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Simple Summary: Glioblastoma (GBM) remains a particularly challenging cancer, with an aggressive
phenotype and few promising treatment options. Future therapy will rely heavily on diagnosing
and targeting aggressive GBM cellular phenotypes, both before and after drug treatment, as part
of personalized therapy programs. Here, we use a genome-wide drug-induced gene expression
(DIGEX) approach to define the cellular drug response phenotypes associated with two clinical
drug candidates, the phosphodiesterase 10A inhibitor Mardepodect and the multi-kinase inhibitor
Regorafenib. We identify genes encoding specific drug targets, some of which we validate as effective
antiproliferative agents and combination therapies in human GBM cell models, including HMGCoA
reductase (HMGCR), salt-inducible kinase 1 (SIK1), bradykinin receptor subtype B2 (BDKRB2),
and Janus kinase isoform 2 (JAK2). Individual, personalized treatments will be essential if we
are to address and overcome the pharmacological plasticity that GBM exhibits, and DIGEX will
play a central role in validating future drugs, diagnostics, and possibly vaccine candidates for this
challenging cancer.

Abstract: We have used three established human glioblastoma (GBM) cell lines—U87MG, A172,
and T98G—as cellular systems to examine the plasticity of the drug-induced GBM cell phenotype,
focusing on two clinical drugs, the phosphodiesterase PDE10A inhibitor Mardepodect and the multi-
kinase inhibitor Regorafenib, using genome-wide drug-induced gene expression (DIGEX) to examine
the drug response. Both drugs upregulate genes encoding specific growth factors, transcription
factors, cellular signaling molecules, and cell surface proteins, while downregulating a broad range
of targetable cell cycle and apoptosis-associated genes. A few upregulated genes encode therapeutic
targets already addressed by FDA approved drugs, but the majority encode targets for which there
are no approved drugs. Amongst the latter, we identify many novel druggable targets that could
qualify for chemistry-led drug discovery campaigns. We also observe several highly upregulated
transmembrane proteins suitable for combined drug, immunotherapy, and RNA vaccine approaches.
DIGEX is a powerful way of visualizing the complex drug response networks emerging during GBM
drug treatment, defining a phenotypic landscape which offers many new diagnostic and therapeutic
opportunities. Nevertheless, the extreme heterogeneity we observe within drug-treated cells using
this technique suggests that effective pan-GBM drug treatment will remain a significant challenge for
many years to come.

Keywords: glioblastoma; drug-inducible gene expression; Mardepodect; Regorafenib; drug targets;
tumor antigens
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1. Introduction

Glioblastoma (GBM) is characterized by pronounced cellular heterogeneity, with
different glioblastoma cell lineages presumed to emanate from glioma stem cells (GSCs)
within the same patient tumor [1]. GSCs often retain neural differentiation characteristics,
although they do not terminally differentiate [2]. Transcriptomics studies have previously
identified gene expression signatures that correlate with patient survival [3]. Using single-
cell RNA sequencing, individual tumor cells can be positioned within a spectrum spanning
proneural to mesenchymal cell types, with the mesenchymal phenotype correlating with
significantly poorer patient survival [4]. Moreover, tumor-initiation studies with cell surface
marker-enriched GBM populations, xenografted into immunodeficient mouse models,
show that these cells retain their capability to re-form the full spectrum of proneural to
mesenchymal phenotypes observed in the original patient tumors [5], emphasizing the
phenotypic plasticity and stem-like characteristics of GBM tumor cells.

At a genetic level, attention has centered on the ‘driver’ mutations implicated in
the development of GBM and other cancers, confirmed by sequencing at the single-cell
level [6]. Nevertheless, despite an increasing understanding of the molecular evolution of
such tumors, and the development of powerful new approaches such as immunotherapy
to target them, GBM clinical outcomes remain poor [7]. New drug and vaccine targets
which translate into effective therapies are urgently required.

One of the hallmarks of GBM is its extreme resistance to growth inhibition by tradi-
tional anti-proliferative drugs as monotherapies, such as EGFR inhibitors [8]. To address
this challenge, several novel GBM treatment modalities, such as combination drug ther-
apy [9], immunotherapy [10], and adjuvant-enabled CAR-T cell therapy [11] are being
developed. Work in other cancers has highlighted the importance of phenotypic plasticity
in cancer initiation, progression, and resistance to therapy [12], and progress in GBM
treatment is likely to mirror that in other cancers, such as multiple myeloma and melanoma
where phenotyping is central to therapy selection [13,14].

The last decade has seen a resurgence in phenotypic screening, largely due to the
realization that sifting through the thousands of potential therapeutic targets delivered from
genomics, one by one, is both time-consuming and expensive [15,16]. Building oncology
drug discovery campaigns on mechanistically validated chemical compounds and relevant
phenotypic screens is now an established route to accelerated drug discovery [17,18].
Moreover, rapidly repositioning existing drugs for use in GBM could provide radically
new and effective GBM pipelines [19].

Drug-focused chemical biology has one further big advantage—it provides insights
into the quality of drug candidates on their way to drug development. The genome-wide
drug induced gene expression (DIGEX) techniques employed here provide a formidable
platform for comparing drug action, using thousands of ‘reporter’ gene expression data
points to tease apart drug properties. The approach can also provide new insights into
the dynamics of the drug response, a feature that could prove invaluable in an adaptive
clinical trial setting.

Previous work from our laboratory has used genome-wide DIGEX to define the GBM
cell phenotype and its modulation by drugs. In that work, we focused on the proto-
typic PI3K growth inhibitor LY-294002 and the natural product Fucoxanthin as chemical
probes [20]. In the current study, we extend these detailed observations to a suite of three
well-characterized GBM cell lines—U87MG, A172, and T98G—and two further growth
inhibitory drugs in the clinic, the phosphodiesterase 10A (PDE10A) inhibitor Mardepodect
(PF-02545920) and the multi-protein kinase inhibitor Regorafenib (Stivarga, BAY 73-4506).

Mardepodect is a CNS penetrant PDE10A inhibitor [21,22], developed by Pfizer
initially for schizophrenia [23] and later repositioned for Huntington’s Chorea within the
AMARYLLIS clinical trial [24]. Mardepodect is thought to increase cAMP/PKA signaling
in medium spiny neurons of the human striatum, which in turn leads to potentiation of
dopamine D1 receptor signaling with concomitant inhibition of dopamine D2 receptor
signaling. However, although safe and well tolerated, and capable of crossing the blood–
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brain barrier, Mardepodect failed to achieve satisfactory therapeutic endpoints in either
schizophrenia or Huntington’s chorea. Here, we show that Mardepodect potently inhibits
the growth and proliferation of GBM cells, raising the new possibility of its repositioning
in GBM.

Regorafenib was originally approved for patients with treatment-refractory metastatic
colorectal cancer as an adjunct to sorafenib treatment [25]. Regorafenib has a radically
different molecular mode of action to that of Mardepodect, promiscuously targeting many
protein kinases including VEGFR-1, -2, -3, TIE 2, PDGFR, FGFR, KIT, RAF-1, RET, and
BRAF [26]. Regorafenib has already been evaluated for its effects on GBM within the
REGOMA clinical trial [27] and is currently a component of the ongoing GBM AGILE
adaptive clinical trial [28].

Although to date no drug, including Regorafenib, has provided effective therapy for
GBM, it is still important to define the GBM cell response to every FDA approved drug
showing promise in GBM, since such drugs are valuable assets and may elicit responses that
can be exploited in new ways, perhaps in combination therapy or phenotypic modulation.

Thus, in this study, we reposition the schizophrenia drug Mardepodect as a possible
antiproliferative candidate in GBM. Using DIGEX we compare the effects of Mardepodect
to those of Regorafenib, a drug already in clinical trials for GBM.

We chose to study Mardepodect and Regorafenib not only because the two drugs are
clinical candidates, but also because they cover highly complementary pharmacological
space and, in combination, might synergize in providing a novel way to address the
pronounced drug resistance which characterizes GBM.

Previously, we have used a range of pharmacological probes, including PDE inhibitors,
to show that raised cAMP levels are associated with growth inhibition in rat C6 glioma
cells [29]. Here, we focus on human PDE10A, a dual specificity cyclic nucleotide phos-
phodiesterase that is expressed in GBM but has not previously been studied as a potential
therapeutic target. Using DIGEX, we compare and contrast the transcription phenotypes
accompanying growth inhibition by the PDE inhibitor Mardepodect with those of the
kinase inhibitor Regorafenib, reasoning that this information might enable us to design
new combination therapies targeting these two anti-proliferative signaling pathways.

2. Materials and Methods
2.1. Cells Used in This Study

Cell proliferation experiments were carried out in the well characterized established
GBM cell lines U87MG, A172, and T98G. The human glioblastoma astrocytoma cell lines
U87MG (ECACC 89081402) and A172 (ECACC 88062428) were obtained from the European
Collection of Authenticated Cell Cultures. The T98G cell line was obtained from the Amer-
ican Type Culture Collection (ATCC® CRL1690™, Manassas, VA, USA). The mutational
landscapes of all three cell lines have been archived within Expasy (www.expasy.org/
cellosaurus accessed on 15 November 2020) as U-87MG ATCC (RRID:CVCL_0022), A-172
(RRID:CVCL_0131), and T98G (RRID:CVCL_0556).

All cell lines were maintained in Dulbecco’s modified Eagle’s medium: Nutrient
Mixture F-12 (DMEM/F12, Gibco, ThermoFisher, Loughborough, UK) supplemented with
10% fetal bovine serum (FBS, Sigma, Dorset, UK) and 5% antibiotic antimycotic solution
(10,000 units of penicillin, 10 mg streptomycin, and 25 µg/mL amphotericin B, Sigma,
Dorset, UK) at 37 ◦C in humidified atmospheres of 95% air and 5% CO2.

2.2. Compounds Used in This Study

The compounds LY-294002, Regorafenib, Mardepodect (PF-02545920), Atorvastatin,
and Simvastatin were purchased from Sigma UK. AZD1480 and Ruxolitinib were purchased
from Selleckchem (München, Germany). HG-9-91-01 and Icatibant were purchased from
MedChemExpress (Insight Biotechnology Limited, Wembley, Middlesex, UK). WH-4-
023 and WIN 64338 were purchased from Tocris (Bio-techne Ltd., Abingdon, UK). Stock
solutions of all compounds, except Icatibant, were prepared in dimethyl sulfoxide (DMSO)

www.expasy.org/cellosaurus
www.expasy.org/cellosaurus
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before addition to culture medium for testing. Stock solutions of Icatibant were prepared
in water.

2.3. Proliferation Assay

Inhibition of proliferation by compounds in the three glioblastoma cell lines was
determined using the Cell Counting Kit-8 (CCK-8) assay (Sigma, UK), as described previ-
ously [20].

2.4. Drug Combination Assays and Their Analysis

To study the effects of combined treatments with Mardepodect, Regorafenib, LY-
294002, and Fucoxanthin with inhibitors of JAK2 kinase, SIK1, and HMGCoA reductase,
proliferation assays were performed, followed by an analysis of the observed combination
effects with the additive Loewe synergy effect as a baseline model, using Combenefit
software (version 2.021) [30] for analysis.

2.5. Microarray Analysis

Cells were seeded into T25 flasks at a density of 500,000 cells/flask and allowed to
adhere and grow for 24 h. The culture medium was removed, and fresh medium containing
test compound in 1% DMSO at the previously determined 72 h IC50 concentration was
added to each flask. Control cells were treated with medium containing 1% DMSO alone.
All experiments were performed in triplicate. The cells were visualized during culture
using the EVOS Cell Imaging System (Thermo Fisher Scientific, UK).

After 24 h of treatment, the cells were trypsinized and total RNA was isolated using
the RNeasy Mini kit (Qiagen, Manchester, UK) as described previously [20]. Expression
analysis was performed on a Clariom S Human Array (Thermo Fisher Scientific, catalog
number 902926) using a fixed number of probes per transcript and probe sets compris-
ing a subset of 10 probes per gene, yielding >20,000 annotated genes, as documented
by the NetAffx Analysis Center (www.affymetrix.com/analysis/netaffx/, accessed on
3 November 2020).

The raw data from all samples, in triplicate, were normalized taking average signal
intensities, and an expression matrix was created by applying the Robust Multi-array
Average (RMA) algorithm as a multi-chip model [31]. The control housekeeping gene
intron/exon separation area under the receiving operating curve value threshold was
selected as 0.8, ensuring high quality in all samples. Finally, the Clariom S chip probe sets
were mapped to their Entrez IDs, resulting in a list of 18,316 identifiable protein-coding
genes after exclusion of duplicate and non-coding gene sequence signals.

Specific genes were analyzed and annotated using the UniProt (www.uniprot.org
accessed on 4 November 2020), Entrez (www.ncbi.nlm.nih.gov/gene accessed on 4 Novem-
ber 2020), and Gene Ontology (www.geneontology.org/ accessed on 5 November 2020)
databases, together allowing identification of the putative function of particular genes,
as well as the pathways in which they have been observed previously. In the analyses
reported, UniProt protein entries are denoted in block capitals with NCBI Gene entries in
italics. The Pharos database (www.pharos.nih.gov accessed on 9 June 2020) was used to
identify potential drug targets based on their inherent druggability [32]. Color coding of
these genes in the accompanying tables is based on the system used by the University of
New Mexico (http://juniper.health.unm.edu/tcrd/ accessed on 9 June 2020). Principle
component analysis (PCA) was used to study the reproducibility of gene expression among
the different drug treatments. Reactome pathway analysis (https://www.reactome.org
accessed on 3 June 2020) and gene network analysis (www.genenetwork.nl accessed on
4 January 2021) were also conducted, focusing on the 200 genes with most elevated, or
lowered gene expression levels, and their subsets.

www.affymetrix.com/analysis/netaffx/
www.uniprot.org
www.ncbi.nlm.nih.gov/gene
www.geneontology.org/
www.pharos.nih.gov
http://juniper.health.unm.edu/tcrd/
https://www.reactome.org
www.genenetwork.nl
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3. Results
3.1. Established Cell Lines Used in These Studies

Established cell lines, while possessing lengthy passage histories, provide well charac-
terized, robust and relatively reproducible systems in which to compare drug responses,
and studies with them have provided the bulk of the information we have on drug response
in GBM. Well-adapted to large-scale tissue culture, established cell lines are also good
starting points for dissecting the underlying biochemical and pharmacological processes
governing the GBM drug response—and purifying the effectors involved. In this study, we
have used the established cell lines U87MG, A172, and T98G to investigate drug-induced
gene expression changes. All three cell lines have been completely sequenced and their
mutational landscapes defined. They are also the three most highly represented GBM cell
lines in more than 1000 studies reported in the GBM Drug Bank [33].

3.2. Compounds Used to Probe Drug-Induced Gene Expression

The primary focus of the current studies was to define the effects of the drug Marde-
podect on GBM cell transcription. Mardepodect, a Phase 3 clinical candidate developed by
Pfizer as PF-02545920 for schizophrenia and more recently repositioned for Huntington’s
Disease, is a potent PDE10A inhibitor with CNS penetrant properties that may make it
suitable for repositioning in GBM.

A second objective was to compare the Mardepodect response to that of the Bayer
drug Regorafenib, approved by the FDA for colorectal carcinoma and currently in clinical
trials for GBM [27,28]. Regorafenib is a well characterized multi-kinase inhibitor [26].

In an earlier study [20], we characterized the DIGEX profiles of two additional growth
inhibitors, the chemical probe LY-294002 (another well characterized multi-kinase inhibitor),
and Fucoxanthin (a xanthophyll natural product). Here, we use the profiles of both LY-
294002 and Fucoxanthin as benchmarks against which to compare the gene expression
profiles of Mardepodect and Regorafenib.

3.3. Growth Inhibition Characteristics of the Compounds

Dose response relationships are shown for all four compounds—Mardepodect, Re-
gorafenib, LY-294002, and Fucoxanthin—in a standardized 72 h proliferation assay, using
the three human GBM cell lines—U87MG, T98G and A172—growing in serum-containing
medium (Figure 1).

Figure 1. Survival of the three human GBM cell lines U87MG, A172, and T98G, treated with (a) Mardepodect (PF-02545920);
(b) Regorafenib; (c) LY-294002; (d) Fucoxanthin. Data are presented as the mean ± standard error of the mean (SEM) (n = 6–10).
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The IC5072h determined for Mardepodect varied from 32 µM for U87MG cells, to 5 µM
for A172 cells, with T98G cells showing an intermediate IC5072h of approximately 16 µM.
In contrast, the dose–response relationships observed for Regorafenib and Fucoxanthin
were similar in all three cell lines, giving an IC5072h of approximately 10 µM.

