significant at the mRNA
level and vice versa, indicative of widespread decoupling
between the proteome and transcriptome. We could
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identify 1056 genes for which the total protein associated
with grade in the same direction for two or more cancer
types. At the same time, each cancer type showed a
proteomic signature of tumor grade that was distinctive
from the other cancer types. In surveying somatic copy
number alterations associated with tumor grade, we found
that proteins having lower expression with higher grade
often involved genes more frequently lost at the copy
number level with higher grade. Pathways of interest
were enriched within the grade-associated proteins across
multiple cancer types, including pathways of altered
metabolism, Warburg-like effects, and translation factors.

The above results represent a useful exercise in
bioinformatics and integrative analysis, providing some
interesting insights along with a catalog of molecular
correlates of aggressive disease. Still, we wanted to take
these results a step further, to see if they might also drive
experimental studies to identify gene targets in cancer.
We hypothesized that protein correlates of higher tumor
grade would include proteins having a functional impact
beyond merely a correlative association. We examined the
uterine data for potential targets for functional studies in
uterine endometrial cell lines. We focused here on kinases,
which tend to be more druggable [16, 17]. Taking a set of
347 protein kinases with available uterine tumor data, we
found 37 associated with higher grade in uterine cancer,
and 20 of these proteins were associated with grade in
three or more cancer types studied (including uterine).
From these 20 kinases, we selected four for functional
studies: MAP3K2, MASTL, SCYLI1, and TTK. We
transfected Ishikawa and HEC-1-A cell lines with non-
targeting siRNA or siRNA targeting each of these four
kinase genes. Inhibition of TTK and MASTL resulted in
decreased cell viability and migration in vitro. Inhibition
of MAP3K2 decreased migration but not cell viability.
In contrast, Ishikawa cells with SCYL1 knockdown
demonstrated increased viability.

Proteomics data portals

Additional proteins of interest remain to be
uncovered and explored from the public proteomic
datasets. Molecular biologists and physician-scientists
need the tools to search these datasets independently
without needing a bioinformatics expert. We have made
a concerted effort to provide cancer proteomics datasets
to the wider research community, in a way that facilitates
a search for any gene of interest. Originally developed
at the laboratory of Dr. Sooryanarayana Varambally,
UALCAN (which stands for the University of ALabama
at Birmingham CANcer data analysis portal) is a
comprehensive, user-friendly, and interactive web resource
for analyzing cancer -omics data [18, 19]. UALCAN
(http://ualcan.path.uab.edu) allows users to analyze the
relative expression of a query gene or genes across tumor
and normal samples for a given cancer type, as well as

in tumor sub-groups based on individual cancer stages,
tumor grade, race, body weight, molecular and histologic
subtypes, or other clinicopathologic features. The graphics
provided by UALCAN, e.g., box plots comparing
expression across tumor groups, can be output to a format
amenable to incorporating into figures for publication or
presentation (PNG, JPEG, SVG, or PDF).

Initially, UALCAN housed transcriptomics data
from TCGA, involving RNA-seq and clinical data from
31 cancer types [18]. Subsequently, we have incorporated
MS-based proteomics data [1, 4, 6], primarily from
CPTAC but including other sources [20-22]. We have
also incorporated proteomic and transcriptomic data
on pediatric brain tumors from the Children’s Brain
Tumor Network (CBTN) into UALCAN [5, 23]. The
user may input one or more genes of interest, then select
clinicopathologic variables for group comparisons.
Figure 1 shows box plots generated using UALCAN,
representing the association of proteins MAP3K2,
MASTL, and TTK with higher tumor grade in human
endometrial tumors based on CPTAC data [24]. MASTL
and TTK, associated with cell viability in vitro, have
higher expression on average in cancer versus non-cancer
tissues. In contrast, MAP3K2, which was not associated
with cell viability, has lower expression in cancer versus
non-cancer. Whether including a cancer versus normal
comparison filter in addition to a tumor grade filter would
help better refine a list of candidate gene targets would be
an open question.

Data portals such as UALCAN would enable users
to look up genes of interest to see if they show relevant
differential or survival-associated expression patterns
in human tumors. UALCAN results may complement
results from experimental studies, providing evidence
of the relevance of genes in the setting of human disease
in addition to established relevance in model systems.
Since 2017, UALCAN has been visited over one million
times by cancer researchers from over 100 countries.
Other commonly used data portals that house protein
expression data along with other cancer -omics data
include cBioPortal [25, 26]. However, there are notable
differences between UALCAN and cBioPortal. cBioPortal
mainly focuses on gene mutations and copy number
alterations (CNA) data in cancer, with visualization
capabilities mostly revolving around highlighting
mutation and CNA patterns along with expression outliers
for specific genes. Unlike UALCAN, with cBioPortal
no global comparisons can be accomplished for tumor
subgroups. While user-friendly data portals allow some
level of access to molecular data from a wide audience of
researchers who may not write code but can use “point-
and-click” interfaces, there are limitations on the types of
questions such tools can answer. There would remain a
clear need for bioinformatics experts who can carry out
high-level analyses and data integration to answer more
sophisticated questions [27].
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Figure 1: Association of selected proteins with higher grade in uterine tumors. MAP3K2, MASTL, and TTK were found in
our recent study [1] to have functional impact in vitro in uterine endometrial cancer cells. The three genes were originally selected for study
based on their protein expression association with higher tumor grade. Here, box plots of protein expression of these three genes illustrate
the respective associations with tumor grade in human endometrial tumors, based on CPTAC data [24]. These box plots here were generated
directly using the UALCAN data portal [18, 19], which provides publication-quality figures of gene-level views of expression datasets.
Box plots represent 5% (lower whisker), 25% (lower box), 50% (median), 75% (upper box), and 95% (upper whisker). For each group,
the actual number of samples with expression data for a particular protein may be fewer than the total number of samples in the dataset.
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Cancer cell line data Multilevel data on cancer cell lines can be brought
together from different sources and studies for integrative

Notwithstanding their limitations, cell line model analyses. CCLE datasets comprise extensive multi-
systems remain extremely useful for basic cancer research omics data on over 1000 cancer cell lines, with data
and drug discovery. While issues such as serial passaging platforms including whole-exome sequencing, whole-
and artificial growth conditions likely modify cancer cells genome sequencing, DNA methylation data by reduced
grown in vitro over time to some degree, authenticated representation bisulfite sequencing, metabolomics, and
cancer cell lines retain most of the genetic properties of proteomics by Reverse Phase Protein Array [30]. On the
the cancer of origin [28, 29]. Cell lines can provide the other hand, GDSC involves much more extensive drug
preliminary data for many projects to justify further response data than CCLE, where GDSC includes half
exploration using more sophisticated experimental models, maximal inhibitory concentration (IC50) data across
including organoids and patient-derived xenografts hundreds of cancer cell lines for 523 drug compounds.
(PDXs). For hundreds of cancer cell lines, there are In contrast, CCLE includes IC50 data for some two
extensive molecular and perturbation data available in dozen compounds. MS-based proteomics data have been
the public domain from major endeavors, including the generated for both CCLE and GDSC cell lines, involving
Cancer Cell Line Encyclopedia (CCLE) [30, 31] and 378 cell lines of the former [36] and 949 cell lines of
the Genomics of Drug Sensitivity in Cancer (GDSC) the latter [37]. The Cancer Dependency Map project,
[32, 33]. For PDX tumors, concerted efforts involving the or DepMap, has carried out large-scale CRISPR loss of
NIH-NCI PDX Development and Trial Centers Research function screens on over 1,000 cancer cell lines. DepMap
Network (PDXNet) and the NIH-NCI Patient-Derived data allow for inferring gene knockout fitness effects
Models Repository (PDMR) repositories have recently for any given gene in each cell line, based on an explicit
generated multi-omic data on over 1500 PDX tumors model of cell proliferation dynamics after CRISPR gene
to date representing over 500 patients [2, 34]. However, knockout [38, 39]. Figure 2 shows the numbers of cell
proteomics data on these tumors is currently limited, lines respectively represented in the MS-based proteomics,
and perturbation data (e.g., gene knockdowns or drug CRISPR assays, and drug sensitivity datasets, as well as
treatments) remain to be systematically generated [35]. cell lines shared between datasets. As hundreds of cell