3.4. DIGEX Profiles for the Four Treatments

Having determined the cellular IC5072h for Regorafenib, Mardepodect, LY-294002 and
Fucoxanthin, we prepared RNA samples from batches of cells treated for 24 h with these
compounds at their IC5072h concentrations, a standardized treatment protocol designed to
capture significant DIGEX information under conditions of minimal toxicity. Twenty-four-
hour dosing also mirrors a preferred clinical dosing regimen. The protocol gives highly
reproducible DIGEX results, validated by PCA analysis (Supplementary Figure S1).

3.5. Upregulated Genes Accompanying Drug Treatments in U87MG Cells

In initial experiments, we focused on the human glioblastoma cell line U87MG. Treat-
ment of U87MG cells under standardized conditions with any of the four proliferation
inhibitors—Mardepodect, Regorafenib, LY-294002, or Fucoxanthin—upregulated many
genes when compared to control cells grown under the same culture conditions but without
inhibitors. The 200 genes with the most elevated expression levels in each drug treatment
were identified and compared in a four-way Venn diagram (Figure 2). Amongst the
200 gene sets in U87MG cells, the genes partitioned between different drug treatments
were identified (Table 1).

Figure 2. Four-way Venn diagram showing an analysis of the 200 genes with most elevated expression
levels in U87MG cells treated with Mardepodect (MAR), Regorafenib (REG), LY-294002 (LY), and
Fucoxanthin (FX).

Table 1. Genes, partitioned between the drug treatments, based on sets of 200 genes with most elevated expression levels in
U87MG cells (shown in Figure 2).

Gene Group Gene Number Gene Names

Upregulated by Mardepodect,
Regorafenib, LY-294002 and Fucoxanthin 2 PNLIPRP3, FAM49A

Upregulated by Mardepodect
and Regorafenib 34

PNLIPRP3, FAM49A, PFKFB2, WDR78, GDF15, HMOX1, MSC,
TRIB3, GPNMB, ERICH2, CRYM, SLC22A15, NUPR1, LURAP1L,

ATP6V0D2, CLEC2D, GCNT3, SLIT3, IDH1, CTH, TM4SF19,
RFTN2, KCP, RPS6KA2, KIF26B, UNC5B, PLK2, PLXDC2,

FLYWCH1, THBS2, PPARGC1A, PLEKHF1, SLFN5, HECW1

Upregulated by the two multi-kinase
inhibitors Regorafenib and LY-294002 11 ADARB1, SOD2, TTLL1, RSPO3, PPIL6, GPCPD1, H1F0,

PFKFB2, WDR78, PNLIPRP3, FAM49A

Upregulated by Mardepodect only, not by
Regorafenib, LY-294002 or Fucoxanthin 116 Gene names are found in Supplementary Table S1

Upregulated by Regorafenib only, not by
Mardepodect, LY-294002 or Fucoxanthin 110 Gene names are found in Supplementary Table S1
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3.6. Interpretation of the U87MG DIGEX Signatures

All four compounds produced richly complex DIGEX signatures in transcriptomic
analyses of U87MG cells. However, relatively few genes were shared between treatments
within the Top 200 upregulated genes (Figure 2 and Table 1). Concomitantly, many el-
evated genes were seen that were restricted to each treatment. These are documented
in the Supplementary Materials (Supplementary Table S1). From these initial results we
concluded that:

1. The DIGEX signature for each cell/treatment combination is reproducible and specific,
confirmed by the PCA analysis (Supplementary Figure S1).

2. A GBM cell line such as U87MG, can radically change its DIGEX response when encoun-
tering different drug treatments, exhibiting considerable transcriptional plasticity.

We found the extreme diversity of gene expression produced within a single cell line
by a single biological event—growth inhibition—somewhat surprising. However, the data
show clearly that the U87MG cell line can deploy a vast range of specific drug-induced
transcriptional responses when growth is inhibited under standardized conditions.

3.7. Two Genes Upregulated by All Four Drug Treatments in U87MG

We next examined more closely the few genes that were shared between treatments.
Only two genes in the Top 200 upregulated set were upregulated by all four U87MG

treatments: PNLIPRP3 and FAM49A.
The PNLIPRP3 gene encodes the protein Pancreatic Lipase Related Protein 3 (LIPR3),

a rarely studied gene as judged by PubMed citation, previously observed as overexpressed
in hepatocellular carcinoma [34]. We note from the literature that the peptide glioma
growth inhibitor hHSS1/C19orf63/EMC10 also upregulates PNLIPRP3 very highly in
U87 cells [35]. From its entry in the Human Protein Atlas [36], PNLIPRP3 has not been
associated with either a favorable or unfavorable prognosis in glioma and is not expressed
even at low levels in most normal human tissues.

The encoded LIPR3 protein bears a signal sequence and is most likely secreted from
the cell, suggesting it might possibly represent an informative circulating biomarker for
GBM. LIPR3 also possesses the catalytic triad characteristic of the esterase active site, and
shares 47% overall homology to human pancreatic lipase (LIPP). LIPP is an important drug
target upon which much medicinal chemistry has been undertaken, culminating in the
development of the lipase inhibitor Xenical (otherwise known as Orlistat) approved for
obesity management, reviewed in [37].

The FAM49A gene, also known as CYRI-A, encodes CYFIP-related Rac1 interactor A, a
highly conserved regulator of the small GTPase RAC1, to which it binds [38]. FAM49A is
expressed in the brain where the protein regulates chemotaxis, cell migration and epithelial
polarization [39]. In contrast to LIPR3/PNLIPRP3, CYRIA/FAM49A is widely expressed
in both normal and cancerous tissues and is a marker for unfavorable prognosis in both
renal and urothelial cancer [40]. The X-ray structure of the closely related CYRIB protein
has recently been solved [41], opening the way to homology modeling and structure-based
drug design for CYRIA, if required.

3.8. Which U87MG Genes Are Upregulated in Mardepodect and Regorafenib Treatments?

As mentioned previously, we were especially interested in comparing the drug re-
sponses of GBM cells to the two clinical compounds Mardepodect and Regorafenib.

Including PNLIPRP3 and FAM49A, U87MG cells treated with these compounds share
34 of their top set of 200 upregulated genes (Table 1). This set of 34 genes is particularly
striking, encoding several cell membrane-associated proteins (GPNMB, CLC2D/CLEC2D,
GCNT3, T4S19/TM4SF19, UNC5B, RFTN2, PXDC2/PLXDC2), cytoplasmic metabolism-
related proteins (F262/PFKFB2, IDHC/IDH1, CGL/CTH), and transcription regulators
(CRYM, MUSC/MSC, NUPR1, FWCH1/FLYWCH1, PRGC1/PPARGC1A), as well as se-
creted growth and cell guidance factors (GDF15, SLIT3, KCP, TSP2/THBS2). Several
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kinases associated with cancer cell survival, including KS6A2/RPS6KA2 and PLK2, are
also amongst this gene set.

We also see upregulation of the gene encoding growth/differentiation factor GDF15 in
both Mardepodect and Regorafenib treated U87MG cells. GDF15 is of potential diagnostic
and therapeutic significance in GBM, since elevated levels of GDF15 in the cerebrospinal
fluid are associated with worse GBM outcome [42,43]. Conversely, downregulation of
GDF15 increases T-cell infiltration into GBM tumors, improves immune responses and
prolongs survival [44]. Reducing GDF-15 production and signaling have been proposed as
ways of improving outcomes more generally in immunotherapy [45].

Also of potential clinical importance is the upregulation of the gene encoding the pseu-
dokinase Tribbles homolog 3 (TRIB3). Like GDF-15, TRIB3 upregulation is associated with
poor prognosis in GBM [46]. In ovarian cancer, TRIB3 downregulation inhibits progression
via the MEK/ERK signaling pathway [47]. TRIB3 has also been reported to facilitate GBM
progression, both by suppressing autophagy [46], and enhancing stemness [48].

3.9. Pathway Enrichment Analysis for the Upregulated U87MG Gene Sets

To gain further insight into the possible functional significance of the DIGEX data,
pathway enrichment analyses were performed on the Top 200 upregulated gene sets
accompanying individual drug treatments, using the Reactome database (Supplementary
Tables S2 and S3). Although mainly based on studies in non-GBM cell systems, such
pathway enrichment analyses can highlight important gene networks that are shared by
GBM cells.

Several distinctive genes characterized the Mardepodect-upregulated pathway sig-
nature “PIP3 activates AKT signaling” in U87MG cells, including those encoding the
EMT-promoting transcription factors SNAI1 (Snail) and SNAI2 (Slug), which have key
roles in tumor growth, invasion, and metastasis in GBM [49,50]. Again, highlighted within
this signature is the pseudokinase TRIB3 (Tribbles homolog 3), discussed previously in
the context of the upregulated genes shared by Mardepodect and Regorafenib. All three
members of the NR4A nuclear receptor gene family (NR4A1, NR4A2, and NR4A3) are also
present within the Mardepodect “generic transcription” pathway signature, together with
two members of the Ras related GTP binding (RRAG) gene family (RRAGC and RRAGD).

In contrast, Regorafenib-treated U87MG cells show prominent pathways for the “Re-
sponse of EIF2AK1 (HRI) to heme deficiency”, “Netrin-1 signaling”, “Serine biosynthesis”,
and “Transcriptional activation of mitochondrial biogenesis” pathways (Table S2). The
“Response of EIF2AK1 (HRI) to heme deficiency” pathway signature contains the com-
ponent genes DDIT3, TRIB3, ATF3, and ASNS, a grouping associated with endoplasmic
reticulum (ER) stress, and characteristic of genotoxic agents [51]. DDIT3 is a member of
the CCAAT/enhancer-binding protein (C/EBP) family of transcription factors. It also fea-
tures prominently amongst the most highly upregulated pathways in Fucoxanthin treated
U87MG cells. Importantly, in glioblastoma the ATF4-ATF3-DDIT3 axis also triggers G2/M
arrest [52].

Targeting energy metabolism has been suggested as a fruitful therapeutic strategy in
GBM [53]. PPARGC1A, the gene encoding PRGC1, a transcriptional coactivator regulating
energy metabolism via multiple transcription factor interactions, including the cAMP
response element binding (CREB) protein and nuclear respiratory factors (NRFs), is a
component of the “mitochondrial biogenesis” pathway. This pathway also contains TBL1X,
an F-box-like protein involved in the recruitment of the ubiquitin/19S proteasome complex
to nuclear receptor-regulated transcription units [54].

The “netrin signaling” pathway includes Netrin-4 (NET4/NTN4), a specific netrin
family member previously reported to promote GBM proliferation through ITB4/ITGB4
signaling [55]. Netrins are laminin-related proteins that function in axon guidance and
neurite growth and migration, tumorigenesis, angiogenesis and neural cell adhesion to
endothelial cells, processes that are known to occur in GBM [56].
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Upregulated alongside Netrin-4 is UNC5B, the gene which encodes the netrin receptor.
In the absence of netrin, UNC5B triggers apoptosis, but an excess of netrin promotes cell
survival, inducing interaction of UNC5B with the brain specific GTPase PIKE-L which
opposes apoptosis by activating nuclear PI3K [56]. This interaction triggers activation of
PI3K-signaling, prevents UNC5B’s pro-apoptotic activity and enhances neuronal survival.
Studies of cell survival in glioma show that netrin acts as a pro-survival ligand for UNC5B
in glioma as well [57], while also promoting invasion and angiogenesis of GBM cells
by activating RhoA, cathepsin B, cAMP response element binding protein, and Notch
signaling [58,59]. The genes encoding the secreted proteins ABLM1, ABLM3, and SLIT3,
implicated in cell guidance and migration, are found within the same netrin cluster.

Taken together, the upregulation of these pathways by Regorafenib treatment indicates
a delicately balanced network of cell proliferation and invasion.

Inspection of the pathways upregulated by LY-294002 and Fucoxanthin show the
emergence of several new themes, including ‘signaling by interleukins’. In LY-294002-
treated U87MG cells, we see upregulation of the interleukin pathway genes RPS6KA5,
IL36B, DUSP4, GAB2, FOS, PELI2, PTGS2, STX3, CCL20, IRS2, MAP3K8, SQSTM1, FOXO1,
MMP1, and SOD2, while the secretory chemokines CCL20, CXCL8, CXCL1, and CXCL2,
component genes of the “Interleukin-10 signaling” pathway, show enhanced upregulation
in Fucoxanthin-treated U87MG cells.

3.10. Downregulated Genes Revealed by DIGEX

Amongst the genes in U87MG downregulated by the four growth inhibitory com-
pounds, 36 are shared within the top set of 200 most highly downregulated genes in each
treatment (Figure 3 and Table 2). This is in sharp contrast to the upregulated genes, where
only two genes were upregulated by all four treatments (Figure 2). The majority of the
U87MG downregulated genes shared between treatments are associated with cell division,
suggesting a coordinated and specific downregulation of the transcription of cell division
genes in response to growth inhibition by these four compounds.

Figure 3. Four-way Venn diagram showing an analysis of the 200 genes with most lowered expression
levels in U87MG cells treated with Mardepodect (MAR), Regorafenib (REG), LY-294002 (LY), and
Fucoxanthin (FX).

Amongst the most downregulated U87MG genes in all treatments is that encoding
the transcription factor E2F8, the master regulator of the cell cycle [60]. Downregulation
of E2F8 has been reported as a driver for prostate cancer growth suppression [61], and if
cancer selectivity could be obtained, might represent a good target for stabilizing growth
inhibition in GBM.

Other prominently downregulated genes which might encode good drug targets
include RIR2/RRM2, which encodes the regulatory subunit M2 of ribonucleotide reductase,
the enzyme that catalyzes the biosynthesis of deoxyribonucleotides for DNA synthesis.
RIR2 is specifically inhibited by hydroxyurea and has been suggested as a combination
therapy with temozolomide for GBM [62].
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Table 2. Genes, partitioned between the drug treatments, based on sets of 200 genes with most elevated expression levels in
U87MG cells (shown in Figure 3).

Gene Group Gene Number Gene Names

Downregulated by
Mardepodect, Regorafenib,
LY-294002, and Fucoxanthin

36

KIAA1524, ESCO2, E2F8, HIST1H1B, LMNB1, HIST1H2BB,
CDCA3, HIST2H3A, HIST1H2BM, TCF19, FBXO5, HIST1H3B,
TYMS, DNA2, ORC1, HIST1H2BI, FAM111B, RRM2, ZWINT,

HIST1H3A, ASF1B, HIST1H2BH, GPR19, HELLS, PLK4,
HIST1H2AG, RAD54L, CDC45, HIST1H3F, HIST1H2AI, SPC25,

KIFC1, KIF15, GINS2, UBE2T, HJURP

Downregulated by
Mardepodect and Regorafenib 63

ARL14EPL, HIST1H4D, PBK, HIST1H2AB, RFC3, ATAD2,
BARD1, KIF20A, MCM7, KIF11, HIST1H2BJ, TRMU, MKI67,

CENPE, ASPM, SPAG5, KIF4A ANGPTL4, ANLN, TACC3,
HIST2H4A, HIST2H4B, CPA4, PLEKHG4B, H2AFX, GTSE1,

NCAPG, KIAA1524, ESCO2, E2F8, HIST1H1B, LMNB1,
HIST1H2BB, CDCA3, HIST2H3A, HIST1H2BM, TCF19, FBXO5,
HIST1H3B, TYMS, DNA2, ORC1, HIST1H2BI, FAM111B, RRM2,
ZWINT, HIST1H3A, ASF1B, HIST1H2BH, GPR19, HELLS, PLK4,
HIST1H2AG, RAD54L, CDC45, HIST1H3F, HIST1H2AI, SPC25,

KIFC1, KIF15, GINS2, UBE2T, HJURP

Downregulated by Mardepodect only, not
Regorafenib, LY-294002, or Fucoxanthin 95 Gene names are found in Supplementary Table S4

Downregulated by Regorafenib only, not
Mardepodect, LY-294002, or Fucoxanthin 90 Gene names are found in Supplementary Table S4

Further substantially downregulated genes include those encoding the transcription
factor TCF19, which is associated with cancer cell survival and proliferation [63], and
FAM111B, which encodes the DNA replication-associated serine protease F111B associated
with both proliferation and cell cycle control [64,65]. Many genes encoding histones,
important in maintaining nuclear and chromosome structure during cell cycling and
division, are also significantly downregulated.