1070 cell lines
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Figure 2: Compiled multilevel data on cancer cell lines. Venn diagram shows the number of cell lines with data involving protein
expression (by mass spectrometry), CRISPR assays, and drug sensitivity. Gene effect scores, based on Cancer Dependency Map (DepMap)
CRISPR assays, were taken from the dataset as analyzed using the Chronos algorithm from Dempster et al. [38]. We compiled the mass
spectrometry-based proteomics data on 949 cell lines in total from Gongalves et al. [37] and on 375 cell lines in total from Nusinow et al.
[36]. For any proteomic values not represented in the Gongalves dataset (e.g., missing values or cell lines not represented), we used the
values from Nusinow. We then z-normalized protein expression values to standard deviations across cell lines in the combined dataset.
We downloaded Genomics of Drug Sensitivity in Cancer (GDSC) drug compound half maximal inhibitory concentration (IC50) data in
February 2020 (GDSC1-dataset) and in October 2022 (GDSC2-dataset) [32, 33, 37]. We merged the two GDSC IC50 datasets into one. If
a drug treatment and cell line were represented in both datasets, we averaged the two values; otherwise, we used whichever IC50 dataset
had available data. GDSC IC50 data represented 623 drug treatments involving 544 compounds.
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lines would be represented between any two datasets,
this should provide robust statistical power for integrative
analyses, e.g., between protein expression and gene
knockout fitness or drug responses across cell lines.

CRISPR screens in cell lines

In our recent study [1], in which we selected four
kinases for functional studies based on tumor proteomics
data, we did not incorporate perturbation data from cell
lines into our selection of gene targets. Here, in Figure 3,
we consider how gene dependency data by CRISPR in
cell lines might be integrated with gene expression in
human tumors. For each of four different cancer types
(uterine, lung, ovarian, pancreatic), we plotted protein
kinase abundance correlates with tumor grade against
corresponding mRNA expression correlates. In addition,
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the data points in each of the four scatterplots are sized
according to the number of cell lines of the given cancer
type with a dependency by CRISPR assay, according
to DepMap. Gene dependency indicates that the given
cell line is vulnerable to knockdown of that gene. The
methodology by Dempster et al. [38] effectively corrects
for several biases and artifacts that can confound the raw
DepMap results.

From Figure 3, we see that, between different
cancer types, different sets of genes may be significantly
correlated with tumor grade at the protein or mRNA
levels. Genes significantly correlated with tumor grade at
the protein level may not be significant at the mRNA level
and vice versa, which warrants our integrative approach
to incorporating both levels of data. The Figure 3 uterine
cancer scatterplot highlights the four kinase genes we
explored in downstream functional experiments [1].

# cell lines with dependency (outof 119): -0 «15 37 @67 @119
6
CDK1
Lung cancer ToR NME2 . CCNA2 @
4 552 kinases ® NRBP{ TTK (]
o' &, PKMYT1
o % . ®Pkm 9@
2 [ ) .
o Al S °
® @ bt
0 °. e it °
P . [}
) g ..
B . °
. ° ' ..
(X
-4
-6
-8
-7 6 5 -4 3 -2 -1 0 1 2 3 4 5 6 7
mRNA/grade correlation (t-statistic)
# cell lines with dependency (out of 46): -0 «7 16 @30 @46
4
Pancreatic cancer EGFR-
3 489k TRPM7, .
nases ERCC3 CDK1 DTYMK
TOP1 e ® AURKI
) s . e
.90 [ ]
NE e’ . CHEK1
1 Lo .. @
% B -®  @AURKA
L
o ..CDK7 MNAT1
®
GTF2H3
-1
-2
-3
-4
-5 -4 -3 -2 -1 0 1 2 3 4 5

mRNA/grade correlation (t-statistic)

Figure 3: Combined analysis of kinase expression in tumors with cell line dependency to identify new gene targets. For
each of four different cancer types (uterine, lung, ovarian, pancreatic), protein kinase abundance correlates with tumor grade are plotted
against corresponding mRNA expression correlates. T-statistics either greater than 2 (higher with high grade) or less than —2 (lower with
low grad) would be statistically significant (p < 0.05, Pearson’s correlation). Points are sized according to the number of cell lines of the
given cancer type with a dependency by CRISPR assay, according to DepMap [38, 39]. DepMap scores of <—0.75 were called as denoting
sensitivity of the given cell line for the given gene. The uterine cancer panel highlights the four genes explored in downstream functional

experiments in our recent study [1].
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Three of these four kinases had a corresponding mRNA
association with grade, while MAP3K2 did not. In
addition, we see that for each cancer type, most of the
kinase genes examined had few or no cell lines dependent
on that gene, though kinase genes significantly correlated
with higher grade tended to be dependent for a high
percentage of cell lines. Notably, MAP3K2 and SCYLI,
which kinases did not yield optimal results in vitro for
representing gene targets [1], have almost no uterine cell
lines with corresponding DepMap dependency. For other
genes, however, most cell lines in the DepMap dataset
show a dependency. In this case, the question would arise
as to whether the gene would represent a dependency
only for cancer but not normal cells. In contrast, genes
dependent for only a subset of cell lines (e.g., 77K) might
represent better therapeutic targets, as these could involve
uniquely targetable dependencies for a subset of cancers,
e.g., genes involved in “oncogene addiction” [40—42].

Drug targeting of genes

Cancer cell lines that have been extensively
characterized and assayed for their sensitivity to a large
collection of pre-clinical and clinical therapeutic agents
might enable therapeutic biomarker discovery [29]. Gene
expression data can be integrated with drug IC50 data to
identify markers of drug response [2, 37, 43]. Using a
dataset of combined protein expression with drug IC50s
involving 544 compounds and 621 treatments (Figure 2),
we looked for associations of protein expression with
drug responses across cancer cell lines, involving the
three kinase genes—MAP3K2, MASTL, and TTK—
that we studied in vitro in uterine cancer cell lines [1].
A negative correlation between IC50 values and protein
expression indicates that cell lines with higher expression
tend to be most sensitive to the drug. With 544 compounds
considered, we might expect about five and less than
one to have nominally significant p-values of <0.01
and <0.001, respectively, due to multiple testing [44].
Interestingly, MASTL, which had fewer cell lines with
protein data (n = 255), had no significant IC50 associations
exceeding chance expected. However, both TTK and
MASTL each had numerous drug response associations
exceeding chance expected, as highlighted in Figure 4.
For example, TTK expression correlates with increased
sensitivity to several kinase inhibitors, while MASTL
expression correlates with increased sensitivity to several
drugs targeting chromatin histone acetylation. These
results would provide additional information as to which
existing drugs might target cancers that over-express a
particular marker, perhaps even using a combinatorial
treatment strategy.

Here, to validate the biological relevance of the
overlap between gene dependency, drug response, and
mass spectrometry proteomics data, we tested the effect of
BAY1217389, a TTK inhibitor recently tested in a Phase I

clinical trial for the treatment of solid tumors [45, 46], on
uterine cancer cell line viability in vitro. In these assays,
AN3CA and Ishikawa uterine cancer cells were plated in
a 96-well plate (1,000 cells/well). The following day, the
cells were treated in triplicate with various concentrations
of BAY1217389. After 72 hours, cell viability was
assessed by quantifying cellular ATP via luminescence
using CellTiter Glo. The IC50 values of BAY 1217389 in
AN3CA and Ishikawa cells were 3.276 nM and 5.166 nM,
respectively (Figure 5). The potency of this TTK inhibitor
suggests that targeting TTK is biologically relevant in
uterine cancer cells and provides rationale for further
testing in patient-derived organoid systems or animal
models of endometrial cancer.

In addition to using existing drugs to target gene
function in cancer, there is the potential to discover new
drugs to target genes of interest. In recent studies [47-50],
the Drug Discovery Center at Baylor College of Medicine
has identified novel active and specific inhibitors using
DNA-Encoded Chemistry Technology (DEC-Tec),
including, more recently, potent and selective molecules
that inhibit the kinase activity of BMPR2 [50]. DEC-Tec
allows the exploration of chemical space at a greater level
than traditional high-throughput screening methods [51].
Drug discovery programs with DEC-Tec operate on the
premise of encoding small organic molecule compounds
(~10?® per library) with individual and unique DNA tags,
to identify novel small-molecule inhibitors [52]. In DEC-
Tec selections, the affinity-tagged recombinant protein
targets are incubated with DNA-encoded molecules in
the presence or absence of a competitive ligand. Target
binders are captured using antigen-coated magnetic
beads with affinity to the recombinant protein tag. Bound
molecules are eluted by denaturing the protein, and the
DNA barcodes of recovered library material are then PCR
amplified and submitted for Next Generation Sequencing.
Library members with a high affinity for the target will
be retained at a higher rate during the screen and will
consequently be present at enriched concentrations
in the sequenced DNA pool. Candidate hit molecules
are identified by decoding the DNA tags. Candidates
with favorable physiochemical properties can then be
synthesized without the DNA tag and tested in vitro. Using
DEC-Tec or other drug discovery platform, one might
identify novel small-molecule inhibitors of kinase genes in
uterine cancer, including TTK and MASTL, representing
future work from our previous study [1].

Multiple approaches for selecting targets

Our above study examining proteomic correlates of
tumor grade [1] represents just one approach in utilizing
public molecular datasets to select gene targets. There
would be no single integrative analysis approach to
identifying gene targets of interest. Numerous datasets
and gene selection criteria may be utilized, including
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associations with parameters of more aggressive disease, Molecular datasets considered may involve a single

cancer versus ‘“normal” comparisons (though there may cancer type or multiple cancer types. Selecting genes
be issues in finding a suitable normal [53, 54]), DNA for further study often involves close collaboration
mutation or CNA patterns, and molecular patterns in between a bioinformatician and an experimentalist.
experimental model systems such as cell lines or mice. Ideally, the experimentalist would be actively involved
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Figure 4: Associations of TTK and MASTL protein expression with drug responses across cancer cell lines. (A) From
the GDSC [32, 33] cell lines with combined protein and drug response data, top compounds with decreases in IC50 associated with TTK
protein expression (p < 0.001, one-sided Pearson’s correlations using natural log transformed IC50 values). Drug compound names are
colored by drug class. (B) Similar to part A, but for top compounds with decreases in IC50 associated with MASTL protein expression
(p <0.01, one-sided Pearson’s correlations).
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in the selection process. In practice, it often helps for
the bioinformatician to provide the experimentalist a
top set of genes meeting one or more selection criteria,
from which the experimentalist can pick a few genes for
preliminary studies (e.g., in vitro experiments). Domain
knowledge of molecular biology should factor into the
decision process over merely relying on statistical cutoffs

alone. Below, we provide additional examples from
previous studies, with one component analyzing molecular
profiling data on human tumors and another component
of bench experimental follow-up based on the analysis
results. However, we cannot provide a comprehensive
overview here of all cancer-related studies using this broad
approach.
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Figure 5: Efficacy of TTK inhibitor, BAY1217389, in AN3CA and Ishikawa uterine cancer cell lines. (A, B) The effect of
TTK inhibitor, BAY 1217389, on the viability of endometrial cancer cell lines, AN3CA (A) and Ishikawa (B), was evaluated by quantifying
intracellular ATP concentrations using a luminescence-based assay (CellTiter GLO, Promega). 72 hours after incubation with various
concentrations of the TTK inhibitor, BAY 1217389, the IC50 values of this compound were found to be 3.276 nM in AN3CA and 5.166 nM
in Ishikawa cells. This graph represents data from three repeated trials, analyzed by a non-linear regression model with a four-parameter
variable slope (Y = Bottom + (Top-Bottom)/(1+10*((LogIC50-X) x HillSlope)) (GraphPad Prism, version 9).
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In ovarian cancer, we have been involved
in studies of microRNAs (miRNAs) [53, 55, 56].
miRNAs are ~22 nt noncoding RNAs which target
complementary gene transcripts for translational
repression or mRNA cleavage [57]. In comparing both
mRNA and miRNAs for serous ovarian tumors and cell
lines with normal cells, we identified miR-31 as an
under-expressed miRNA deleted at the copy number
level in an appreciable number of serous ovarian tumors
represented in TCGA. In subsequent experiments, miR-
31 over-expression in vitro inhibited proliferation and
induced apoptosis in a number of cell lines [53]. mRNA
and miRNA expression profiling of clear cell ovarian
cell lines identified miRNAs of interest, including
miR-100, which we found in follow-up experiments
to inhibit mTOR signaling and enhance sensitivity to
mTOR inhibitor everolimus [56]. In another study
that surveyed correlations between miRNAs and their
predicted mRNA targets across over 400 serous ovarian
cancers in TCGA database, the miR-29 family and
predicted targets were among the top results. Subsequent
experiments showed that over-expression of miR-29a in
vitro repressed several anti-correlated genes, including
DNMT3A4 and DNMT3B, and decreased cancer cell
viability [55].

The senior author of this Research Perspective has
participated with others in lung cancer studies, where
we successfully utilized molecular profiling data of
experimental models to identify gene targets [58—62].
In a seminal study of epithelial-mesenchymal transition
(EMT) [61], analysis of molecular data from tumor
cell lines derived from mice that develop metastatic
lung adenocarcinoma identified the miR-200 family as
differentially expressed. Subsequently, forced expression
of miR-200 abrogated the capacity of these tumor cells
to undergo EMT, invade, and metastasize, and conferred
transcriptional features of metastasis-incompetent tumor
cells. In another series of studies [58—60], bioinformatics
analysis of molecular profiling data, involving cross-
species comparison of the genes overexpressed in
autochthonous genetically engineered metastatic murine
lung tumors and syngeneic lung cancer models, intersected
with human copy number amplifications by TCGA,
identified a set of 217 putative driver genes in lung
cancer [58]. Subsequent experiments have demonstrated
functional roles for several of these genes, including
GATAD2B [58], TMEM106B [59], IMPAD1 [60], and
KDELR?2 [60]. In another study, from analysis of TCGA
CNA datasets, we identified a chromosome 1q region
frequently amplified in diverse cancer types and encoding
multiple regulators of secretory vesicle biogenesis
and trafficking, including the Golgi-dedicated enzyme
phosphatidylinositol  (PI)-4-kinase IIIf (PI4KIIIP).
Extensive follow-up experiments demonstrated PI4KIIIB
as a therapeutic target in chromosome 1g-amplified lung
adenocarcinoma [62].

As evidenced by the thousands of literature citations
to date of the seminal paper originally introducing
the UALCAN data portal to the research community
[18], UALCAN has facilitated the selection of genes
for experimental validation for perhaps hundreds or
even thousands of independent studies. The UALCAN
creators themselves have utilized the data portal in several
experimental studies of individual genes—including
PAICS [63-66], MTHFDIL [67], PAK4 [68], P4HAI
[69], and FZDS& [70]. In these studies, the relevance of the
gene in human disease is first demonstrated by UALCAN
analysis of a particular cancer type (e.g., showing higher
expression in cancer versus normal, or specific cancer
sub-class pattern such as ERG gene fusion specific over-
expression of FZD8 in prostate cancer [70]), followed by
validation and a demonstration of the functional role of
that gene in cancer cell models.

CONCLUSIONS

As bench experiments can represent a great deal of
effort, the ability of molecular profiling data to drive the
selection of genes and the design of bench experiments
could save much time and result in less trial-and-error.
MS-based proteomic data can capture gene expression
information at the protein level that would not be captured
at the mRNA level [4, 10, 71]. UALCAN and other
data portals can facilitate access to proteomic and other
molecular datasets, providing gene-level results to guide
future studies. UALCAN currently houses human tumor
data, though the extensive molecular datasets on cancer
cell lines might eventually be incorporated into UALCAN
as well. At the same time, point-and-click interfaces are
limited in terms of what questions they can answer [27].
Skilled bioinformaticians could integrate molecular data
from multiple sources and at multiple -omics levels,
including proteomics. Creative analytical approaches to
the public cancer molecular datasets could yield new gene
sets representing new therapeutic targets and new insights
into cancer.