The mechanism controlling such a marked downregulation of genes encoding nuclear
structural proteins after drug treatment is unclear. It is possible that mRNAs encoding
nuclear components are no longer required in non-proliferating GBM cells and simply
decay. Alternatively, the cells may be undergoing a controlled program of transcriptional
and translational rebalancing, in which survival processes predominate and translation of
cell division genes is specifically downregulated. Such dysregulation and restoration of
translational homeostasis has been reported in fragile X syndrome where mRNA stability
is thought to play a central role [66]. In either case, a new transcriptional equilibrium is
being established, influenced by the presence of Mardepodect within the cells.

3.11. Pathway Analysis for the U87MG Downregulated Gene Sets

Pathway analyses were also performed for the U87MG downregulated gene sets,
shown in Supplementary Tables S5 and S6. These confirmed that all four compounds
exerted anti-mitotic effects in U87MG cells, but also highlighted specific genes within these
pathways. For example, members of the MCM (mini-chromosome maintenance) gene
family are broadly downregulated within cells treated with all four compounds, while
pathways downregulated by Fucoxanthin often include SKP2 as a prominent component.
SKP2 is a member of the F-box family of SCF ubiquitin ligases, pointing to reprogramming
of the ubiquitin system during Fucoxanthin treatment.

3.12. Summary of the U87MG Results

Taken together, these DIGEX and pathway analyses highlight the considerable tran-
scriptional plasticity of U87MG cells, with the upregulation of specific tumor cell survival
pathways accompanying the downregulation of genes controlling mitosis and cell division.
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This pattern is consistent with transcriptional reprograming leading to a quiescent and/or
drug resistant tumor cell population, a previously recognized mode of targeted therapy
evasion [14,67].

3.13. Which DIGEX Genes Are Shared between Mardepodect Treated U87MG, T98G, and
A172 Cells?

The U87MG DIGEX profiles for Mardepodect were then compared to those identified
in T98G and A172 cells, to search for common targets (and identify specific differences)
between the three cell lines. An overview of the Top 200 most highly induced genes within
each cell type is shown in Figure 4, with individual genes listed in Table 3.

Figure 4. Venn diagrams showing the partitioning of the 200 genes most significantly modulated by Mardepodect in
U87MG, A172, and T98G cells; (a) upregulated genes; (b) downregulated genes.

Table 3. Genes modulated by Mardepodect, shared between U87MG, A172, and T98G cells.

Sharing Groups Upregulated Downregulated

U87MG, A172, and T98G GDF15, DUSP1, SIK1 CPA4, FAM111B, CCL2

U87MG and A172

HMOX1, SLC11A2, GPNMB, GPR183, UAP1L1,
PLEKHO1, DUSP4, LIPG, NUPR1, PPARGC1A,

LURAP1L, AK5, FAM49A, RRAGD, RRAGC,
TM4SF19, FBXO32, RFTN2

E2F8, TNFRSF11B, PI3, TXNIP

U87MG and T98G

NR4A2, CD55, HES1, SLC16A6, S1PR1, NR4A1,
C8orf4, CEMIP, DNAJB9, TNFAIP6, SNAI1, SGK1,

ITGB3, RND3, TRIB1, GRAMD4, NR4A3,
ZCWPW2, IL6, RPS6KA2

CD84, HIST1H2BM

A172 and T98G

HMGCR, DDIT4, FASN, CLCN5, SLC2A3,
JAKMIP2, IDI1, AGT, CYP51A1, HLA-DMA, SCD,

FDFT1, MVD, HMGCS1, ST3GAL5, DHCR7,
ZBED8, RELL2, INSIG1

EDN1, IRF1, PLXNA2, TRIM22, SERTAD4,
TNFRSF9, TNFSF10, RARRES3, LGALS9, CCNE2,
KRT18, IL7R, VCAM1, TNFAIP2, ENC1, RNF150,
ANKRD1, ROR1, APOL3, CYR61, GBP4, CTGF,

PRDM1, ALPK2, LYPD1, BIRC3, IL2RG

3.13.1. Upregulated Genes

Our first observation was that over 75% of the Mardepodect upregulated genes in
the three cell lines were cell-specific, suggesting that each GBM cell line responds in a
unique way to Mardepodect treatment. A complete list of cell-specific genes is provided in
Supplementary Table S7.
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In contrast, very few upregulated genes were shared between the three Mardepodect-
treated cell lines. Only three genes were expressed in common within the Top 200 upregu-
lated gene sets: GDF15, DUSP1, and SIK1, all of which encode proteins that are involved in
important growth-related processes.

• GDF15 is a secreted growth factor, reportedly overexpressed in the cerebrospinal
fluid (CSF) of GBM patients with poor treatment outcomes [42]. GDF15 binds to the
GFRAL/RET receptor complex, stimulating cell growth through the ERK and AKT
signaling pathways [68]. GDF15 has been suggested as a tumor-associated clinical
biomarker suitable for liquid biopsy detection [69].

• DUS1/DUSP1 is a dual specificity phosphatase which dephosphorylates and inac-
tivates the MAP kinase MAPK1/ERK2, leading amongst other effects to aberrant
regulation of the cell cycle. DUS1 plays important roles in the initiation, progression,
and recurrence of GBM [70].

• SIK1 is a serine/threonine protein kinase that regulates transcription by phospho-
rylating transcriptional coactivators such as the CRTCs and HDACs. When cAMP
levels increase, SIKs are phosphorylated by activated PKA and sequestrated by phos-
phorylated 14-3-3 proteins as inactive complexes in the cytoplasm [71]. Increased
SIK1 transcription in Mardepodect-treated GBM cells may reflect changes in these
cAMP-driven processes.

When the three Mardepodect-treated cell types were analyzed pair-wise, more exten-
sive correlations were revealed.

Strikingly, both A172 and T98G cells upregulated many genes associated with the
cholesterol/isoprenoid biosynthesis pathway, including HMGCR, IDI1, CYP51A1, FDFT1,
MVD, HMGCS1, DHCR7, and INSIG1. In parallel, but at a lower abundance, several genes
involved in fatty acid metabolism were also upregulated, namely DDIT4, FASN, and SCD.
These changes in lipid biosynthesis and metabolism are consistent with enhanced sterol
and fatty acid biosynthesis, perhaps associated with autophagy [72].

Upregulated gene expression in T98G and U87MG cells showed many common-
alities. Most noticeably, all members of the NR4 nuclear receptor transcription factor
family—NR4A1, NR4A2, and NR4A3—were upregulated in both T98G and U87MG by
Mardepodect treatment, as were the transcriptional repressor HES1, the epithelial to mes-
enchymal (EMT) transactivator SNAI1, and the histone methylation reader ZCWPW2.
Several genes encoding members of the MAPK-signaling system were also upregulated
in T98G and U87MG cells, including: the transcriptional and immune response regula-
tor TCIM (C8orf4) which positively regulates G1-to-S-phase transition in the cell cycle,
and promotes cell proliferation and inhibits apoptosis in thyroid and lung cancer [73,74];
the serine/threonine-protein kinase SGK1 which also regulates cell growth, proliferation,
survival, migration, and apoptosis through phosphorylation of MAPK1/ERK2, and inter-
action with MAP2K1/MEK1 and MAP2K2/MEK2; and the adapter protein TRIB1 which
regulates COP1 ubiquitin ligase and MAP kinase signaling.

Genes controlling other processes such as complement decay (CD55), as well as
cell adhesion, migration and hyaluronan degradation (ITGB3, CEMIP, TNFAIP6), were
also upregulated.

Levels of the genes encoding 2 well-characterized druggable targets, KS6A2/RPS6KA2
and the G-protein coupled receptor (GPCR) S1PR1, were also elevated.

• KS6A2/RPS6KA2, also known as RSK/RSK3, is a member of the RSK serine/threonine-
protein kinase family that acts as a downstream effector of ERK in the MAPK1/ERK2
and MAPK3/ERK1 signaling pathway, mediating cellular proliferation and survival
in prostate cancer [75]. The related RSK kinase, KS6A3/RSK2, encoded by RPS6KA3,
has been reported to regulate growth and invasion in GBM [76].

• S1PR1 is the GPCR for the bioactive lyso-sphingolipid sphingosine 1-phosphate (S1P)
which is coupled to the Gi subclass of heteromeric G proteins. In cancer cells, signaling



Cancers 2021, 13, 3780 13 of 35

through S1PR1 leads to the activation of RAC1, SRC, PTK2/FAK1, as well as MAP
kinases, and influences cell proliferation and survival in GBM [77].

Three further upregulated genes encode functionally relevant proteins: the small
GTPase RND3; the mediator of E2F1-induced apoptosis, GRAM4/GRAMD4; and the
interleukin IL6, which participates in an important axis for intrinsic VEGF production [78].

Comparison of the Mardepodect-upregulated genes shared in U87MG and A172
reveals further new signatures, with genes encoding the key glioma-associated cell sur-
face proteins GPNMB and T4S19 (TM4SF19) being upregulated in concert with the anti-
apoptotic heme-degrading enzyme HMOX1, reported to facilitate glioma survival and
progression [79].

Interestingly, while the FAM49A gene is induced in the Top 200 genes expressed in
Mardepodect-treated U87MG and A172 cells, the other gene induced by all four compounds
in U87MG cells, namely PNLIPRP3, is notably absent. PNLIPRP3 appears to be specifically
induced in drug-treated U87MG cells.

3.13.2. Downregulated Genes Shared between Cells

Cell-specific gene signatures are also seen within the Mardepodect downregulated genes
(Supplementary Table S8), with a small number of highly downregulated genes occurring in
all three cell lines, namely those encoding the nuclear serine protease F111B/FAM111B, the
chemokine CCR2 receptor ligand CCL2 and the secreted carboxypeptidase CBPA4/CPA4.
As proteases, both F111B and CBPA4 are druggable targets. CBPA4 is secreted as a zy-
mogen, raising the further possibility of multi-level targeting during its maturation. The
CCL2/CCR2 signaling axis is particularly relevant as a therapeutic target since its down-
regulation inhibits glioma development [80,81].

3.14. Differential Gene Expression Is Recapitulated in the Corresponding Pathway Analyses

Pathway analyses using the Reactome database were then undertaken to further
examine the changes in individual gene expression profiles observed between the cell lines.
They confirmed the striking divergence in signaling between U87MG and the other two
cell lines.

In Mardepodect-treated U87MG cells, PIP3/AKT- and PTEN-driven signaling path-
ways were highly upregulated (Supplementary Tables S9 and S10), reflected in upregulation
of genes encoding the transcription regulators RRAGC/RRAGD and SNAI1/SNAI2 asso-
ciated with these pathways. Enhanced PI3K signaling has previously been reported in this
cell line [82].

In contrast, in both T98G and A172 cells, Mardepodect treatment prominently upreg-
ulated sterol biosynthesis pathways. Although these pathways are driven by the Sterol
Response Element-Binding Proteins (SREBPs/SREBFs) [83], levels of the genes for the
transcription factors SRBP1 (SREBF1) and SRBP2 (SREBF2) themselves were not elevated
upon Mardepodect treatment, consistent with the post-translational regulation of these
proteins by protein processing [84].

Differences in pathway upregulation in the U87MG compared to the T98G and A172
cell lines most likely reflects both their origins and stage of differentiation, as well as the
more generally heightened transcriptional plasticity of U87MG cells. These pathway pro-
files may be useful diagnostics for analyzing GBM drug-response phenotypes in the clinic.

Cell-specific differences are also seen amongst the pathways downregulated by Marde-
podect (Supplementary Tables S11 and S12). The prominent cell cycle and cell division
pathways characteristically downregulated in U87MG cells, are replaced in both T98G and
A172 cells by immune-type cytokine signaling. Further downregulation of these pathways
(and genes expressed within them) could be fruitful therapeutic targets.

To visualize functional connectivities within cell-specific DIGEX signatures, network
analysis was undertaken for each signature. Again, highly significant differences between
the cell lines were seen (Supplementary Figures S2 and S3).



Cancers 2021, 13, 3780 14 of 35

Taken together, these results demonstrate that a single drug treatment (in this case
Mardepodect) elicits quite different gene expression responses in specific GBM cell lines. If
these DIGEX signatures translate to freshly isolated patient-derived GBM cells, both the
signatures themselves as well as the component drug targets within them, could form the
basis for new personalized GBM treatment strategies.

3.15. How Do the DIGEX Signatures of Mardepodect-Treated Cells Compare to Those Seen in
Regorafenib-Treated Cells?

An analysis of the Top 200 genes upregulated by Mardepodect in the three cell lines
has been shown in Figure 4 and Table 3—only GDF15, DUSP1, and SIK1 were coordinately
upregulated in all three cell lines. Likewise, only three downregulated genes were shared in
Mardepodect treated cells—CPA4, FAM111B, and CCL2. The small number of shared genes
suggests that the drug response elicited by Mardepodect in the three cell lines is pleiotropic,
involving the expression and recruitment of a wide variety of downstream signaling
effectors, an observation confirmed by pathway analysis (Supplementary Tables S9–S12).

In sharp contrast, there was extensive overlap in both upregulated and downregulated
gene expression profiles in the three cell lines treated with Regorafenib, with 30 upregulated
genes and 41 downregulated genes shared within the Top 200 expressed genes (Figure 5
and Table 4).

Figure 5. Venn diagrams showing the 200 most significantly modulated genes in Regorafenib-treated U87MG, A172, and
T98G cells; (a) elevated genes; (b) downregulated genes.

Only GDF15 was shared within the upregulated gene sets in Mardepodect and Re-
gorafenib treated cells; the genes DUSP1 and SIK1, seen previously in cells treated with
Mardepodect alone, were absent, even within pairwise cell line comparisons.

Similar disparities were noted amongst the gene sets downregulated by Mardepodect
and Regorafenib. Three genes—CPA4, FAM111B, and CCL2—were observed as downregu-
lated in all three Mardepodect-treated cell lines (Figure 4), but only one of these, FAM111B,
was seen in the Top 200 downregulated genes in Regorafenib-treated cells. CPA4 was
entirely absent from any of the Top 200 gene sets downregulated by Regorafenib, and CCL2
was only downregulated in the A172/T98G pairwise comparison.

To summarize, the three GBM cell types differ markedly in their DIGEX profiles
when growth is inhibited by Mardepodect and Regorafenib under standardized conditions,
yielding highly informative and distinctive drug response signatures.
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Table 4. Genes modulated by Regorafenib, shared between U87MG, A172, and T98G cells.

Cell Line Groups Upregulated Genes Downregulated Genes

U87MG, A172,
and T98G

TUBE1, GDF15, TRIB3, PTPDC1, WARS, ERICH2,
SLC22A18, SLC6A9, CD22, ATF3, FAM49A, CBS,

SLFN5, TMEM159, DDIT3, PSAT1, IL20RB,
SOHLH2, TTLL1, PCK2, P2RX7, ASNS, NUPR1,

DFNA5, AARS, CCDC169, GTPBP2, PPIL6,
RAB39B, KCNH1

IL7R, ESCO2, E2F8, MCM3, CLSPN, DTL,
HIST1H1B, LMNB1, PCNA, EXO1, GINS1, MCM6,
ATAD2, BARD1, HIST1H2BM, SERTAD4, MCM10,
FBXO5, POLE2, TYMS, DNA2, MCM5, F3, ORC1,

UHRF1, FAM111B, RRM2, HIST1H3A, ATAD5,
HELLS, E2F1, H2AFX, CCNE2, SPC25, MCM2,

MCM4, FANCB, GINS2, WDR76,
HIST1H2AB, CDC25A

U87MG and A172

ESRP1, PKD1L2, HMOX1, TBL1X, KCNT2, MSC,
LURAP1L, ANK2, UNC5B, GPNMB, STK32A,

PHGDH, IDH1, PIP5KL1, THBS4, PLPPR4,
SLC43A1, HKDC1, TPK1, TM4SF19, MOCOS,

PTPN13, SCN9A, CLIP4

TMPO, KIAA1524, MKI67, TGFBR2, KIF20B,
ZGRF1, RAD51, ASPM, LDLR, SPAG5, RFC3,

DUSP6, CDCA3, HIST2H3A, LRR1, CENPI, BRIP1,
TACC3, TCF19, SGOL2, STIL, MCM7, CASC5,
HIST1H3B, STARD13, KIF11, ZWINT, ASF1B,
FEN1, HIST1H2BO, PLK4, RAD54L, ZNF367,

CDC45, NCAPD2, POLQ, PBK, NCAPG, CDC6,
HIST1H2BJ, POLA2, KIFC1, ARL6IP6, CDCA5,

UBE2T, LIN9, HJURP, XRCC2

U87MG and T98G

TSPAN1, PRELID3A, DUS4L, PPARGC1A, TSLP,
UHRF1BP1, STAT2, CCDC113, TUFT1, RCAN1,

GADD45A, SH3BGR, CLDN1, C6orf48, GARNL3,
TNFRSF9, ABI3BP, CTH, DDR2, SLC22A15,

CCPG1, GPR1, CCNB1IP1, DMGDH, GPCPD1,
ERN1, CYP2R1, ACAD11

STC1, MEST, CCNF, EGLN3, SPRY1, HIST1H4D,
HIST1H2BI, FAM20C, HIST1H2BH, EGR1, CDK2

A172 and T98G

GRB10, FYN, PCDH1, PPP1R3B, HOXB9,
FAM129A, SYCP2L, SYT14, SEL1L3, S1PR1,
SLC1A4, THBS3, VEGFA, OSBPL6, ULBP1,

ARHGEF2, SESN2, AGT, DTNA, MAP2, CHAC1,
C10orf107, LCA5L, CREB5, STEAP1, CYP4V2,

ADGRG1, AFF3

EDN1, MMP13, HIST1H3H, MYCBP, HIST1H4L,
GMNN, CCND1, CENPW, TNFRSF11B, HIST1H4A,

MIS18BP1, CCL2, TRIB2, CDC7, PRDM1,
CSNK1G1, MYB, HIST1H2BF

3.16. What Can Be Inferred from the Cell-Specific DIGEX Signatures?

Finally, we examined the cell line-specific gene sets from each treatment. Results
obtained by treating U87MG cells with all four inhibitors showed many compound-specific
genes (Figure 2 and Table 1), with the two clinical candidates Mardepodect and Regorafenib
each showing over 100 compound-specific genes amongst the Top 200 examined.