Abbreviations

CPTAC: Clinical Proteomic Tumor Analysis
Consortium; TCGA: The Cancer Genome Atlas; CBTN:
Children’s Brain Tumor Network; CNA: copy number
alterations; DEC-Tec: DNA-Encoded Chemistry
Technology; MS: mass spectrometry; PDX: patient-
derived xenograft; CCLE: Cancer Cell Line Encylopedia;
GDSC: Genomics of Drug Sensitivity in Cancer; IC50:
half maximal inhibitory concentration.

Author contributions

Conceptualization: C.J.C.; Methodology: C.J.C.,
D.M.; Investigation: C.J.C., D.M., S.E.P,, D.S.C,, S.V,;

www.oncotarget.com

408

Oncotarget



Formal Analysis: C.J.C., D.M., S.E.P.; Data Curation:
CJ.C.,D.S.C,, S.V,; Visualization: C.J.C.; Writing: C.J.C.,
D.M.; Manuscript Review: D.M., S.E.P., D.S.C., S.V.

CONFLICTS OF INTEREST

C.J.C. recently served on a scientific advisory board
for Roche Diagnostics.

FUNDING

This work was supported by National Institutes
of Health (NIH) grants P30CA125123 (C.J.C)),
P20CA221729 (D.M.), and ROOHD096057 (D.M.).
Diana Monsivais holds a Nex Gen Pregnancy Award
(NGP10125) from the Burroughs Wellcome Fund.

REFERENCES

1. Monsivais D, Vasquez YM, Chen F, Zhang Y,
Chandrashekar DS, Faver JC, Masand RP, Scheurer
ME, Varambally S, Matzuk MM, Creighton CJ. Mass-
spectrometry-based proteomic correlates of grade and stage
reveal pathways and kinases associated with aggressive
human cancers. Oncogene. 2021; 40:2081-95. https://doi.
org/10.1038/s41388-021-01681-0. [PubMed]

2. Zhang Y, Chen F, Creighton CJ. Pan-cancer molecular
subtypes of metastasis reveal distinct and evolving
transcriptional programs. Cell Rep Med. 2023; 4:100932.
https://doi.org/10.1016/j.xcrm.2023.100932. [PubMed]

3. Creighton CJ. Gene Expression Profiles in Cancers and
Their Therapeutic Implications. Cancer J. 2023; 29:9—
14. https://doi.org/10.1097/PP0O.0000000000000638.
[PubMed]

4.  Zhang Y, Chen F, Chandrashekar DS, Varambally S,
Creighton CJ. Proteogenomic characterization of 2002
human cancers reveals pan-cancer molecular subtypes and
associated pathways. Nat Commun. 2022; 13:2669. https://
doi.org/10.1038/541467-022-30342-3. [PubMed]

5. Chen F, Chandrashekar DS, Scheurer ME, Varambally
S, Creighton CJ. Global molecular alterations involving
recurrence or progression of pediatric brain tumors.
Neoplasia. 2022; 24:22-33. https://doi.org/10.1016/].
neo.2021.11.014. [PubMed]

6. Chen F, Chandrashekar DS, Varambally S, Creighton
CJ. Pan-cancer molecular subtypes revealed by mass-

spectrometry-based proteomic characterization of more than
500 human cancers. Nat Commun. 2019; 10:5679. https://
doi.org/10.1038/s41467-019-13528-0. [PubMed]

7. van ‘t Veer LJ, Dai H, van de Vijver MJ, He YD, Hart
AA, Mao M, Peterse HL, van der Kooy K, Marton MJ,
Witteveen AT, Schreiber GJ, Kerkhoven RM, Roberts C,
et al. Gene expression profiling predicts clinical outcome
of breast cancer. Nature. 2002; 415:530-36. https://doi.
org/10.1038/415530a. [PubMed]

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Perou CM, Serlie T, Eisen MB, van de Rijn M, Jeffrey SS,
Rees CA, Pollack JR, Ross DT, Johnsen H, Akslen LA,
Fluge O, Pergamenschikov A, Williams C, et al. Molecular
portraits of human breast tumours. Nature. 2000; 406:747—
52. https://doi.org/10.1038/35021093. [PubMed]

Cancer Genome Atlas Research Network. Comprehensive
molecular characterization of clear cell renal cell carcinoma.
Nature. 2013; 499:43-49.  https://doi.org/10.1038/
nature12222. [PubMed]

Mani DR, Krug K, Zhang B, Satpathy S, Clauser KR, Ding
L, Ellis M, Gillette MA, Carr SA. Cancer proteogenomics:
current impact and future prospects. Nat Rev Cancer. 2022;
22:298-313. https://doi.org/10.1038/s41568-022-00446-5.
[PubMed]

Macklin A, Khan S, Kislinger T. Recent advances in mass

spectrometry based clinical proteomics: applications to
cancer research. Clin Proteomics. 2020; 17:17. https://doi.
org/10.1186/s12014-020-09283-w. [PubMed]

Creighton CJ. Clinical proteomics towards multiomics in

cancer. Mass Spectrom Rev. 2022; 10:¢21827. https://doi.
org/10.1002/mas.21827. [PubMed]

Soltis AR, Bateman NW, Liu J, Nguyen T, Franks TJ,
Zhang X, Dalgard CL, Viollet C, Somiari S, Yan C, Zeman
K, Skinner WJ, Lee JSH, et al. Proteogenomic analysis of

lung adenocarcinoma reveals tumor heterogeneity, survival
determinants, and therapeutically relevant pathways.
Cell Rep Med. 2022; 3:100819. https://doi.org/10.1016/].
xcrm.2022.100819. [PubMed]

Rawla P. Epidemiology of Prostate Cancer. World J Oncol.
2019;  10:63-89.  https://doi.org/10.14740/wjon1191.
[PubMed]

Liu J, Lichtenberg T, Hoadley KA, Poisson LM, Lazar AJ,
Cherniack AD, Kovatich AJ, Benz CC, Levine DA, Lee
AV, Omberg L, Wolf DM, Shriver CD, et al. An Integrated
TCGA Pan-Cancer Clinical Data Resource to Drive
High-Quality Survival Outcome Analytics. Cell. 2018;
173:400-16.e11. https://doi.org/10.1016/j.cell.2018.02.052.
[PubMed]

Cohen P, Cross D, Janne PA. Kinase drug discovery 20
years after imatinib: progress and future directions. Nat Rev
Drug Discov. 2021; 20:551-69. https://doi.org/10.1038/
s41573-021-00195-4. [PubMed]

Sridhar R, Hanson-Painton O, Cooper DR. Protein kinases
as therapeutic targets. Pharm Res. 2000; 17:1345-53.
https://doi.org/10.1023/a:1007507224529. [PubMed]

Chandrashekar DS, Bashel B, Balasubramanya SAH,
Creighton CJ, Ponce-Rodriguez I, Chakravarthi BVS,
Varambally S. UALCAN: A Portal for Facilitating Tumor
Subgroup Gene Expression and Survival Analyses.
Neoplasia. 2017; 19:649-58. https://doi.org/10.1016/].
n€0.2017.05.002. [PubMed]

Chandrashekar DS, Karthikeyan SK, Korla PK, Patel H,

Shovon AR, Athar M, Netto GJ, Qin ZS, Kumar S, Manne
U, Creighton CJ, Varambally S. UALCAN: An update to

www.oncotarget.com

409

Oncotarget


https://doi.org/10.1038/s41388-021-01681-0
https://doi.org/10.1038/s41388-021-01681-0
https://pubmed.ncbi.nlm.nih.gov/33627787
https://doi.org/10.1016/j.xcrm.2023.100932
https://pubmed.ncbi.nlm.nih.gov/36731467
https://doi.org/10.1097/PPO.0000000000000638
https://pubmed.ncbi.nlm.nih.gov/36693152
https://doi.org/10.1038/s41467-022-30342-3
https://doi.org/10.1038/s41467-022-30342-3
https://pubmed.ncbi.nlm.nih.gov/35562349
https://doi.org/10.1016/j.neo.2021.11.014
https://doi.org/10.1016/j.neo.2021.11.014
https://pubmed.ncbi.nlm.nih.gov/34864569
https://doi.org/10.1038/s41467-019-13528-0
https://doi.org/10.1038/s41467-019-13528-0
https://pubmed.ncbi.nlm.nih.gov/31831737
https://doi.org/10.1038/415530a
https://doi.org/10.1038/415530a
https://pubmed.ncbi.nlm.nih.gov/11823860
https://doi.org/10.1038/35021093
https://pubmed.ncbi.nlm.nih.gov/10963602
https://doi.org/10.1038/nature12222
https://doi.org/10.1038/nature12222
https://pubmed.ncbi.nlm.nih.gov/23792563
https://doi.org/10.1038/s41568-022-00446-5
https://pubmed.ncbi.nlm.nih.gov/35236940
https://doi.org/10.1186/s12014-020-09283-w
https://doi.org/10.1186/s12014-020-09283-w
https://pubmed.ncbi.nlm.nih.gov/32489335
https://doi.org/10.1002/mas.21827
https://doi.org/10.1002/mas.21827
https://pubmed.ncbi.nlm.nih.gov/36495097
https://doi.org/10.1016/j.xcrm.2022.100819
https://doi.org/10.1016/j.xcrm.2022.100819
https://pubmed.ncbi.nlm.nih.gov/36384096
https://doi.org/10.14740/wjon1191
https://pubmed.ncbi.nlm.nih.gov/31068988
https://doi.org/10.1016/j.cell.2018.02.052
https://pubmed.ncbi.nlm.nih.gov/29625055
https://doi.org/10.1038/s41573-021-00195-4
https://doi.org/10.1038/s41573-021-00195-4
https://pubmed.ncbi.nlm.nih.gov/34002056
https://doi.org/10.1023/a:1007507224529
https://pubmed.ncbi.nlm.nih.gov/11205726
https://doi.org/10.1016/j.neo.2017.05.002
https://doi.org/10.1016/j.neo.2017.05.002
https://pubmed.ncbi.nlm.nih.gov/28732212

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

the integrated cancer data analysis platform. Neoplasia.
2022;25:18-27. https://doi.org/10.1016/j.n€0.2022.01.001.
[PubMed]

Sinha A, Huang V, Livingstone J, Wang J, Fox NS,
Kurganovs N, Ignatchenko V, Fritsch K, Donmez N, Heisler
LE, Shiah YJ, Yao CQ, Alfaro JA, et al. The Proteogenomic
Landscape of Curable Prostate Cancer. Cancer Cell. 2019;
35:414-27.e6. https://doi.org/10.1016/j.ccell.2019.02.005.
[PubMed]

Gao Q, Zhu H, Dong L, Shi W, Chen R, Song Z, Huang
C, Li J, Dong X, Zhou Y, Liu Q, Ma L, Wang X, et al.
Integrated Proteogenomic Characterization of HBV-Related
Hepatocellular Carcinoma. Cell. 2019; 179:561-77.¢22.
https://doi.org/10.1016/j.cell.2019.08.052. [PubMed]

Mun DG, Bhin J, Kim S, Kim H, Jung JH, Jung Y, Jang
YE, Park JM, Kim H, Jung Y, Lee H, Bae J, Back S, et
al. Proteogenomic Characterization of Human Early-Onset
Gastric Cancer. Cancer Cell. 2019; 35:111-24.¢e10. https:/
doi.org/10.1016/j.ccell.2018.12.003. [PubMed]

Petralia F, Tignor N, Reva B, Koptyra M, Chowdhury S,
Rykunov D, Krek A, Ma W, Zhu Y, Ji J, Calinawan A,
Whiteaker JR, Colaprico A, et al. Integrated Proteogenomic

Characterization across Major Histological Types of
Pediatric Brain Cancer. Cell. 2020; 183:1962-85.¢31.
https://doi.org/10.1016/j.cell.2020.10.044. [PubMed]

Dou Y, Kawaler EA, Cui Zhou D, Gritsenko MA, Huang
C, Blumenberg L, Karpova A, Petyuk VA, Savage SR,
Satpathy S, Liu W, Wu Y, Tsai CF, et al. Proteogenomic
Characterization of Endometrial Carcinoma. Cell. 2020;
180:729-48.€26. https://doi.org/10.1016/j.cell.2020.01.026.
[PubMed]

Cerami E, Gao J, Dogrusoz U, Gross BE, Sumer SO, Aksoy
BA, Jacobsen A, Byrne CJ, Heuer ML, Larsson E, Antipin
Y, Reva B, Goldberg AP, et al. The cBio cancer genomics

portal: an open platform for exploring multidimensional
cancer genomics data. Cancer Discov. 2012; 2:401-4.
https://doi.org/10.1158/2159-8290.CD-12-0095. [PubMed]

Wu P, Heins ZJ, Muller JT, Katsnelson L, de Bruijn I,
Abeshouse AA, Schultz N, Feny6 D, Gao J. Integration
and Analysis of CPTAC Proteomics Data in the Context of
Cancer Genomics in the cBioPortal. Mol Cell Proteomics.
2019; 18:1893-98. https://doi.org/10.1074/mcp.
TIR119.001673. [PubMed]

Creighton CJ. Making Use of Cancer Genomic Databases.
Curr Protoc Mol Biol. 2018; 121:19.14.1-13. https://doi.
0rg/10.1002/cpmb.49. [PubMed]

Mirabelli P, Coppola L, Salvatore M. Cancer Cell Lines
Are Useful Model Systems for Medical Research.
Cancers (Basel). 2019; 11:1098. https://doi.org/10.3390/
cancers11081098. [PubMed]

Garnett MJ, McDermott U. The evolving role of cancer cell

line-based screens to define the impact of cancer genomes
on drug response. Curr Opin Genet Dev. 2014; 24:114-19.
https://doi.org/10.1016/j.gde.2013.12.002. [PubMed]

30.

31.

32.

33.

34.

35.

36.

37.

38.

Ghandi M, Huang FW, Jané-Valbuena J, Kryukov GV,
Lo CC, McDonald ER 3rd, Barretina J, Gelfand ET,
Bielski CM, Li H, Hu K, Andreev-Drakhlin AY, Kim J,
et al. Next-generation characterization of the Cancer Cell
Line Encyclopedia. Nature. 2019; 569:503—8. https://doi.
org/10.1038/s41586-019-1186-3. [PubMed]

Barretina J, Caponigro G, Stransky N, Venkatesan K,
Margolin AA, Kim S, Wilson CJ, Lehar J, Kryukov GV,
Sonkin D, Reddy A, Liu M, Murray L, et al. The Cancer
Cell Line Encyclopedia enables predictive modelling of
anticancer drug sensitivity. Nature. 2012; 483:603-7.
https://doi.org/10.1038/nature11003. [PubMed]

Iorio F, Knijnenburg TA, Vis DJ, Bignell GR, Menden MP,
Schubert M, Aben N, Gongalves E, Barthorpe S, Lightfoot
H, Cokelaer T, Greninger P, van Dyk E, et al. A Landscape
of Pharmacogenomic Interactions in Cancer. Cell. 2016;
166:740-54. https://doi.org/10.1016/j.cell.2016.06.017.
[PubMed]

Garnett MJ, Edelman EJ, Heidorn SJ, Greenman CD, Dastur
A, Lau KW, Greninger P, Thompson IR, Luo X, Soares J,
Liu Q, Iorio F, Surdez D, et al. Systematic identification of
genomic markers of drug sensitivity in cancer cells. Nature.
2012; 483:570-75. https://doi.org/10.1038/nature11005.
[PubMed]