Extending these observations to all three GBM cell lines, we again see expression
of a high level of cell-specific genes (Supplementary Tables S7 and S8 for Mardepodect;
Supplementary Tables S13 and S14 for Regorafenib). Network analysis confirmed the
marked differences in DIGEX profiles between treated cell lines (Supplementary Figure S4).

In summary, taking the Top 200 genes in each DIGEX profile operationally defines
a distinctive drug ‘fingerprint’, specific to each cell line, from which much underlying
biological information can be retrieved.

3.17. Which Genes Encode Proteins That Could Be Viable Drug Targets in GBM?

The development of new GBM therapies requires target validation to be coupled to
effective drug and vaccine production. In this study, we have used genome-wide gene
expression analysis of drug-treated cells to reveal subsets of genes which are characteristic
of the underlying cell biology of the GBM cells. These DIGEX signatures are powerful
diagnostics—but how many of the genes thus identified represent viable drug targets?

Complete profiles of the Top 200 differentially expressed genes drawn from the set
of 18,316 tracked in all three GBM cell lines studied, are shown for all treatments in
Supplementary Table S15. These gene sets contain many biological targets that have not
previously been directly associated with GBM, including specific adhesion molecules,
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transcription factors, protein kinases, and glycosyltransferases. We used the Pharos, NCBI
Gene, and UniProt databases to identify, classify, and annotate all the likely drug and
vaccine targets present in the three cell lines. In the analysis below, UniProt protein entries
are denoted in block capitals with corresponding NCBI Gene entries in italics.

The Pharos database is a chemical biology resource that allows rapid association of
genes encoding proteins with potential chemical modulators, including both approved
drugs and exploratory compounds. We use the database as part of a drug target triage
strategy, separating the Top 200 gene sets into groups encoding (1) proteins with associated
FDA approved drug modulators; (2) proteins with chemical modulators that can be used
as starting points for drug discovery; and (3) proteins which merit further biological study.

3.17.1. U87MG Cells Treated with Mardepodect

To illustrate this process, focusing on the cell line U87MG treated with Mardepodect,
we see that one of the most highly upregulated genes is PNLIPRP3, encoding the lipase
LIPR3, previously seen as one of only two genes that are shared within the Top 200 most
highly upregulated genes in all four initial drug treatments in this cell line (Figure 2).

The PNLIPRP3 gene encodes a novel druggable protein, with a well-defined Lipase do-
main harboring the active site, sandwiched between an N-terminal signal peptide and a hy-
drophobic PLAT domain—a structure the gene shares with pancreatic lipase (LIPP/PNLIP)
and the other members of this gene family (LIPR1/PNLIPRP1 and LIPR2/PNLIPRP2).
However, LIPR3 has no specific FDA-approved or exploratory chemical leads associated
with it, and is therefore annotated by Pharos as Tdark, implying a protein without well-
defined biological precedent as a drug target and without chemical leads [85].

Although no drug discovery campaigns have been reported for LIPR3, the pancreatic
lipase gene family of which LIPR3 is a member has been the subject of considerable
medicinal chemistry attention due to the role of the closely related LIPP protein in obesity,
for which there is an FDA-approved drug (Orlistat) with an associated X-ray co-crystal
structure [37].

PNLIPRP3 is highly induced only in drug treated U87MG cells and is not highly
upregulated by Mardepodect in either T98G or A172 cells (Supplementary Table S15). It
is not even modestly expressed in normal tissues [36]. We classify LIPR3/PNLIPRP3 as a
novel druggable GBM target in cells with the U87MG phenotype.

Using Pharos classification alone as a benchmark, amongst the Top 200 U87MG
genes upregulated by Mardepodect, we identify 36 (18%) as encoding potential targets
with currently unexplored biology; 118 (59%) as target genes corresponding to proteins
for which biological targeting rationales exist but which have no associated chemical
modulators; 36 genes (18%) encoding proteins with exploratory chemical leads; and only
7 genes encoding proteins with corresponding FDA-approved drugs.

The FDA-approved target class is important, since drugs targeting these proteins
could be repositioned immediately within clinical trials in GBM. The relative paucity of
validated FDA-approved drugs for the targets we reveal by DIGEX suggests that target
validation remains a key challenge for GBM drug discovery.

For Mardepodect-treated U87MG cells, the 7 upregulated FDA-approved targets as
classified by Pharos comprise: the Vitamin D-binding nuclear receptor VDR; the secreted
cytokine IL6; the Thioredoxin Reductase TRXR1/TXNRD1; the kinase-insert domain
receptor VGFR2 (known variously as KDR, FLK1, CD309, VEGFR, or VEGFR2), the integrin
beta chain ITB3/ITGB3, and the GPCRs S1PR1 and EDNRA.

3.17.2. T98G and A172 Cells Treated with Mardepodect

Broadening this analysis from U87MG to the other two GBM cells T98G and A172, we
see that very few of the U87MG Pharos-annotated FDA-approved drug target genes are
replicated within the Top 200 genes upregulated by Mardepodect, translating into a gene
signature with a radically different FDA-approved drug profile.
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For T98G cells, 12 genes form the ‘FDA signature’, comprising the two interleukins
IL1B and IL6; five G-protein coupled receptors (the dopamine receptor DRD2, the adreno-
ceptor ADRB2, the adenosine receptor ADORA1, the sphingosine-1-phosphate receptor
S1PR1, and the bradykinin receptor BDKRB2); the heparin-binding growth factor VEGFA;
two cholesterol biosynthesis enzymes HMGCR and HSD11B1; the phosphodiesterase
PDE4D; and, as in U87MG cells, the integrin beta chain ITGB3. Except for ITGB3 upregula-
tion, the U87MG and T98G FDA drug signatures are mutually exclusive.

For A172 cells, the FDA signature includes nine components: the two cholesterol
biosynthesis enzymes HMGCR and FDPS; the phosphodiesterase PDE7B; the somatostatin
receptor SSTR2; the androgen receptor AR (also known as the nuclear receptor NR3C4);
the NMDA receptor GRIN2A; the carbonic anhydrase isozyme CA12; the thyroid hormone
receptor THRA; and the lipase LIPF. Again, the U87MG and A172 FDA drug signatures are
mutually exclusive. T98G and A172 cells notably share HMGCR expression.

Turning our attention from FDA targets to the more extensive Exploratory drug
target class exemplified within Pharos, we find many attractive, chemistry-led drug
discovery targets.

For U87MG, these include the GPCRs T2R14/TAS2R14, C3AR/C3AR1, C5AR1, GPR84,
and GP183/GPR183; the kinases SIK1, PDK4, ACKR3, PLK2, KS6A2/RPS6KA2, F262/PFKFB2,
SGK1, KITM/TK2, and CHKA; the interleukin IL1A; the metalloproteinases ATS5/ADAMTS5
and MMP14; the nuclear receptor NR4A2; the asparagine N-linked glycosyltransferase
TUSC3; the cell adhesion molecule KIAA1462/JCAD; the transporters ACATN/SLC33A1,
XCT/SLC7A11, NRAM2/SLC11A2, and CLCN7; the lipases LIPE/LIPG and LIPR/PNLIPRP3;
the enzymes CGL/CTH, DHB14/HSD17B14, HMOX1, OGT1/OGT, AK1C1/AKR1C1,
FHIT, and IDHC/IDH1; the dual specificity phosphatase DUS1/DUSP1; the ligand-gated
chloride channel GBRR1/GABRR1 (otherwise known as the GABA(C) receptor); the G-
protein linked potassium channel KCNJ3; and the phosphocholine/phosphoethanolamine
phosphatase PHOP1/PHOSPHO1.

Several previously validated anti-proliferative targets are contained within this U87MG
Exploratory target set, including:

1. The atypical chemokine GPCR ACKR3/CXCR7, which in glioma cells transduces
signals via the MEK/ERK pathway, mediating resistance to apoptosis and promoting
cell growth and survival [86]; and

2. The nuclear receptor NR4A2, previously validated as a drug target in glioblas-
toma [87].

Mardepodect-inhibited A172 and U87MG cells share some of these Exploratory tar-
gets, including LIPE/LIPG, HMOX1, GP183/GPR183, DUS1/DUSP1, NRAM2/SLC11A2,
and the serine/threonine protein kinase SIK1. Druggable components of the choles-
terol/fatty acid biosynthesis pathways are also prominent within the A172 Exploratory
target set (DHCR7; HMCS1/HMGCS1; FDFT/FDFT1; KIME/MVK; MVD1/MVD; IDI1;
DHB7/HSD17B7; CP51A/CYP51A1; ACACA; SCD; ELOV6/ELOVL6; FAS/FASN; ABHD6;
FABPH/FABP3), together with more established anticancer drug discovery targets such as
the PI3-kinase P3C2B/PIK3C2B and the lysine-specific demethylase KDM4D. We also see
unique targets, such as the small GTPase RAB7L/RAB29 (involved with LRRK2 in vesicle
trafficking); the P2X receptor P2RX7; the cell adhesion protein VITRN/VIT; the opioid
neuropeptide GPCR OPRX/OPRL1 and the olfactory GPCR OR1L4; the spermatogenesis-
associated, calmodulin-binding protein SPT17/SPATA17; the ectonucleoside diphosphatase
ENTP1/ENTPD1; the cystathionine beta-synthase CBS; the DNA methylation enzyme
DNM3B/DNMT3B; the P-type ATPase AT12A/ATP12A; the putative P-glycoprotein-
associated drug transporter EBP; the apoptosis suppressor XIAP; the protein tyrosine
phosphatase PTN22/PTPN22; and the ephrin receptor tyrosine kinase EPHA8.

In passing, for target-based drug discovery purposes, it is notable that several specific
members of extended gene families of potential drug discovery importance are revealed
by DIGEX in these exploratory gene sets, for example, the PI3-kinase catalytic domain
isoform P3C2B/PIK3C2B and the lysine demethylase KDM4D. PI3-kinases participate in
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the signaling pathways involved in cell proliferation and oncogenic cell survival, and the
induction of P3C2B/PIK3C2B is therefore not surprising, since this protein has previously
been identified as significantly correlated with cellular resistance to erlotinib [88]. How-
ever, Regorafenib also upregulates P3C2G/PIK3C2G, confirming this isoform, also, as a
potential target in drug resistant GBM [89]. Likewise, although KDM5A has previously
been identified in temozolomide resistant GBM cell lines [90], here we see Mardepodect
upregulating KDM4D and KDM7A. The advent of small molecules specifically targeting
individual lysine demethylase isoforms may open the way to more precise drug targeting
within this extended family [91,92].

Many of the highly upregulated Exploratory targets seen in A172 cells are also
present in T98G, including GTR3/SLC2A3; DUS1/DUSP1; the sterol biosynthesis en-
zymes HMCS1/HMGCS1; SCD; FDFT/FDFT1; DHCR7; MVD1/MVD; IDI1 and the multi-
functional fatty acid biosynthesis enzyme FAS/FASN, as well as the additional steroid
hormone biosynthesis enzymes 3BHS1/HSD3B1 and DHB2/HSD17B2 and ERG1/SQLE,
the rate-determining enzyme in the steroidogenic pathway. Several highly upregulated
Exploratory targets seen in A172 cells are also shared with U87MG: NR4A2; SGK1;
KS6A2/RPS6KA2.

Top 200 Mardepodect-upregulated Exploratory targets seen only in T98G include
the IGF-binding protein IBP4/IGFBP4; the membrane lipid remodeling phospholipase
PA24A/PLA2G4A; the chromatin silencing histone H10/H1F0; the prostaglandin trans-
porter SO2A1/SLCO2A1; the drug metabolizing methyltransferase NNMT; the histone
demethylase KDM7A; the neurotrophin receptor signaling adapter BEX1; the transcrip-
tion factor JUN; the hypoxia-inducible master transcription activator HIF1A; the ser-
ine/threonine protein kinases TNI3K/TNNI3K and NIM1/NIM1K; the MMP-9 activator
MMP26; the histamine receptor GPCR HRH4; the tyrosine protein kinase FRK; and the
GPCR specific serine/threonine kinase GRK5.

Together, these targets represent a prodigious amount of relatively unexplored drug
discovery space. Systematic target validation studies are now required to establish experi-
mentally how many of the exploratory targets within the Mardepodect-induced GBM cell
phenotypes are valid as drug targets for GBM. We illustrate features of a possible chemical
biology-driven target validation process below.

3.18. Downregulated Genes May Indicate Cell Cycle Control Imposed by Drug Treatment

The Pharos analysis of the genes that are coordinately downregulated by Mardepodect
in the three GBM cell lines, is presented in Supplementary Table S15. As observed in the
case of U87MG, above, these DIGEX profiles are dominated by reduced cell cycle and cell
division gene expression.

Although a full analysis of the downregulated genes accompanying drug treatment
is beyond the scope of this initial DIGEX study, it is clear from initial inspection that
the downregulated gene sets contain many intriguing drug discovery targets, from well
characterized enzymes such as ribonucleoside-diphosphate reductase RIR2/RRM2, to
less well-known targets such as the serine protease F111B/FAM111B. The Venn analyses
also show that most of the downregulated cell-cycle associated genes are differentially
regulated between GBM cell types and the four drug treatments, suggesting a tight and
precise downregulation of cell division, rather than random repression, possibly reflecting
a more complex spatiotemporal control of cell division [93].

3.19. Summary of Drug-Induced Gene Expression (DIGEX) Analysis Results

An overall diagrammatic summary of the most highly upregulated drug-induced
genes encoding potential drug targets, secretory proteins and cell surface antigens ex-
pressed in the three GBM cell lines is shown in Figure 6.
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Figure 6. Summary of the most highly elevated drug induced genes encoding potential drug targets, secretory proteins
and cell surface antigens expressed within the Top 25 gene set in the three GBM cell lines. (a) Mardepodect-treated cells;
(b) Regorafenib-treated cells. Note the clear differences between the drug modulated phenotypes, both between GBM cell
types and individual drug treatments. Targets underlined in green have existing FDA approved drugs; those underlined in
blue have chemical leads but no approved drugs; those in yellow have only biological rationales, while those in red remain
relatively unexplored.

3.20. Validating Individual Drug-Inducible Genes as Pharmacological Targets in GBM as
Monotherapies and Drug Combinations

DIGEX profiling in conjunction with Pharos yields a rich vein of potential targets.
With detailed bioinformatic analyses in hand, we moved to experimental validation of
some of the targets themselves as potential GBM modulators.

To establish a screening sequence for potential combination therapies using Marde-
podect as the initial drug, we identified a set of targets with cognate inhibitors to validate
our triage strategy. These included:

• Two FDA approved inhibitors for HMGCoA reductase, Atorvastatin and Simvastatin.
The gene encoding HMGCoA reductase (HMGCR) is in the Top 200 genes upregulated
by Mardepodect in A172 and T98G cells but not U87MG. HMGCR is absent from the
Regorafenib Top 200.