Sun H, Cao S, Mashl RJ, Mo CK, Zaccaria S, Wendl
MC, Davies SR, Bailey MH, Primeau TM, Hoog J,
Mudd JL, Dean DA 2nd, Patidar R, et al. Comprehensive
characterization of 536 patient-derived xenograft models

prioritizes candidatesfor targeted treatment. Nat Commun.
2021; 12:5086. https://doi.org/10.1038/s41467-021-25177-
3. [PubMed]. Erratum in: Nat Commun. 2022; 13:294.
https://doi.org/10.1038/s41467-021-27678-7. [PubMed]

Huang KL, Li S, Mertins P, Cao S, Gunawardena HP,
Ruggles KV, Mani DR, Clauser KR, Tanioka M, Usary J,
Kavuri SM, Xie L, Yoon C, et al. Proteogenomic integration

reveals therapeutic targets in breast cancer xenografts.
Nat Commun. 2017; 8:14864. https://doi.org/10.1038/
ncomms14864. [PubMed]

Nusinow DP, Szpyt J, Ghandi M, Rose CM, McDonald ER
3rd, Kalocsay M, Jané-Valbuena J, Gelfand E, Schweppe
DK, Jedrychowski M, Golji J, Porter DA, Rejtar T,
et al. Quantitative Proteomics of the Cancer Cell Line
Encyclopedia. Cell. 2020; 180:387-402.e16. https://doi.
org/10.1016/j.cell.2019.12.023. [PubMed]

Gongalves E, Poulos RC, Cai Z, Barthorpe S, Manda SS,
Lucas N, Beck A, Bucio-Noble D, Dausmann M, Hall C,
Hecker M, Koh J, Lightfoot H, et al. Pan-cancer proteomic
map of 949 human cell lines. Cancer Cell. 2022; 40:835-49.
8. https://doi.org/10.1016/j.ccell.2022.06.010. [PubMed]

Dempster JM, Boyle I, Vazquez F, Root DE, Boehm JS,
Hahn WC, Tsherniak A, McFarland JM. Chronos: a cell
population dynamics model of CRISPR experiments that

improves inference of gene fitness effects. Genome Biol.
2021; 22:343. https://doi.org/10.1186/s13059-021-02540-7.
[PubMed]

www.oncotarget.com

410

Oncotarget


https://doi.org/10.1016/j.neo.2022.01.001
https://pubmed.ncbi.nlm.nih.gov/35078134
https://doi.org/10.1016/j.ccell.2019.02.005
https://pubmed.ncbi.nlm.nih.gov/30889379
https://doi.org/10.1016/j.cell.2019.08.052
https://pubmed.ncbi.nlm.nih.gov/31585088
https://doi.org/10.1016/j.ccell.2018.12.003
https://doi.org/10.1016/j.ccell.2018.12.003
https://pubmed.ncbi.nlm.nih.gov/30645970
https://doi.org/10.1016/j.cell.2020.10.044
https://pubmed.ncbi.nlm.nih.gov/33242424
https://doi.org/10.1016/j.cell.2020.01.026
https://pubmed.ncbi.nlm.nih.gov/32059776
https://doi.org/10.1158/2159-8290.CD-12-0095
https://pubmed.ncbi.nlm.nih.gov/22588877
https://doi.org/10.1074/mcp.TIR119.001673
https://doi.org/10.1074/mcp.TIR119.001673
https://pubmed.ncbi.nlm.nih.gov/31308250
https://doi.org/10.1002/cpmb.49
https://doi.org/10.1002/cpmb.49
https://pubmed.ncbi.nlm.nih.gov/29337373
https://doi.org/10.3390/cancers11081098
https://doi.org/10.3390/cancers11081098
https://pubmed.ncbi.nlm.nih.gov/31374935
https://doi.org/10.1016/j.gde.2013.12.002
https://pubmed.ncbi.nlm.nih.gov/24607840
https://doi.org/10.1038/s41586-019-1186-3
https://doi.org/10.1038/s41586-019-1186-3
https://pubmed.ncbi.nlm.nih.gov/31068700
https://doi.org/10.1038/nature11003
https://pubmed.ncbi.nlm.nih.gov/22460905
https://doi.org/10.1016/j.cell.2016.06.017
https://pubmed.ncbi.nlm.nih.gov/27397505
https://doi.org/10.1038/nature11005
https://pubmed.ncbi.nlm.nih.gov/22460902
https://doi.org/10.1038/s41467-021-25177-3
https://doi.org/10.1038/s41467-021-25177-3
https://pubmed.ncbi.nlm.nih.gov/34429404
https://doi.org/10.1038/s41467-021-27678-7
https://pubmed.ncbi.nlm.nih.gov/34996889
https://doi.org/10.1038/ncomms14864
https://doi.org/10.1038/ncomms14864
https://pubmed.ncbi.nlm.nih.gov/28348404
https://doi.org/10.1016/j.cell.2019.12.023
https://doi.org/10.1016/j.cell.2019.12.023
https://pubmed.ncbi.nlm.nih.gov/31978347
https://doi.org/10.1016/j.ccell.2022.06.010
https://pubmed.ncbi.nlm.nih.gov/35839778
https://doi.org/10.1186/s13059-021-02540-7
https://pubmed.ncbi.nlm.nih.gov/34930405

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

Tsherniak A, Vazquez F, Montgomery PG, Weir BA,
Kryukov G, Cowley GS, Gill S, Harrington WF, Pantel
S, Krill-Burger JM, Meyers RM, Ali L, Goodale A,
et al. Defining a Cancer Dependency Map. Cell. 2017;
170:564-76.e16. https://doi.org/10.1016/j.cell.2017.06.010.
[PubMed]

Weinstein IB, Joe A. Oncogene addiction. Cancer Res.
2008; 68:3077-80. https://doi.org/10.1158/0008-5472.
CAN-07-3293. [PubMed]

Orlando E, Acbersold DM, Medova M, Zimmer Y.
Oncogene addiction as a foundation of targeted cancer

therapy: The paradigm of the MET receptor tyrosine kinase.
Cancer Lett. 2019; 443:189-202. https://doi.org/10.1016/].
canlet.2018.12.001. [PubMed]

Francies HE, McDermott U, Garnett MJ. Genomics-guided
pre-clinical development of cancer therapies. Nat Cancer.
2020; 1:482-92. https://doi.org/10.1038/s43018-020-
0067-x. [PubMed]

Creighton CJ. Widespread molecular patterns associated

with drug sensitivity in breast cancer cell lines, with
implications for human tumors. PLoS One. 2013; 8:¢71158.
https://doi.org/10.1371/journal.pone.0071158. [PubMed]

Storey JD, Tibshirani R. Statistical significance for
genomewide studies. Proc Natl Acad Sci U S A. 2003;
100:9440-45. https://doi.org/10.1073/pnas.1530509100.
[PubMed]

Atrafi F, Boix O, Subbiah V, Diamond JR, Chawla SP,
Tolcher AW, LoRusso PM, Eder JP, Gutierrez M, Sankhala
K, Rajagopalan P, Genvresse I, Langer S, et al. A Phase |
Study of an MPS1 Inhibitor (BAY 1217389) in Combination
with Paclitaxel Using a Novel Randomized Continual
Reassessment Method for Dose Escalation. Clin Cancer
Res. 2021; 27:6366-75. https://doi.org/10.1158/1078-0432.
CCR-20-4185. [PubMed]

Schulze VK, Klar U, Kosemund D, Wengner AM,
Siemeister G, Stockigt D, Neuhaus R, Lienau P, Bader B,
Prechtl S, Holton SJ, Briem H, Marquardt T, et al. Treating
Cancer by Spindle Assembly Checkpoint Abrogation:
Discovery of Two Clinical Candidates, BAY 1161909
and BAY 1217389, Targeting MPS1 Kinase. J Med
Chem. 2020; 63:8025-42. https://doi.org/10.1021/acs.
jmedchem.9b02035. [PubMed]