• Two exploratory inhibitors of the salt-inducible kinase SIK1, HG-9-91-01, and WH-4-
023. The gene encoding SIK1 is present in the Top 200 genes upregulated by Marde-
podect in all three GBM cells but absent from the Top 200 in Regorafenib-treated cells.

• Two inhibitors of the Janus Kinase JAK2, the FDA approved drug Ruxolitinib and the
exploratory compound AZD1480. The gene encoding JAK2 is induced in U87MG by
LY-294002 [20] but absent from the Top 200 upregulated genes in both Mardepodect
and Regorafenib treated cells.

• Two inhibitors of the bradykinin B2 receptor, Icatibant and WIN 64338. The BDKRB2
gene is in the Top 200 upregulated genes in Mardepodect treated T98G cells.

3.21. Combinations of the PDE10A Inhibitor Mardepodect and Regorafenib

Combination therapy is a major objective in GBM [9]. Although the screening se-
quence deployed here (DIGEX-Pharos-Pharmacology) was designed to uncover new drug
discovery targets, it might also predict target combinations for validation. We therefore
also determined whether any of the compounds we had identified individually to inhibit
GBM cell proliferation were effective in combination.
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As an initial experiment, we tested the two clinical compounds Mardepodect and
Regorafenib in combination. Synergy between PI3K and cAMP signaling pathways has
previously been suggested as potentially relevant in GBM [94]. We observed synergy in
U87MG cells (with a maximum synergy score of 24), but modest antagonism between
Mardepodect and Regorafenib in both T98G and A172 cells (with a maximum score of −21)
(Figure 7).

Figure 7. Anti-proliferative effect of combining Mardepodect and Regorafenib; (a) U87MG; (b) A172; (c) T98G cells. Data are
presented as the mean ± standard error of the mean (SEM) (n = 7); (d–f), corresponding quantitative analyses of the same
data using the Loewe method. Synergy is seen in U87MG cells, but antagonism in both T98G and A172 cells. Note: asterisks
indicate the significance of synergy scores obtained following a one-sample t-test (* p < 0.05; ** p < 0.001; *** p < 0.0001).

3.22. HMGCoA Reductase

Our data indicated that HMGCoA reductase (HMDH/HMGCR) was upregulated
in the Mardepodect-treated A172 cell line where it was the 33rd most upregulated gene.
HMDH/HMGCR has recently been suggested as a therapeutic target in GBM [83] and
upregulation of HMDH/HMGCR has previously been shown to positively regulate the
growth and migration of the GBM cell lines U251 and U373 [95].

Both Atorvastatin and Simvastatin markedly inhibited cell proliferation (Figure 8a,b),
with both U87MG and T98G cells showing synergy with Mardepodect (Figure 8c–h).
A172 cells showed higher sensitivity to statin inhibition but showed antagonism upon
combination of the statins with Mardepodect. Both Atorvastatin and Simvastatin are safe,
widely prescribed FDA approved drugs, belonging to the lipophilic statin class which
carries no borderline risk of causing glioma [96].

Additional genes associated with cholesterol biosynthesis—including INSIG1, HMGCS1,
and RNF145—are also upregulated by Mardepodect in at least one of the three GBM cell
lines studied here, warranting further examination of the pathway and its rate-limiting
steps as adjunct therapeutic targets in GBM.
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Figure 8. Anti-proliferative effects of HMGCoA reductase inhibitors on U87MG, A172 and T98G cells. (a) Atorvastatin;
(b) Simvastatin. Data are presented as the mean ± standard error of the mean (SEM) (n = 3–6). Panels (c–e) show Loewe
synergy plots for the combination of Atorvastatin and PF-2545920 in U87MG, T98G, and A172 glioblastoma cells, respectively.
Synergy (in blue) was observed in U87MG and T98G cells at higher Mardepodect concentrations (with a maximal synergy
score of 40), but signs of antagonism (in orange) were seen in A172 cells (synergy score of −25). Panels (f–h) show Loewe
synergy plots for the combination of Simvastatin and PF-2545920 in U87MG, T98G, and A172 glioblastoma cells, respectively.
Again, some synergy was observed in U87MG and T98G cells, with scores ranging from 16 to 25, with the combinations
showing definite antagonism in A172 cells (with a score of −25). Note: asterisks indicate the significance of synergy scores
obtained following a one-sample t-test (* p < 0.05; ** p < 0.001; *** p < 0.0001).

3.23. Salt-Inducible Kinase SIK1

Salt-inducible kinase isoform 1 (SIK1) is highly upregulated in all three GBM cells
treated with Mardepodect (Table 3). Acting through their interaction with 14-3-3 proteins,
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SIKs disrupt cAMP signaling, promoting inhibitory phosphorylation on CREB-regulated
transcription coactivators [71,97].

We have previously shown that cAMP inhibits the growth of rat C6 glioma cells [20],
and we know that the PDE10A inhibitor Mardepodect increases the levels of cAMP in
the human GBM cell lines used here. Salt-inducible kinase (SIK) is also one of six genes
associated with significantly shorter patient survival in GBM [98].

We used two commercially available compounds to investigate the effects of SIK inhi-
bition on proliferation: HG-9-91-01, originally synthesized for studies of SIK involvement
in inflammation [99], and WH-4-023, originally designed as a lymphocyte specific kinase
(LCK) inhibitor but which has SIK inhibitory properties [100].

HG-9-91-01 is a pan-specific SIK inhibitor with an IC50 versus SIK1 of 0.92 nM, SIK2
of 6.6 nM, and SIK3 of 9.6 nM, with lower activity against the kinases NUAK2, SRC, LCK,
YES, and BTK, and the FGFR and EphR families. WH-4-023 is also pan-specific towards
the SIK family, with lower affinity on BTK, FGFR, JAK2, KDR, p38 alpha, SYK, TIE 2,
and ZAP70.

Both inhibitors were anti-proliferative in all three GBM cell lines. The strong induc-
tion of SIK1 upon Mardepodect treatment is consistent with GBM cells sensing elevated
cAMP levels and raising SIK1 mRNA levels to compensate for this. Considerably greater
sensitivity to one of the SIK inhibitors, HG-9-91-01, was seen in A172 cells, but all three cell
lines were inhibited by WH-4-023 to the same degree (Figure 9a,b).

Figure 9. Anti-proliferative effects of SIK1 inhibitors on U87MG, A172 and T98G cells. (a) HG-9-91-01; (b) WH-4-023. Data
are presented as the mean ± standard error of the mean (SEM) (n = 3–6). Panels (c–e) show Loewe synergy plots for the
combination of HG-9-91-01 and PF-2545920 in U87MG, T98G, and A172 glioblastoma cells, respectively. T98G cells showed
pronounced synergy. Note: Asterisks indicate the significance of synergy scores obtained following a one-sample t-test
(* p < 0.05; ** p < 0.001; *** p < 0.0001).
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Having seen marked inhibition of growth in the three cells by the two SIK inhibitors,
we also tested Mardepodect in combination with the SIK inhibitor HG-9-91-01. Here,
we observed strong synergy (with a synergy score rising to 40)—but only in T98G cells
(Figure 9d). Both U87MG and A172 cells showed much lower synergy scores (Figure 9c,e).

The synergy between Mardepodect and HG-9-91-01 in T98G cells suggests an inducing
drug (Mardepodect) synergizing with an inhibitor of an induced target (SIK1), with the
two targets operating as a ‘node’ within the cAMP signaling pathway. Upregulation of
induced targets within the cancer cell’s survival programs has been suggested to promote
drug resistance [101].

SIK1 is most upregulated by Mardepodect in U87MG cells, where it is the third most
highly upregulated gene (Supplementary Table S15). One might imagine that U87MG cells
would be more sensitive to SIK inhibition, but Mardepodect and HG-9-91-01 show only
modest synergy in U87MG cells. In T98G cells, however, where strong synergy is seen,
SIK1 is only the 65th most upregulated gene, suggesting that in this case the degree of
target upregulation alone does not predict combinatorial drug sensitivity.

A potentially important observation is that neither of the other two SIK subtypes,
SIK2 and SIK3, show pronounced induction upon Mardepodect treatment, implicating
specific transcriptional selection of the SIK1 subtype during drug response. Drug discovery
focused on achieving SIK1 selectivity may therefore be a relevant objective in the design
of effective GBM therapies. In this context, it is important to note that effective target
validation by chemical biology is always dependent on the quality and selectivity of the
chemical probes available [17,18].

As far as we know, no SIK inhibitors are in development as antiproliferative agents
in GBM. However, topical SIK inhibitors are being developed as sunscreen agents in
melanoma [102]. SIKs also mediate parathyroid hormone receptor activity in bone devel-
opment and remodeling [103,104] and the inflammatory phenotype in activated myeloid
cells [105,106]. SIK inhibitors, with their therapeutic potential for the treatment of inflam-
matory and autoimmune diseases, are thus a commercially attractive drug class which may
possess the added advantage of being suitable for repurposing in GBM.

Our results confirm the general importance of the SIK pathway in GBM growth control.
They also show that important growth mediators may be buried within DIGEX signatures,
since SIK1 is only the 41st most highly upregulated gene in Mardepodect-treated T98G
cells and the 99th most highly upregulated gene in Mardepodect-treated A172 cells, despite
being one of the most highly upregulated genes in Mardepodect-treated U87MG cells.

3.24. Janus Kinase JAK2

In previous studies, we observed upregulation of JAK2 by LY-294002 in U87MG
cells [20]. JAK2 plays a central role in phosphorylation of glioma-associated STAT3, a key
component of the PI3K-signaling pathway [107]. The selective JAK2 inhibitors SAR317461
and AZD1480 have been reported to inhibit GBM proliferation via this pathway [108,109],
and combining the approved EGFR inhibitors Erlotinib and Osimertinib with the JAK2
inhibitor AZD1480 induces irreversible apoptosis in GBM [110]. The JAK1/2 inhibitor,
Ruxolitinib, is an approved drug for the treatment of polycythemia vera and myelofibro-
sis [111,112].

We examined the effects of both AZD1480 and Ruxolitinib on proliferation in the three
GBM cell lines (Figure 10). Both compounds inhibit the growth of all three GBM cells.
A172 cells showed greater sensitivity to AZD1480 than did U87MG, with T98G showing
intermediate sensitivity, an order of potency previously observed by others for the JAK2
selective inhibitor SAR317461 [108].

We then tested the JAK2 inhibitor AZD1480 in combination with the prototypic PI3K
inhibitor LY-294002 (Figure 10c–e). Here, strong synergy was seen in U87MG cells, with
synergy scores rising to 54, with some synergy evident in T98G cells. No synergy was
seen in A172 cells. Synergy was compound- and possibly subtype-specific, since the non-
selective JAK1/2 inhibitor Ruxolitinib showed no synergy with LY-294002 in U87MG cells.
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Figure 10. Anti-proliferative effects of JAK2 inhibitors on U87MG, A172 and T98G cells. (a) AZD1480; (b) Ruxolitinib. Data
are presented as the mean ± standard error of the mean (SEM) (n = 3–6). Panels (c–e) show Loewe synergy plots for the
combination of AZD1480 and LY-294002 in U87MG, T98G, and A172 glioblastoma cells, respectively. U87MG cells showed
pronounced synergy for this combination, with synergy scores rising to >50. Note: Asterisks indicate the significance of
synergy scores obtained following a one-sample t-test (* p < 0.05; ** p < 0.001; *** p < 0.0001).

Subtype selectivity in targeting kinases such as JAK2 and SIK1 in GBM will most
likely be important in the clinic since we know that JAK and SIK subtypes play important
roles in processes such as macrophage differentiation, dendritic cell function and innate
immunity [104,105,113]. Balancing subtype selectivity may thus provide benefits in GBM
immune recognition as well as GBM growth inhibition.

3.25. GPCRs

We noted prominent and specific upregulation of several genes encoding GPCRs
in the DIGEX data (Supplementary Table S15), including ADORA1, which encodes the
adenosine A1 receptor (highly upregulated in T98G cells by Mardepodect); BDKRB2, which
encodes the bradykinin B2 receptor (highly upregulated in T98G cells by Mardepodect);
DRD2, which encodes the dopamine D2 receptor (upregulated by Mardepodect in T98G
cells); and GPR84, which encodes the orphan GPCR GPR84 (the most highly Mardepodect-
upregulated gene in U87MG cells).

3.25.1. Bradykinin B2 Receptor (B2R)

The gene encoding the B2R, BDKRB2, was markedly upregulated in Mardepodect-
treated T98G cells (Supplementary Table S15). B2R is an EMT-related biomarker and
predicts poor survival in glioma [114], while bradykinin itself enhances invasion of ma-
lignant glioma into the brain parenchyma [115]. Pharmacological studies in the human
astrocytoma cell line D384 have shown the B2R to be present and functionally linked to
phospholipase C and inhibition of dopamine stimulated cyclic AMP accumulation [116].

Although the bradykinin receptor antagonist drug class represents an area of intense
current drug discovery opportunity [117], only one bradykinin receptor ligand is currently
used in clinical practice, the B2R antagonist Icatibant/HOE-140 [118].
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We tested Icatibant in GBM cells alongside the nonpeptide bradykinin B2 antagonist
WIN 64338 [119]. Consistent with reports that the synthetic peptide Icatibant is metaboli-
cally vulnerable, Icatibant proved inactive as a growth inhibitor in our cellular models of
GBM proliferation (Figure 11a). In contrast, the non-peptide B2R antagonist WIN 64338
showed promising growth inhibitory activity against all three GBM cell lines (Figure 11b),
confirming the potential involvement of B2R signaling in GBM proliferation.

Figure 11. Anti-proliferative effects of bradykinin B2 antagonists on U87MG, A172 and T98G cells. (a) Icatibant; (b) WIN
64338. Data are presented as the mean ± standard error of the mean (SEM) (n = 6). Panels (c–e) show Loewe synergy plots
for the combination of Mardepodect (PF-2545920) and WIN64338 in U87MG, T98G and A172 glioblastoma cells, respectively.
T98G cells showed pronounced synergy, with synergy scores rising to 62. Note: Asterisks indicate the significance of
synergy scores obtained following a one-sample t-test (* p < 0.05; ** p < 0.001; *** p < 0.0001).

Very interestingly, the T98G cell line, which showed marked upregulation of the
BDKRB2 gene after Mardepodect treatment, demonstrated pronounced synergy when
Mardepodect was combined with WIN 64338 (Figure 11d). Neither U87MG or A172
cells showed comparable synergy (Figure 11c,e). Further examination of the comparative
pharmacology of bradykinin signaling in these 3 GBM cell lines is merited.

3.25.2. Other GPCRs

GPCRs are the most common class of drug target [120] and are key targets in oncol-
ogy [121]. We observed several upregulated genes encoding GPCRs in both Mardepodect-
and Regorafenib-treated cells, including G Protein-coupled Receptor 37 (GPR37) and the
dopamine D2 receptor DRD2, both of which, like B2R, are Gi-coupled GPCRs [122,123].
GPR37 also acts as a cell survival factor [124], occurring as a complex with DRD2 at the cell
surface where it exerts a neuroprotective effect [125,126].

Importantly, the DRD2 receptor is the target for the promising anticancer compound
TIC10/ONC201 [127], currently in clinical trials for GBM [128]. Drug resistance to ONC201
has recently been observed [129], making pharmacological exploration of the signaling net-
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works surrounding GPCRs such as GPR37, DRD2, AA1R/ADORA1, and BKRB2/BDKRB2
of particular therapeutic relevance.

We have shown previously that increasing cAMP levels in glioma cells results in
growth inhibition [29], suggesting that, in conjunction with the use of PDE inhibitors such
as Mardepodect, raising intracellular cAMP levels in GBM cells by antagonizing Gi-linked
GPCRs such as B2R could be therapeutically relevant.

Another GPCR which merits future pharmacological follow-up in GBM is the orphan
GPCR, GPR84. In Mardepodect-treated U87MG cells, GPR84 was the most highly upregu-
lated gene (Supplementary Table S15). GPR84 is a fatty-acid binding protein involved in
fibrosis [130] and is also essential in the maintenance of cancer stem cells in acute myeloid
leukemia [131]. A range of ligands is available for exploring its function [132].

3.26. Summary of the Compound Synergy Studies

These initial results show that synergy is often cell-type specific, especially evident
in the LY-294002/AZD1480 combinations which showed strong synergy in U87MG cells.
Cell-type specificity was also seen in Mardepodect/HG-9-91-01 combinations, with T98G
cells on this occasion showing strongest synergy. In general, A172 cells exhibited lower
levels of synergy than either U87MG or T98G cells, although they often showed higher
compound sensitivities. Combinatorial testing of further inhibitors guided by the DIGEX
data may enable additional synergies to be found.

4. Discussion

Previous work from our laboratory has used genome-wide drug-induced gene ex-
pression (DIGEX) as a method of defining the molecular phenotypes induced by growth
inhibition in the GBM cell line U87MG [20]. In that study, we focused on two compounds,
the prototypic PI3K inhibitor LY-294002, a pan-PI3K inhibitor with well-characterized
multiple molecular modes of action [133,134], and Fucoxanthin, a marine algal natural
product with anti-cancer growth inhibitory properties [135]. We were somewhat surprised
to see the great variation in gene expression produced by these two growth inhibitors,
having imagined that a single cell line such as U87MG, upon growth inhibition, would
display a more restricted drug-induced phenotype.

To investigate these observations further, here we have used further growth inhibitors,
including two clinical antiproliferative drugs, the PDE10A inhibitor Mardepodect and the
multi-kinase inhibitor Regorafenib, profiling them in two additional GBM cell systems.
Our results reinforce our earlier observations of the pleiotropic nature of the DIGEX
response, uncovering a multitude of new drug response pathways, with relatively few
genes expressed in common between treatments with these two further drugs and the two
earlier compounds.

We were also expecting to see extensive crossover in DIGEX phenotypes between
different cells treated with the same drugs, which we would then be able to interrogate
for drug discovery further through a target-directed process such as MIPS (Mechanism-
Informed Phenotypic Screening) [16]. In fact, the DIGEX process unveils highly divergent
cell-specific gene signatures, revealing a distressingly complex combinatorial landscape
from which future drug discovery campaigns for this challenging cancer will need to
be prioritized.

Amongst these signatures, we can see the specific induction of several druggable
targets that have been implicated previously in GBM growth (e.g., SGK1, NR4A2, discussed
above). However, many targets represent completely new avenues for GBM drug discovery
(e.g., LIPR3/PNLIPRP3 and SIK1).

Amongst these emerging drug targets, we have confirmed two protein kinases, JAK2
and SIK1, as antiproliferative targets in their own right. When inhibited, both show synergy,
on a cell-specific basis, with the primary drug used to generate the original DIGEX target
landscapes. It is our hope that targeting the emerging properties of such drug-treated
systems will reveal further actionable drug combinations.
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While genome-wide transcriptomics provides a powerful platform for evaluating
drug response in GBM, genetic technologies such as CRISPR and transposon mutage-
nesis are providing complementary information on the role of cancer drivers in tumor
evolution [136,137]. Combining information from both sources promises to redefine the
target landscape for drug discovery in GBM.

The DIGEX results also raise the possibility that the extreme drug resistance observed
in GBM is at least partially due to the wide range of survival pathways that growth
inhibition induces in GBM cells, indicating both the need for a broader range of effective
drugs than we currently possess, and the informed use of our current armamentarium
within personalized treatment schedules.

Our analyses based on gene annotations within the Pharos database, show that the
current spectrum of clinically approved drugs available to address the GBM target space
we define here, is relatively limited. Moreover, many of these drugs have been optimized
and approved for indications in which CNS penetration has been minimized. There is
a pressing need for rigorous validation of new molecular mechanisms as effective drug
targets in GBM before embarking on costly programs of lead optimization. Combination
therapy guided by emerging GBM biology will shorten these odds.

At a pharmacological level, our results are intriguing. Mardepodect, as a PDE in-
hibitor, would be expected to influence target cells through cyclic nucleotide signaling.
However, scrutiny of the upregulated gene sets induced by this compound does not reveal
a sustained effect on the expression of central cAMP or cGMP regulating processes, such as
those operating through adenyl- or guanyl-cyclases. We do see upregulation of the genes
encoding specific PDEs (PDE4B, PDE4D, and PDE7B) in Mardepodect-treated cells, but
not PDE10A itself. The reason for this may be that the transcriptomics approach is mea-
suring the emergence of a new steady-state within the drug-treated tumor cell population,
involving more subtle regulation of localized cAMP- and cGMP-driven phosphorylation
networks, as reported for PDE10A-regulated systems in the spiny neuron [138].

The three GBM cell types employed in this study are widely used as established GBM
cell-based model systems [33]. Using this limited cell palette, well-defined drug response
profiles emerge, with each cell line exhibiting characteristic DIGEX signatures. The fact that
these GBM cell lines retain the capability of forming infiltrative tumors upon xenografting,
yet respond so differently to drug challenges, may indicate a multi-dimensional phenotype
containing features that are stably frozen in developmental time, yet capable of resurrection
given the appropriate environment or selection pressure.

Designing experiments to capture the dynamic behavior of such pleiotropic systems
is difficult and requires further studies across the drug dose–response and treatment
timeframes to pinpoint key effectors—the current dataset is only a preliminary step on
the way to understanding and exploiting the complex coordination of the GBM cell’s
drug response.

5. Conclusions

Glioblastoma (GBM) is a particularly challenging cancer, with few treatment options.
Nevertheless, this dark landscape is gradually being illuminated by the application of
powerful genomics technologies to define the molecular drivers underlying this complex
cancer. Here, we have used transcriptomics, in the form of genome-wide drug-induced
gene expression (DIGEX) analysis, to measure the changes in abundance of over 18,000 in-
dividual genes during drug treatment. We define these changes for three established
GBM cell lines, identifying the key targets and pathways which these cells deploy to resist
drug treatment. The good news is that we now have the genomic tools to interrogate and
interpret these drug responses; the bad news is that the emerging landscape evoked in the
cancer cell is both extremely complicated and highly pleiotropic.

Future therapy will rely heavily on diagnosing and targeting aggressive GBM cellular
phenotypes, both before and after drug treatment, as part of personalized therapy pro-
grams. Using genome-wide information, we should be able to interrogate the therapeutic
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targets and signaling pathways emerging from this landscape, either individually, or at
a phenotypic level, deploying integrated RNAi, CRISPR, chemical biology, and pharma-
cology platforms to identify and validate their relative importance to the proliferating
GBM cell. Individual, personalized treatments will be essential if we are to address and
overcome the pharmacological plasticity that GBM exhibits, and genome-wide DIGEX may
represent a fast and comprehensive technology with which to validate and position future
drugs and diagnostics for this challenging cancer.

One final thought. Although small molecule drug therapy has become central to
the way we think of cancer treatment, alternative therapies—such as mRNA-directed
vaccination and immunotherapy—are emerging as powerful treatment options. The GBM
landscapes revealed by DIGEX and discussed here in the context of drug discovery, could
well inform new diagnostics to support the development of multi-modal therapies, perhaps
combining drug and vaccine treatment within personalized GBM therapy. A new age of
phenotypic drug discovery?

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/cancers13153780/s1, Supplementary Figure S1: PCA Analysis of transcriptomics data ob-
tained for individual experiments: U87MG: control (blue), LY-294002 treated (red), Mardepodect
treated (purple); A172: control (green), Mardepodect treated (aquamarine); T98G: control (or-
ange), Mardepodect treated (sky blue). Data is tightly clustered within each treatment set (n = 3).
Supplementary Figure S2: network analysis based on the 200 most elevated genes upon treatment
with Mardepodect. (a) U87MG; (b) A172; (c) T98G cell line. Different clusters are represented in
different colors. Lines represent the relations between various genes. Supplementary Figure S3: net-
work analysis based on the 200 most lowered genes upon treatment with Mardepodect. (a) U87MG;
(b) A172; (c) T98G cell line. Different clusters are represented in different colors. Lines represent the
relations between various genes. Supplementary Figure S4: network analysis based on the 200 most
elevated genes upon treatment with Regorafenib. (a) U87MG; (b) A172; (c) T98G cell line. Different
clusters are represented in different colours. Lines represent the relations between various genes.
Supplementary Figure S5: network analysis based on the 200 most lowered genes upon treatment
with Regorafenib. (a) U87MG; (b) A172; (c) T98G cell line. Different clusters are represented in
different colours. Lines represent the relations between various genes. Supplementary Table S1:
compound specific genes amongst the top 200 genes with most elevated expression levels in U87MG
treated with Mardepodect, Regorafenib, LY-294002 and Fucoxanthin, listed in order of decreasing
fold change. Supplementary Table S2: four U87MG cell upregulated pathways with the lowest
p-values, regulated by Mardepodect, Regorafenib, LY-294002 and Fucoxanthin, based on an analysis
of the top 200 most elevated genes. Supplementary Table S3: pathway enrichment analysis based on
top 200 genes with most elevated expression levels, upon treatment of U87MG cell lines. (a) with
Mardepodect; (b) Regorafenib; (c) LY-294002; (d) Fucoxanthin. Supplementary Table S4: compound-
specific genes amongst the top 200 genes with most reduced expression levels in U87MG treated
with Mardepodect, Regorafenib, LY-294002 and Fucoxanthin; listed in order of increasing modulus of
fold change. Supplementary Table S5: the four U87MG cell upregulated pathways with the lowest
p-values, regulated by Mardepodect, Regorafenib, LY-294002 and Fucoxanthin, based on an analysis
of the Top 200 most elevated genes. Supplementary Table S6: pathway enrichment analysis based on
top 200 genes with most decreased expression levels, upon treatment of the U87MG cell line with (a)
Mardepodect; (b) Regorafenib; (c) LY-294002; (d) Fucoxanthin. Supplementary Table S7: cell-specific
genes amongst the top 200 genes with most elevated expression levels in U87MG, A172 and T98G
cell lines, treated with Mardepodect, listed in order of decreasing fold change. Supplementary Table
S8: cell-specific genes amongst the top 200 genes with most decreased expression levels in U87MG,
A172 and T98G cell lines, treated with Mardepodect, listed in the order of increasing modulus of fold
change. Supplementary Table S9: the four U87MG, A172 and T98G cell upregulated pathways with
the lowest p-values, regulated by Mardepodect, based on an analysis of the Top 200 most elevated
genes. Supplementary Table S10: pathway enrichment analysis based on the 200 genes with most
elevated expression levels, upon treatment of cells with Mardepodect. (a) U87MG; (b) A172; (c) T98G.
Supplementary Table S11: 4 U87MG, A172 and T98G cell downregulated pathways with the lowest
p-values, regulated by Mardepodect, based on an analysis of the Top 200 genes with most lowered
expression levels. Supplementary Table S12: pathway enrichment analysis based on top 200 genes
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with most lowered expression levels, upon treatment of cells with Mardepodect. (a) U87MG; (b)
A172; (c) T98G. Supplementary Table S13: cell-specific genes amongst the top 200 genes with most
elevated expression levels in U87MG, A172 and T98G cell lines, treated with Regorafenib, listed in
the order of decreasing fold change. Supplementary Table S14: cell-specific genes amongst the top
200 genes with most decreased expression levels in U87MG, A172 and T98G cell lines, treated with
Regorafenib, listed in the order of increasing modulus of fold change. Supplementary Table S15: the
200 genes with most elevated (a,c,e) or most lowered levels (b,d,f) of expression upon treatment,
color coded according to the Pharos database classification*. (a,b) Mardepodect; (c,d) Regorafenib;
(e,f) LY-294002 and Fucoxanthin.

Author Contributions: Conceptualization, D.S.B., V.S., L.-L.P., G.L. and L.K.; Methodology, L.-L.P.,
L.K., D.S.B. and G.L.; Software, L.-L.P. and V.S.; Validation, L.-L.P., L.K. and V.S.; Investigation,
L.K. and L.-L.P.; Formal analysis, V.S., L.-L.P. and L.K.; Resources, D.S.B. and G.L.; Data curation,
V.S. and L.-L.P.; Writing—original draft preparation, D.S.B.; Writing—review and editing, D.S.B.
and V.S.; Visualization, V.S., L.K. and D.S.B.; Supervision, D.S.B. and G.L.; Project administration,
D.S.B.; Funding acquisition, D.S.B. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was funded by the Brain Tumour Charity (UK) as part of the WINDOW Con-
sortium, Grant number GN-000429, and the European Union Horizon 2020 Framework Programme
for Research and Innovation (2014–2020), EC Grant Agreement Number 727892.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: All data used in this publication are reported within it.

Acknowledgments: The authors acknowledge the advice and encouragement of many colleagues,
especially Paul England, Ed Zanders, Bart Westerman, and Fredrik Svensson. The publication is
dedicated to Clare Bailey (1957–2011).

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or
in the decision to publish the results.

References
1. Sottoriva, A.; Spiteri, I.; Piccirillo, S.G.M.; Touloumis, A.; Collins, V.P.; Marioni, J.C.; Curtis, C.; Watts, C.; Tavare, S. Intratumor

heterogeneity in human glioblastoma reflects cancer evolutionary dynamics. Proc. Natl. Acad. Sci. USA 2013, 110, 4009–4014.
[CrossRef] [PubMed]

2. Carén, H.; Stricker, S.H.; Bulstrode, H.; Gagrica, S.; Johnstone, E.; Bartlett, T.E.; Feber, A.; Wilson, G.; Teschendorff, A.E.; Bertone,
P.; et al. Glioblastoma stem cells respond to differentiation cues but fail to undergo commitment and terminal cell-cycle arrest.
Stem Cell Rep. 2015, 5, 829–842. [CrossRef]

3. Engström, P.G.; Tommei, D.; Stricker, S.H.; Ender, C.; Pollard, S.M.; Bertone, P. Digital transcriptome profiling of normal and
glioblastoma-derived neural stem cells identifies genes associated with patient survival. Genome Med. 2012, 4, 76. [CrossRef]
[PubMed]

4. Wang, L.; Babikir, H.; Müller, S.; Yagnik, G.; Shamardani, K.; Catalan, F.; Kohanbash, G.; Alvarado, B.; Di Lullo, E.; Kriegstein, A.;
et al. The phenotypes of proliferating glioblastoma cells reside on a single axis of variation. Cancer Discov. 2019, 9, 1708–1719.
[CrossRef] [PubMed]

5. Neftel, C.; Laffy, J.; Filbin, M.G.; Hara, T.; Shore, M.E.; Rahme, G.J.; Richman, A.R.; Silverbush, D.; Shaw, M.L.; Hebert, C.M.; et al.
An integrative model of cellular states, plasticity and genetics for glioblastoma. Cell 2019, 178, 835–849.e21. [CrossRef] [PubMed]

6. The ICGC/TCGA pan-cancer analysis of whole genomes consortium. Pan-cancer analysis of whole genomes. Nature 2020, 578,
82–93. [CrossRef]

7. Zanders, E.D.; Svensson, F.; Bailey, D.S. Therapy for glioblastoma: Is it working? Drug Discov. Today 2019, 24, 1193–1201.
[CrossRef] [PubMed]

8. Saleem, H.; Abdul, K.U.; Küçükosmanoglu, A.; Houweling, M.; Cornelissen, F.M.G.; Heiland, D.H.; Hegi, M.E.; Kouwenhoven,
M.C.M.; Bailey, D.; Würdinger, T.; et al. The ticking clock of EGFR therapy resistance in glioblastoma: Target independence or
target compensation. Drug Resist. Updates 2019, 43, 29–37. [CrossRef]

9. Kast, R.E.; Boockvar, J.A.; Brüning, A.; Cappello, F.; Chang, W.-W.; Cvek, B.; Dou, Q.P.; Duenas-Gonzalez, A.; Efferth, T.; Focosi,
D.; et al. A Conceptually New Treatment Approach for Relapsed Glioblastoma: Coordinated Undermining of Survival Paths with
Nine Repurposed Drugs (CUSP9) by the International Initiative for Accelerated Improvement of Glioblastoma Care. Oncotarget
2013, 4, 502–530. [CrossRef]

http://doi.org/10.1073/pnas.1219747110
http://www.ncbi.nlm.nih.gov/pubmed/23412337
http://doi.org/10.1016/j.stemcr.2015.09.014
http://doi.org/10.1186/gm377
http://www.ncbi.nlm.nih.gov/pubmed/23046790
http://doi.org/10.1158/2159-8290.CD-19-0329
http://www.ncbi.nlm.nih.gov/pubmed/31554641
http://doi.org/10.1016/j.cell.2019.06.024
http://www.ncbi.nlm.nih.gov/pubmed/31327527
http://doi.org/10.1038/s41586-020-1969-6
http://doi.org/10.1016/j.drudis.2019.03.008
http://www.ncbi.nlm.nih.gov/pubmed/30878561
http://doi.org/10.1016/j.drup.2019.04.002
http://doi.org/10.18632/oncotarget.969


Cancers 2021, 13, 3780 30 of 35

10. Gromeier, M.; Brown, M.C.; Zhang, G.; Lin, X.; Chen, Y.; Wei, Z.; Beaubier, N.; Yan, H.; He, Y.; Desjardins, A.; et al. Very low
mutation burden is a feature of inflamed recurrent glioblastomas responsive to cancer immunotherapy. Nat. Commun. 2021,
12, 352. [CrossRef] [PubMed]

11. Agliardi, G.; Liuzzi, A.R.; Hotblack, A.; De Feo, D.; Núñez, N.; Stowe, C.L.; Friebel, E.; Nannini, F.; Rindlisbacher, L.; Roberts, T.A.;
et al. Intratumoral IL-12 delivery empowers CAR-t cell immunotherapy in a pre-clinical model of glioblastoma. Nat. Commun.
2021, 12, 444. [CrossRef]

12. Gupta, P.B.; Pastushenko, I.; Skibinski, A.; Blanpain, C.; Kuperwasser, C. Phenotypic plasticity: Driver of cancer initiation,
progression and therapy resistance. Cell Stem Cell 2019, 24, 65–78. [CrossRef] [PubMed]

13. Liu, Y.; Yu, H.; Yoo, S.; Lee, E.; Laganà, A.; Parekh, S.; Schadt, E.E.; Wang, L.; Zhu, J. A network analysis of multiple myeloma
related gene signatures. Cancers 2019, 11, 1452. [CrossRef]

14. Boumahdi, S.; Sauvage, D.F.J. The great escape: Tumour cell plasticity in resistance to targeted therapy. Nat. Rev. Drug Discov.
2020, 19, 39–56. [CrossRef]

15. Swinney, D.C.; Anthony, J. How were new medicines discovered? Nat. Rev. Drug Discov. 2011, 10, 507–519. [CrossRef] [PubMed]
16. Moffat, J.G.; Rudolph, J.; Bailey, D. Phenotypic screening in cancer drug discovery-past, present and future. Nat. Rev. Drug Discov.