Yu Z, Ku AF, Anglin JL, Sharma R, Ucisik MN, Faver JC,
Li F, Nyshadham P, Simmons N, Sharma KL, Nagarajan
S, Riehle K, Kaur G, et al. Discovery and characterization
of bromodomain 2-specific inhibitors of BRDT. Proc Natl
Acad Sci U S A. 2021; 118:€2021102118. https://doi.
org/10.1073/pnas.2021102118. [PubMed]

Dawadi S, Simmons N, Miklossy G, Bohren KM, Faver JC,
Ucisik MN, Nyshadham P, Yu Z, Matzuk MM. Discovery of
potent thrombin inhibitors from a protease-focused DNA-
encoded chemical library. Proc Natl Acad Sci U S A. 2020;
117:16782-89. https://doi.org/10.1073/pnas.2005447117.
[PubMed]

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Taylor DM, Anglin J, Park S, Ucisik MN, Faver JC,
Simmons N, Jin Z, Palaniappan M, Nyshadham P, Li
F, Campbell J, Hu L, Sankaran B, et al. Identifying
Oxacillinase-48 Carbapenemase Inhibitors Using DNA-
Encoded Chemical Libraries. ACS Infect Dis. 2020;
6:1214-27. https://doi.org/10.1021/acsinfecdis.0c00015.
[PubMed]

Modukuri RK, Monsivais D, Li F, Palaniappan M, Bohren
KM, Tan Z, Ku AF, Wang Y, Madasu C, Li JY, Tang
S, Miklossy G, Palmer SS, et al. Discovery of Highly
Potent and BMPR2-Selective Kinase Inhibitors Using
DNA-Encoded Chemical Library Screening. J Med
Chem. 2023; 66:2143—60. https://doi.org/10.1021/acs.
jmedchem.2¢c01886. [PubMed]

Ottl J, Leder L, Schaefer JV, Dumelin CE. Encoded Library
Technologies as Integrated Lead Finding Platforms for
Drug Discovery. Molecules. 2019; 24:1629. https://doi.
org/10.3390/molecules24081629. [PubMed]

Goodnow RA Jr, Dumelin CE, Keefe AD. DNA-encoded
chemistry: enabling the deeper sampling of chemical
space. Nat Rev Drug Discov. 2017; 16:131-47. https://doi.
org/10.1038/nrd.2016.213. [PubMed]

Creighton CJ, Fountain MD, Yu Z, Nagaraja AK, Zhu
H, Khan M, Olokpa E, Zariff A, Gunaratne PH, Matzuk
MM, Anderson ML. Molecular profiling uncovers a
p53-associated role for microRNA-31 in inhibiting the
proliferation of serous ovarian carcinomas and other
cancers. Cancer Res. 2010; 70:1906—15. https://doi.
org/10.1158/0008-5472.CAN-09-3875. [PubMed]

Tomlins SA, Mehra R, Rhodes DR, Cao X, Wang L,
Dhanasekaran SM, Kalyana-Sundaram S, Wei JT, Rubin MA,
Pienta KJ, Shah RB, Chinnaiyan AM. Integrative molecular
concept modeling of prostate cancer progression. Nat Genet.
2007; 39:41-51. https://doi.org/10.1038/ng1935. [PubMed]

Creighton CJ, Hernandez-Herrera A, Jacobsen A, Levine
DA, Mankoo P, Schultz N, Du Y, Zhang Y, Larsson E,
Sheridan R, Xiao W, Spellman PT, Getz G, et al. Integrated
analyses of microRNAs demonstrate their widespread

influence on gene expression in high-grade serous ovarian
carcinoma. PLoS One. 2012; 7:¢34546. https:/doi.
org/10.1371/journal.pone.0034546. [PubMed]

Nagaraja AK, Creighton CJ, Yu Z, Zhu H, Gunaratne PH,
Reid JG, Olokpa E, Itamochi H, Ueno NT, Hawkins SM,
Anderson ML, Matzuk MM. A link between mir-100 and
FRAP1/mTOR in clear cell ovarian cancer. Mol Endocrinol.
2010; 24:447-63. https://doi.org/10.1210/me.2009-0295.
[PubMed]

Guo H, Ingolia NT, Weissman JS, Bartel DP. Mammalian
microRNAs predominantly act to decrease target mRNA
levels. Nature. 2010; 466:835-40. https://doi.org/10.1038/
nature09267. [PubMed]

Grzeskowiak CL, Kundu ST, Mo X, Ivanov AA, Zagorodna
O, Lu H, Chapple RH, Tsang YH, Moreno D, Mosqueda M,
Eterovic K, Fradette JJ, Ahmad S, et al. In vivo screening

www.oncotarget.com

411

Oncotarget


https://doi.org/10.1016/j.cell.2017.06.010
https://pubmed.ncbi.nlm.nih.gov/28753430
https://doi.org/10.1158/0008-5472.CAN-07-3293
https://doi.org/10.1158/0008-5472.CAN-07-3293
https://pubmed.ncbi.nlm.nih.gov/18451130
https://doi.org/10.1016/j.canlet.2018.12.001
https://doi.org/10.1016/j.canlet.2018.12.001
https://pubmed.ncbi.nlm.nih.gov/30550851
https://doi.org/10.1038/s43018-020-0067-x
https://doi.org/10.1038/s43018-020-0067-x
https://pubmed.ncbi.nlm.nih.gov/35121986
https://doi.org/10.1371/journal.pone.0071158
https://pubmed.ncbi.nlm.nih.gov/24386073
https://doi.org/10.1073/pnas.1530509100
https://pubmed.ncbi.nlm.nih.gov/12883005
https://doi.org/10.1158/1078-0432.CCR-20-4185
https://doi.org/10.1158/1078-0432.CCR-20-4185
https://pubmed.ncbi.nlm.nih.gov/34518310
https://doi.org/10.1021/acs.jmedchem.9b02035
https://doi.org/10.1021/acs.jmedchem.9b02035
https://pubmed.ncbi.nlm.nih.gov/32338514
https://doi.org/10.1073/pnas.2021102118
https://doi.org/10.1073/pnas.2021102118
https://pubmed.ncbi.nlm.nih.gov/33637650
https://doi.org/10.1073/pnas.2005447117
https://pubmed.ncbi.nlm.nih.gov/32641511
https://doi.org/10.1021/acsinfecdis.0c00015
https://pubmed.ncbi.nlm.nih.gov/32182432
https://doi.org/10.1021/acs.jmedchem.2c01886
https://doi.org/10.1021/acs.jmedchem.2c01886
https://pubmed.ncbi.nlm.nih.gov/36719862
https://doi.org/10.3390/molecules24081629
https://doi.org/10.3390/molecules24081629
https://pubmed.ncbi.nlm.nih.gov/31027189
https://doi.org/10.1038/nrd.2016.213
https://doi.org/10.1038/nrd.2016.213
https://pubmed.ncbi.nlm.nih.gov/27932801
https://doi.org/10.1158/0008-5472.CAN-09-3875
https://doi.org/10.1158/0008-5472.CAN-09-3875
https://pubmed.ncbi.nlm.nih.gov/20179198
https://doi.org/10.1038/ng1935
https://pubmed.ncbi.nlm.nih.gov/17173048
https://doi.org/10.1371/journal.pone.0034546
https://doi.org/10.1371/journal.pone.0034546
https://pubmed.ncbi.nlm.nih.gov/22479643
https://doi.org/10.1210/me.2009-0295
https://pubmed.ncbi.nlm.nih.gov/20081105
https://doi.org/10.1038/nature09267
https://doi.org/10.1038/nature09267
https://pubmed.ncbi.nlm.nih.gov/20703300

59.

60.

61.

62.

63.

64.