2014, 13, 588–602. [CrossRef] [PubMed]
17. Blagg, J.; Workman, P. Choose and use your chemical probe wisely to explore cancer biology. Cancer Cell 2017, 32, 9–25. [CrossRef]
18. Jörg, M.; Madden, K.S. The right tools for the job: The central role for next generation chemical probes and chemistry-based target

deconvolution methods in phenotypic drug discovery. RSC Med. Chem. 2021, 12, 646–665. [CrossRef]
19. Lyne, S.B.; Yamini, B. An alternative pipeline for glioblastoma therapeutics: A systematic review of drug repurposing in

glioblastoma. Cancers 2021, 13, 1953. [CrossRef] [PubMed]
20. Pruteanu, L.-L.; Kopanitsa, L.; Módos, D.; Kletnieks, E.; Samarova, E.; Bender, A.; Gomez, L.D.; Bailey, D.S. Transcriptomics

predicts compound synergy in drug and natural product treated glioblastoma cells. PLoS ONE 2020, 15, e0239551. [CrossRef]
[PubMed]

21. Menniti, F.S.; Chappie, T.A.; Humphrey, J.M.; Schmidt, C.J. Phosphodiesterase 10A inhibitors: A novel approach to the treatment
of the symptoms of schizophrenia. Curr. Opin. Investig. Drugs 2007, 8, 54–59. [PubMed]

22. Verhoest, P.R.; Chapin, D.S.; Corman, M.; Fonseca, K.; Harms, J.F.; Hou, X.; Marr, E.S.; Menniti, F.S.; Nelson, F.; O’Connor, R.;
et al. Discovery of a novel class of phosphodiesterase 10a inhibitors and identification of clinical candidate 2-[4-(1-Methyl-4-
Pyridin-4-Yl-1H-Pyrazol-3-Yl)-Phenoxymethyl]-Quinoline (PF-2545920) for the treatment of schizophrenia. J. Med. Chem. 2009,
52, 5188–5196. [CrossRef]

23. Walling, D.P.; Banerjee, A.; Dawra, V.; Boyer, S.; Schmidt, C.J.; de Martinis, N. Phosphodiesterase 10A inhibitor monotherapy is
not an effective treatment of acute schizophrenia. J. Clin. Psychopharmacol. 2019, 39, 575–582. [CrossRef] [PubMed]

24. Rodrigues, F.B.; Wild, E.J. Clinical trials corner: September 2017. J. Huntingt. Dis. 2017, 6, 255–263. [CrossRef] [PubMed]
25. Grothey, A.; Blay, J.-Y.; Pavlakis, N.; Yoshino, T.; Bruix, J. Evolving role of regorafenib for the treatment of advanced cancers.

Cancer Treat. Rev. 2020, 86, 101993. [CrossRef] [PubMed]
26. Wilhelm, S.M.; Dumas, J.; Adnane, L.; Lynch, M.; Carter, C.A.; Schütz, G.; Thierauch, K.-H.; Zopf, D. Regorafenib (BAY 73-4506):

A new oral multikinase inhibitor of angiogenic, stromal and oncogenic receptor tyrosine kinases with potent preclinical antitumor
activity. Int. J. Cancer 2011, 129, 245–255. [CrossRef]

27. Lombardi, G.; De Salvo, G.L.; Brandes, A.A.; Eoli, M.; Rudà, R.; Faedi, M.; Lolli, I.; Pace, A.; Daniele, B.; Pasqualetti, F.; et al.
Regorafenib compared with lomustine in patients with relapsed glioblastoma (REGOMA): A multicentre, open-label, randomised,
controlled, phase 2 trial. Lancet Oncol. 2019, 20, 110–119. [CrossRef]

28. Alexander, B.M.; Ba, S.; Berger, M.S.; Berry, D.A.; Cavenee, W.K.; Chang, S.M.; Cloughesy, T.F.; Jiang, T.; Khasraw, M.; Li, W.; et al.
Adaptive global innovative learning environment for glioblastoma: GBM AGILE. Clin. Cancer Res. 2018, 24, 737–743. [CrossRef]

29. Safitri, D.; Harris, M.; Potter, H.; Yan Yeung, H.; Winfield, I.; Kopanitsa, L.; Svensson, F.; Rahman, T.; Harper, M.T.; Bailey, D.; et al.
Elevated intracellular cAMP concentration mediates growth suppression in glioma cells. Biochem. Pharmacol. 2020, 174, 113823.
[CrossRef]

30. Veroli, D.G.Y.; Fornari, C.; Wang, D.; Mollard, S.; Bramhall, J.L.; Richards, F.M.; Jodrell, D.I. Combenefit: An interactive platform
for the analysis and visualization of drug combinations. Bioinformatics 2016, 32, 2866–2868. [CrossRef] [PubMed]

31. Irizarry, R.A. Exploration, normalization and summaries of high density oligonucleotide array probe level data. Biostatistics 2003,
4, 249–264. [CrossRef] [PubMed]

32. Nguyen, D.-T.; Mathias, S.; Bologa, C.; Brunak, S.; Fernandez, N.; Gaulton, A.; Hersey, A.; Holmes, J.; Jensen, L.J.; Karlsson, A.;
et al. Pharos: Collating protein information to shed light on the druggable genome. Nucleic Acids Res. 2017, 45, D995–D1002.
[CrossRef] [PubMed]

33. Svensson, F.; Westerman, B.; Würdinger, T.; Bailey, D. GBM drug bank—A new resource for glioblastoma drug discovery and
informatics research. Neuro Oncol. 2018, 20, 1680–1681. [CrossRef] [PubMed]

34. Saelee, P.; Wongkham, S.; Puapairoj, A.; Khuntikeo, N.; Petmitr, S.; Chariyalertsak, S.; Sumethchotimaytha, W.; Karalak, A. Novel
PNLIPRP3 and DOCK8 gene expression and prognostic implications of DNA loss on chromosome 10q25.3 in hepatocellular
carcinoma. Asian Pac. J. Cancer Prev. 2009, 10, 501–506. [PubMed]

http://doi.org/10.1038/s41467-020-20469-6
http://www.ncbi.nlm.nih.gov/pubmed/33441554
http://doi.org/10.1038/s41467-020-20599-x
http://doi.org/10.1016/j.stem.2018.11.011
http://www.ncbi.nlm.nih.gov/pubmed/30554963
http://doi.org/10.3390/cancers11101452
http://doi.org/10.1038/s41573-019-0044-1
http://doi.org/10.1038/nrd3480
http://www.ncbi.nlm.nih.gov/pubmed/21701501
http://doi.org/10.1038/nrd4366
http://www.ncbi.nlm.nih.gov/pubmed/25033736
http://doi.org/10.1016/j.ccell.2017.06.005
http://doi.org/10.1039/D1MD00022E
http://doi.org/10.3390/cancers13081953
http://www.ncbi.nlm.nih.gov/pubmed/33919596
http://doi.org/10.1371/journal.pone.0239551
http://www.ncbi.nlm.nih.gov/pubmed/32946518
http://www.ncbi.nlm.nih.gov/pubmed/17263185
http://doi.org/10.1021/jm900521k
http://doi.org/10.1097/JCP.0000000000001128
http://www.ncbi.nlm.nih.gov/pubmed/31688451
http://doi.org/10.3233/JHD-170262
http://www.ncbi.nlm.nih.gov/pubmed/28968245
http://doi.org/10.1016/j.ctrv.2020.101993
http://www.ncbi.nlm.nih.gov/pubmed/32199197
http://doi.org/10.1002/ijc.25864
http://doi.org/10.1016/S1470-2045(18)30675-2
http://doi.org/10.1158/1078-0432.CCR-17-0764
http://doi.org/10.1016/j.bcp.2020.113823
http://doi.org/10.1093/bioinformatics/btw230
http://www.ncbi.nlm.nih.gov/pubmed/27153664
http://doi.org/10.1093/biostatistics/4.2.249
http://www.ncbi.nlm.nih.gov/pubmed/12925520
http://doi.org/10.1093/nar/gkw1072
http://www.ncbi.nlm.nih.gov/pubmed/27903890
http://doi.org/10.1093/neuonc/noy122
http://www.ncbi.nlm.nih.gov/pubmed/30137543
http://www.ncbi.nlm.nih.gov/pubmed/19640199


Cancers 2021, 13, 3780 31 of 35

35. Junes-Gill, K.S.; Lawrence, C.E.; Wheeler, C.J.; Cordner, R.; Gill, T.G.; Mar, V.; Shiri, L.; Basile, L.A. Human hematopoietic
signal peptide-containing secreted 1 (HHSS1) modulates genes and pathways in glioma: Implications for the regulation of
tumorigenicity and angiogenesis. BMC Cancer 2014, 14, 920. [CrossRef] [PubMed]

36. The Human Protein Atlas: PNLIPRP3. Available online: https://www.proteinatlas.org/ENSG00000203837-PNLIPRP3 (accessed
on 2 June 2021).

37. Liu, T.-T.; Liu, X.-T.; Chen, Q.-X.; Shi, Y. Lipase inhibitors for obesity: A review. Biomed. Pharmacother. 2020, 128, 110314. [CrossRef]
38. Whitelaw, J.A.; Lilla, S.; Paul, N.R.; Fort, L.; Zanivan, S.; Machesky, L.M. CYRI/Fam49 proteins represent a new class of rac1

interactors. Commun. Integr. Biol. 2019, 12, 112–118. [CrossRef]
39. Fort, L.; Batista, J.M.; Thomason, P.A.; Spence, H.J.; Whitelaw, J.A.; Tweedy, L.; Greaves, J.; Martin, K.J.; Anderson, K.I.; Brown, P.;

et al. Fam49/CYRI interacts with rac1 and locally suppresses protrusions. Nat. Cell Biol. 2018, 20, 1159–1171. [CrossRef]
40. The Human Protein Atlas: FAM49A. Available online: https://www.proteinatlas.org/ENSG00000197872-FAM49A (accessed on

2 June 2021).
41. Kaplan, E.; Stone, R.; Hume, P.J.; Greene, N.P.; Koronakis, V. Structure of CYRI-B (FAM49B), a key regulator of cellular actin

assembly. Acta Crystallogr. Sect. D Struct. Biol. 2020, 76, 1015–1024. [CrossRef] [PubMed]
42. Shnaper, S.; Desbaillets, I.; Brown, D.A.; Murat, A.; Migliavacca, E.; Schluep, M.; Ostermann, S.; Hamou, M.-F.; Stupp, R.; Breit,

S.N.; et al. Elevated levels of MIC-1/GDF15 in the cerebrospinal fluid of patients are associated with glioblastoma and worse
outcome. Int. J. Cancer 2009, 125, 2624–2630. [CrossRef]

43. Codó, P.; Weller, M.; Kaulich, K.; Schraivogel, D.; Silginer, M.; Reifenberger, G.; Meister, G.; Roth, P. Control of glioma cell
migration and invasiveness by GDF-15. Oncotarget 2016, 7, 7732–7746. [CrossRef]

44. Roth, P.; Junker, M.; Tritschler, I.; Mittelbronn, M.; Dombrowski, Y.; Breit, S.N.; Tabatabai, G.; Wick, W.; Weller, M.; Wischhusen, J.
GDF-15 contributes to proliferation and immune escape of malignant gliomas. Clin. Cancer Res. 2010, 16, 3851–3859. [CrossRef]
[PubMed]

45. Wischhusen, J.; Melero, I.; Fridman, W.H. Growth/Differentiation Factor-15 (GDF-15): From biomarker to novel targetable
immune checkpoint. Front. Immunol. 2020, 11, 951. [CrossRef] [PubMed]

46. Tang, Z.; Chen, H.; Zhong, D.; Wei, W.; Liu, L.; Duan, Q.; Han, B.; Li, G. TRIB3 facilitates glioblastoma progression via restraining
autophagy. Aging 2020, 12, 25020–25034. [CrossRef] [PubMed]

47. Wang, S.; Wang, C.; Li, X.; Hu, Y.; Gou, R.; Guo, Q.; Nie, X.; Liu, J.; Zhu, L.; Lin, B. Down-Regulation of TRIB3 inhibits the
progression of ovarian cancer via mek/erk signaling pathway. Cancer Cell Int. 2020, 20, 418. [CrossRef] [PubMed]

48. Lu, Y.; Li, L.; Chen, L.; Gao, Y.; Chen, X.; Cao, Y. TRIB3 confers glioma cell stemness via interacting with B-catenin. Environ.
Toxicol. 2020, 35, 697–706. [CrossRef]

49. Li, Z.; Chen, Y.; An, T.; Liu, P.; Zhu, J.; Yang, H.; Zhang, W.; Dong, T.; Jiang, J.; Zhang, Y.; et al. Nuciferine inhibits the progression
of glioblastoma by suppressing the SOX2-AKT/STAT3-Slug signaling pathway. J. Exp. Clin. Cancer Res. 2019, 38, 139. [CrossRef]

50. Sui, A.; Xu, Y.; Yang, J.; Pan, B.; Wu, J.; Guo, T.; Shen, Y.; Guo, X. The histone H3 Lys 27 demethylase KDM6B promotes migration
and invasion of glioma cells partly by regulating the expression of SNAI1. Neurochem. Int. 2019, 124, 123–129. [CrossRef]

51. Min, D.-J.; Zhao, Y.; Monks, A.; Palmisano, A.; Hose, C.; Teicher, B.A.; Doroshow, J.H.; Simon, R.M. Identification of pharmacody-
namic biomarkers and common molecular mechanisms of response to genotoxic agents in cancer cell lines. Cancer Chemother
Pharm. 2019, 84, 771–780. [CrossRef]

52. Tang, Q.; Ren, L.; Liu, J.; Li, W.; Zheng, X.; Wang, J.; Du, G. Withaferin A triggers G2/M arrest and intrinsic apoptosis in
glioblastoma cells via ATF4-ATF3-CHOP axis. Cell Prolif. 2020, 53. [CrossRef]

53. Van Noorden, C.J.F.; Hira, V.V.V.; van Dijck, A.J.; Novak, M.; Breznik, B.; Molenaar, R.J. Energy metabolism in IDH1 wild-type
and IDH1-Mutated glioblastoma stem cells: A novel target for therapy? Cells 2021, 10, 705. [CrossRef] [PubMed]

54. Perissi, V.; Aggarwal, A.; Glass, C.K.; Rose, D.W.; Rosenfeld, M.G. A corepressor/coactivator exchange complex required for
transcriptional activation by nuclear receptors and other regulated transcription factors. Cell 2004, 116, 511–526. [CrossRef]