65.

identifies GATAD2B as a metastasis driver in KRAS-
driven lung cancer. Nat Commun. 2018; 9:2732. https://doi.
org/10.1038/s41467-018-04572-3. [PubMed]

Kundu ST, Grzeskowiak CL, Fradette JJ, Gibson LA,
Rodriguez LB, Creighton CJ, Scott KL, Gibbons DL.
TMEMI106B drives lung cancer metastasis by inducing
TFEB-dependent lysosome synthesis and secretion of
cathepsins. Nat Commun. 2018; 9:2731. https:/doi.
0rg/10.1038/s41467-018-05013-x. [PubMed]

Bajaj R, Kundu ST, Grzeskowiak CL, Fradette JJ, Scott
KL, Creighton CJ, Gibbons DL. IMPAD1 and KDELR2
drive invasion and metastasis by enhancing Golgi-mediated
secretion. Oncogene. 2020; 39:5979-94. https://doi.
org/10.1038/s41388-020-01410-z. [PubMed]

Gibbons DL, Lin W, Creighton CJ, Rizvi ZH, Gregory PA,
Goodall GJ, Thilaganathan N, Du L, Zhang Y, Pertsemlidis
A, Kurie JM. Contextual extracellular cues promote tumor

cell EMT and metastasis by regulating miR-200 family
expression. Genes Dev. 2009; 23:2140-51. https:/doi.
org/10.1101/gad.1820209. [PubMed]

Tan X, Banerjee P, Pham EA, Rutaganira FUN, Basu K,
Bota-Rabassedas N, Guo HF, Grzeskowiak CL, Liu X,
Yu J, Shi L, Peng DH, Rodriguez BL, et al. PI4KIIIf is
a therapeutic target in chromosome 1qg-amplified lung
adenocarcinoma. Sci Transl Med. 2020; 12:eaax3772.
https://doi.org/10.1126/scitranslmed.aax3772. [PubMed]

Agarwal S, Chakravarthi BVS, Kim HG, Gupta N, Hale
K, Balasubramanya SAH, Oliver PG, Thomas DG, Eltoum
IA, Buchsbaum DJ, Manne U, Varambally S. PAICS, a
De Novo Purine Biosynthetic Enzyme, Is Overexpressed

in Pancreatic Cancer and Is Involved in Its Progression.
Transl Oncol. 2020; 13:100776. https://doi.org/10.1016/].
tranon.2020.100776. [PubMed]

Agarwal S, Chakravarthi BVS, Behring M, Kim HG,
Chandrashekar DS, Gupta N, Bajpai P, Elkholy A,
Balasubramanya SAH, Hardy C, Diffalha SA, Varambally
S, Manne U. PAICS, a Purine Nucleotide Metabolic
Enzyme, is Involved in Tumor Growth and the Metastasis
of Colorectal Cancer. Cancers (Basel). 2020; 12:772.
https://doi.org/10.3390/cancers12040772. [PubMed]

Chakravarthi BVS, Rodriguez Pena MDC, Agarwal
S, Chandrashekar DS, Hodigere Balasubramanya SA,

66.

67.

68.

69.

70.

71.

Jabboure FJ, Matoso A, Bivalacqua TJ, Rezaei K, Chaux
A, Grizzle WE, Sonpavde G, Gordetsky J, et al. A Role
for De Novo Purine Metabolic Enzyme PAICS in Bladder
Cancer Progression. Neoplasia. 2018; 20:894-904. https://
doi.org/10.1016/1.n€0.2018.07.006. [PubMed]

Chakravarthi BVS, Goswami MT, Pathi SS, Dodson
M, Chandrashekar DS, Agarwal S, Nepal S, Hodigere
Balasubramanya SA, Siddiqui J, Lonigro RJ, Chinnaiyan
AM, Kunju LP, Palanisamy N, Varambally S. Expression
and role of PAICS, a de novo purine biosynthetic gene
in prostate cancer. Prostate. 2018; 78:693-94. https://doi.
org/10.1002/pros.23533. [PubMed]

Agarwal S, Behring M, Hale K, Al Diffalha S, Wang K,
Manne U, Varambally S. MTHFDIL, A Folate Cycle
Enzyme, Is Involved in Progression of Colorectal Cancer.
Transl Oncol. 2019; 12:1461-67. https://doi.org/10.1016/].
tranon.2019.07.011. [PubMed]

Chandrashekar DS, Chakravarthi BVS, Robinson AD,
Anderson JC, Agarwal S, Balasubramanya SAH, Eich
ML, Bajpai AK, Davuluri S, Guru MS, Guru AS, Naik G,
Della Manna DL, et al. Therapeutically actionable PAK4 is
amplified, overexpressed, and involved in bladder cancer
progression. Oncogene. 2020; 39:4077-91. https:/doi.
org/10.1038/s41388-020-1275-7. [PubMed]

Robinson AD, Chakravarthi BVS, Agarwal S,
Chandrashekar DS, Davenport ML, Chen G, Manne U,
Beer DG, Edmonds MD, Varambally S. Collagen modifying
enzyme P4HAI is overexpressed and plays a role in lung
adenocarcinoma. Transl Oncol. 2021; 14:101128. https:/
doi.org/10.1016/j.tranon.2021.101128. [PubMed]

Chakravarthi BVS, Chandrashekar DS, Hodigere
Balasubramanya SA, Robinson AD, Carskadon S, Rao U,
Gordetsky J, Manne U, Netto GJ, Sudarshan S, Palanisamy
N, Varambally S. Wnt receptor Frizzled 8 is a target of ERG
in prostate cancer. Prostate. 2018; 78:1311-20. https://doi.
org/10.1002/pros.23704. [PubMed]

Chen G, Gharib TG, Huang CC, Taylor JM, Misek DE,
Kardia SL, Giordano TJ, Iannettoni MD, Orringer MB,
Hanash SM, Beer DG. Discordant protein and mRNA
expression in lung adenocarcinomas. Mol Cell Proteomics.
2002; 1:304-13. https://doi.org/10.1074/mcp.m200008-
mcp200. [PubMed]

www.oncotarget.com

412

Oncotarget


https://doi.org/10.1038/s41467-018-04572-3
https://doi.org/10.1038/s41467-018-04572-3
https://pubmed.ncbi.nlm.nih.gov/30013058
https://doi.org/10.1038/s41467-018-05013-x
https://doi.org/10.1038/s41467-018-05013-x
https://pubmed.ncbi.nlm.nih.gov/30013069
https://doi.org/10.1038/s41388-020-01410-z
https://doi.org/10.1038/s41388-020-01410-z
https://pubmed.ncbi.nlm.nih.gov/32753652
https://doi.org/10.1101/gad.1820209
https://doi.org/10.1101/gad.1820209
https://pubmed.ncbi.nlm.nih.gov/19759262
https://doi.org/10.1126/scitranslmed.aax3772
https://pubmed.ncbi.nlm.nih.gov/31969487
https://doi.org/10.1016/j.tranon.2020.100776
https://doi.org/10.1016/j.tranon.2020.100776
https://pubmed.ncbi.nlm.nih.gov/32422575
https://doi.org/10.3390/cancers12040772
https://pubmed.ncbi.nlm.nih.gov/32218208
https://doi.org/10.1016/j.neo.2018.07.006
https://doi.org/10.1016/j.neo.2018.07.006
https://pubmed.ncbi.nlm.nih.gov/30121007
https://doi.org/10.1002/pros.23533
https://doi.org/10.1002/pros.23533
https://pubmed.ncbi.nlm.nih.gov/29744932
https://doi.org/10.1016/j.tranon.2019.07.011
https://doi.org/10.1016/j.tranon.2019.07.011
https://pubmed.ncbi.nlm.nih.gov/31421459
https://doi.org/10.1038/s41388-020-1275-7
https://doi.org/10.1038/s41388-020-1275-7
https://pubmed.ncbi.nlm.nih.gov/32231273
https://doi.org/10.1016/j.tranon.2021.101128
https://doi.org/10.1016/j.tranon.2021.101128
https://pubmed.ncbi.nlm.nih.gov/34049151
https://doi.org/10.1002/pros.23704
https://doi.org/10.1002/pros.23704
https://pubmed.ncbi.nlm.nih.gov/30051493
https://doi.org/10.1074/mcp.m200008-mcp200
https://doi.org/10.1074/mcp.m200008-mcp200
https://pubmed.ncbi.nlm.nih.gov/12096112