55. Hu, Y.; Ylivinkka, I.; Chen, P.; Li, L.; Hautaniemi, S.; Nyman, T.A.; Keski-Oja, J.; Hyytiäinen, M. Netrin-4 promotes glioblastoma
cell proliferation through integrin B4 signaling. Neoplasia 2012, 14, 219–227. [CrossRef] [PubMed]

56. Tang, X.; Jang, S.-W.; Okada, M.; Chan, C.-B.; Feng, Y.; Liu, Y.; Luo, S.-W.; Hong, Y.; Rama, N.; Xiong, W.-C.; et al. Netrin-1
mediates neuronal survival through pike-l interaction with the dependence receptor UNC5B. Nat. Cell Biol. 2008, 10, 698–706.
[CrossRef]

57. Pyrzynska, B.; Banach-Orlowska, M.; Teperek-Tkacz, M.; Miekus, K.; Drabik, G.; Majka, M.; Miaczynska, M. Multifunctional
protein APPL2 contributes to survival of human glioma cells. Mol. Oncol. 2013, 7, 67–84. [CrossRef] [PubMed]

58. Shimizu, A.; Nakayama, H.; Wang, P.; König, C.; Akino, T.; Sandlund, J.; Coma, S.; Italiano, J.E.; Mammoto, A.; Bielenberg, D.R.;
et al. Netrin-1 promotes glioblastoma cell invasiveness and angiogenesis by multiple pathways including activation of RhoA,
Cathepsin B and CAMP-Response element-binding protein. J. Biol. Chem. 2013, 288, 2210–2222. [CrossRef]

59. Ylivinkka, I.; Hu, Y.; Chen, P.; Rantanen, V.; Hautaniemi, S.; Nyman, T.A.; Keski-Oja, J.; Hyytiäinen, M. Netrin-1 induced
activation of notch signaling mediates glioblastoma cell invasion. J. Cell Sci. 2013, 126, 2459–2469. [CrossRef] [PubMed]

60. Emanuele, M.J.; Enrico, T.P.; Mouery, R.D.; Wasserman, D.; Nachum, S.; Tzur, A. Complex cartography: Regulation of E2F
Transcription factors by Cyclin F and ubiquitin. Trends Cell Biol. 2020, 30, 640–652. [CrossRef]

61. Lee, S.; Park, Y.R.; Kim, S.; Park, E.; Kang, M.J.; So, I.; Chun, J.N.; Jeon, J. Geraniol suppresses prostate cancer growth through
down-regulation of E2F8. Cancer Med. 2016, 5, 2899–2908. [CrossRef]

http://doi.org/10.1186/1471-2407-14-920
http://www.ncbi.nlm.nih.gov/pubmed/25481245
https://www.proteinatlas.org/ENSG00000203837-PNLIPRP3
http://doi.org/10.1016/j.biopha.2020.110314
http://doi.org/10.1080/19420889.2019.1643665
http://doi.org/10.1038/s41556-018-0198-9
https://www.proteinatlas.org/ENSG00000197872-FAM49A
http://doi.org/10.1107/S2059798320010906
http://www.ncbi.nlm.nih.gov/pubmed/33021503
http://doi.org/10.1002/ijc.24639
http://doi.org/10.18632/oncotarget.6816
http://doi.org/10.1158/1078-0432.CCR-10-0705
http://www.ncbi.nlm.nih.gov/pubmed/20534737
http://doi.org/10.3389/fimmu.2020.00951
http://www.ncbi.nlm.nih.gov/pubmed/32508832
http://doi.org/10.18632/aging.103969
http://www.ncbi.nlm.nih.gov/pubmed/33203798
http://doi.org/10.1186/s12935-020-01509-z
http://www.ncbi.nlm.nih.gov/pubmed/32874132
http://doi.org/10.1002/tox.22905
http://doi.org/10.1186/s13046-019-1134-y
http://doi.org/10.1016/j.neuint.2019.01.006
http://doi.org/10.1007/s00280-019-03898-z
http://doi.org/10.1111/cpr.12706
http://doi.org/10.3390/cells10030705
http://www.ncbi.nlm.nih.gov/pubmed/33810170
http://doi.org/10.1016/S0092-8674(04)00133-3
http://doi.org/10.1593/neo.111396
http://www.ncbi.nlm.nih.gov/pubmed/22496621
http://doi.org/10.1038/ncb1732
http://doi.org/10.1016/j.molonc.2012.08.003
http://www.ncbi.nlm.nih.gov/pubmed/22989406
http://doi.org/10.1074/jbc.M112.397398
http://doi.org/10.1242/jcs.120022
http://www.ncbi.nlm.nih.gov/pubmed/23549787
http://doi.org/10.1016/j.tcb.2020.05.002
http://doi.org/10.1002/cam4.864


Cancers 2021, 13, 3780 32 of 35

62. Teng, J.; Hejazi, S.; Hiddingh, L.; Carvalho, L.; de Gooijer, M.C.; Wakimoto, H.; Barazas, M.; Tannous, M.; Chi, A.S.; Noske, D.P.;
et al. Recycling drug screen repurposes hydroxyurea as a sensitizer of glioblastomas to temozolomide targeting de novo DNA
synthesis, irrespective of molecular subtype. Neuro Oncol. 2018, 20, 642–654. [CrossRef]

63. Mondal, P.; Sen, S.; Klein, B.J.; Tiwary, N.; Gadad, S.S.; Kutateladze, T.G.; Roy, S.; Das, C. TCF19 promotes cell proliferation
through binding to the histone H3K4me3 mark. Biochemistry 2020, 59, 389–399. [CrossRef]

64. Hoffmann, S.; Pentakota, S.; Mund, A.; Haahr, P.; Coscia, F.; Gallo, M.; Mann, M.; Taylor, N.M.; Mailand, N. FAM111 protease
activity undermines cellular fitness and is amplified by gain-of-function mutations in human disease. EMBO Rep. 2020, 21.
[CrossRef] [PubMed]

65. Kawasaki, K.; Nojima, S.; Hijiki, S.; Tahara, S.; Ohshima, K.; Matsui, T.; Hori, Y.; Kurashige, M.; Umeda, D.; Kiyokawa, H.; et al.
FAM111B enhances proliferation of KRAS-driven lung adenocarcinoma by degrading P16. Cancer Sci. 2020, 111, 2635–2646.
[CrossRef] [PubMed]

66. Richter, J.D.; Bassell, G.J.; Klann, E. Dysregulation and restoration of translational homeostasis in fragile X syndrome. Nat. Rev.
Neurosci. 2015, 16, 595–605. [CrossRef]

67. Tejero, R.; Huang, Y.; Katsyv, I.; Kluge, M.; Lin, J.Y.; Tome-Garcia, J.; Daviaud, N.; Wang, Y.; Zhang, B.; Tsankova, N.M.; et al. Gene
signatures of quiescent glioblastoma cells reveal mesenchymal shift and interactions with niche microenvironment. EBioMedicine
2019, 42, 252–269. [CrossRef]

68. Emmerson, P.J.; Duffin, K.L.; Chintharlapalli, S.; Wu, X. GDF15 and growth control. Front. Physiol. 2018, 9, 1712. [CrossRef]
[PubMed]

69. Cheng, K.; Shi, J.; Liu, Z.; Jia, Y.; Qin, Q.; Zhang, H.; Wan, S.; Niu, Z.; Lu, L.; Sun, J.; et al. A panel of five plasma proteins for
the early diagnosis of hepatitis B virus-related hepatocellular carcinoma in individuals at risk. EBioMedicine 2020, 52, 102638.
[CrossRef]

70. Dedobbeleer, M.; Willems, E.; Freeman, S.; Lombard, A.; Goffart, N.; Rogister, B. Phosphatases and solid tumors: Focus on
glioblastoma initiation, progression and recurrences. Biochem. J. 2017, 474, 2903–2924. [CrossRef]

71. Sonntag, T.; Vaughan, J.M.; Montminy, M. 14-3-3 proteins mediate inhibitory effects of cAMP on Salt-inducible Kinases (SIK s).
FEBS J. 2018, 285, 467–480. [CrossRef]

72. Ahmadi, M.; Amiri, S.; Pecic, S.; Machaj, F.; Rosik, J.; Łos, M.J.; Alizadeh, J.; Mahdian, R.; da Silva Rosa, S.C.; Schaafsma, D.; et al.
Pleiotropic effects of statins: A focus on cancer. Biochim. Biophys. Acta BBA Mol. Basis Dis. 2020, 1866, 165968. [CrossRef]

73. Sunde, M.; McGrath, K.C.Y.; Young, L.; Matthews, J.M.; Chua, E.L.; Mackay, J.P.; Death, A.K. TC-1 is a novel tumorigenic and
natively disordered protein associated with thyroid cancer. Cancer Res. 2004, 64, 2766–2773. [CrossRef]

74. Lei, J.; Li, W.; Yang, Y.; Lu, Q.; Zhang, N.; Bai, G.; Zhong, D.; Su, K.; Liu, B.; Li, X.; et al. TC-1 overexpression promotes cell
proliferation in human non-small cell lung cancer that can be inhibited by PD173074. PLoS ONE 2014, 9, e100075. [CrossRef]
[PubMed]

75. Cronin, R.; Brooke, G.N.; Prischi, F. The role of the P90 ribosomal S6 kinase family in prostate cancer progression and therapy
resistance. Oncogene 2021, 40, 3775–3785. [CrossRef] [PubMed]

76. Sulzmaier, F.J.; Young-Robbins, S.; Jiang, P.; Geerts, D.; Prechtl, A.M.; Matter, M.L.; Kesari, S.; Ramos, J.W. RSK2 activity mediates
glioblastoma invasiveness and is a potential target for new therapeutics. Oncotarget 2016, 7, 79869–79884. [CrossRef]

77. Mahajan-Thakur, S.; Bien-Möller, S.; Marx, S.; Schroeder, H.; Rauch, B. Sphingosine 1-Phosphate (S1P) signaling in glioblastoma
multiforme-A systematic review. Int. J. Mol. Sci. 2017, 18, 2448. [CrossRef]

78. Loeffler, S.; Fayard, B.; Weis, J.; Weissenberger, J. Interleukin-6 induces transcriptional activation of Vascular Endothelial Growth
Factor (VEGF) in astrocytesin vivo and regulatesVEGF promoter activity in glioblastoma cells via direct interaction between
STAT3 and Sp1. Int. J. Cancer 2005, 115, 202–213. [CrossRef] [PubMed]

79. Sferrazzo, G.; Di Rosa, M.; Barone, E.; Li Volti, G.; Musso, N.; Tibullo, D.; Barbagallo, I. Heme Oxygenase-1 in central nervous
system malignancies. J. Clin. Med. 2020, 9, 1562. [CrossRef]

80. Shono, K.; Yamaguchi, I.; Mizobuchi, Y.; Kagusa, H.; Sumi, A.; Fujihara, T.; Nakajima, K.; Kitazato, K.T.; Matsuzaki, K.; Saya,
H.; et al. Downregulation of the CCL2/CCR2 and CXCL10/CXCR3 axes contributes to antitumor effects in a mouse model of
malignant glioma. Sci. Rep. 2020, 10, 15286. [CrossRef]

81. Groblewska, M.; Litman-Zawadzka, A.; Mroczko, B. The role of selected chemokines and their receptors in the development of
gliomas. Int. J. Mol. Sci. 2020, 21, 3704. [CrossRef]

82. Ströbele, S.; Schneider, M.; Schneele, L.; Siegelin, M.D.; Nonnenmacher, L.; Zhou, S.; Karpel-Massle, G.; Westhoff, M.-A.; Halatsch,
M.-E.; Debatin, K.-M. A potential role for the inhibition of PI3K signaling in glioblastoma therapy. PLoS ONE 2015, 10, e0131670.
[CrossRef]

83. Ahmad, F.; Sun, Q.; Patel, D.; Stommel, J. Cholesterol metabolism: A potential therapeutic target in glioblastoma. Cancers 2019,
11, 146. [CrossRef]

84. Nakakuki, M.; Kawano, H.; Notsu, T.; Imada, K.; Mizuguchi, K.; Shimano, H. A novel processing system of sterol regulatory
element-binding protein-1c regulated by polyunsaturated fatty acid. J. Biochem. 2014, 155, 301–313. [CrossRef] [PubMed]

85. Pharos: PNLIPRP3 (Pancreatic Lipase-Related Protein 3). Available online: https://pharos.nih.gov/targets/Q17RR3 (accessed on
2 June 2021).

86. Hattermann, K.; Held-Feindt, J.; Lucius, R.; Müerköster, S.S.; Penfold, M.E.T.; Schall, T.J.; Mentlein, R. The chemokine receptor
CXCR7 is highly expressed in human glioma cells and mediates antiapoptotic effects. Cancer Res. 2010, 70, 3299–3308. [CrossRef]

http://doi.org/10.1093/neuonc/nox198
http://doi.org/10.1021/acs.biochem.9b00771
http://doi.org/10.15252/embr.202050662
http://www.ncbi.nlm.nih.gov/pubmed/32776417
http://doi.org/10.1111/cas.14483
http://www.ncbi.nlm.nih.gov/pubmed/32418298
http://doi.org/10.1038/nrn4001
http://doi.org/10.1016/j.ebiom.2019.03.064
http://doi.org/10.3389/fphys.2018.01712
http://www.ncbi.nlm.nih.gov/pubmed/30542297
http://doi.org/10.1016/j.ebiom.2020.102638
http://doi.org/10.1042/BCJ20170112
http://doi.org/10.1111/febs.14351
http://doi.org/10.1016/j.bbadis.2020.165968
http://doi.org/10.1158/0008-5472.CAN-03-2093
http://doi.org/10.1371/journal.pone.0100075
http://www.ncbi.nlm.nih.gov/pubmed/24941347
http://doi.org/10.1038/s41388-021-01810-9
http://www.ncbi.nlm.nih.gov/pubmed/33972681
http://doi.org/10.18632/oncotarget.13084
http://doi.org/10.3390/ijms18112448
http://doi.org/10.1002/ijc.20871
http://www.ncbi.nlm.nih.gov/pubmed/15688401
http://doi.org/10.3390/jcm9051562
http://doi.org/10.1038/s41598-020-71857-3
http://doi.org/10.3390/ijms21103704
http://doi.org/10.1371/journal.pone.0131670
http://doi.org/10.3390/cancers11020146
http://doi.org/10.1093/jb/mvu019
http://www.ncbi.nlm.nih.gov/pubmed/24729033
https://pharos.nih.gov/targets/Q17RR3
http://doi.org/10.1158/0008-5472.CAN-09-3642


Cancers 2021, 13, 3780 33 of 35

87. Karki, K.; Li, X.; Jin, U.-H.; Mohankumar, K.; Zarei, M.; Michelhaugh, S.K.; Mittal, S.; Tjalkens, R.; Safe, S. Nuclear Receptor 4A2
(NR4A2) is a druggable target for glioblastomas. J. Neuro Oncol. 2020, 146, 25–39. [CrossRef] [PubMed]

88. Löw, S.; Vougioukas, V.I.; Hielscher, T.; Schmidt, U.; Unterberg, A.; Halatsch, M.E. Pathogenetic pathways leading to glioblastoma
multiforme: Association between gene expressions and resistance to erlotinib. Anticancer Res. 2008, 28, 3729–3732. [PubMed]

89. Rahane, C.S.; Kutzner, A.; Heese, K. A cancer tissue-specific FAM72 expression profile defines a novel glioblastoma multiform
(GBM) gene-mutation signature. J. Neurooncol. 2019, 141, 57–70. [CrossRef] [PubMed]

90. Banelli, B.; Carra, E.; Barbieri, F.; Würth, R.; Parodi, F.; Pattarozzi, A.; Carosio, R.; Forlani, A.; Allemanni, G.; Marubbi, D.; et al.
The histone demethylase KDM5A is a key factor for the resistance to temozolomide in glioblastoma. Cell Cycle 2015, 14, 3418–3429.
[CrossRef]

91. McAllister, T.E.; England, K.S.; Hopkinson, R.J.; Brennan, P.E.; Kawamura, A.; Schofield, C.J. Recent progress in histone
demethylase inhibitors. J. Med. Chem. 2016, 59, 1308–1329. [CrossRef]

92. Banelli, B.; Daga, A.; Forlani, A.; Allemanni, G.; Marubbi, D.; Pistillo, M.P.; Profumo, A.; Romani, M. Small molecules targeting
histone demethylase genes (KDMs) inhibit growth of temozolomide-resistant glioblastoma cells. Oncotarget 2017, 8, 34896–34910.
[CrossRef]

93. Mahdessian, D.; Cesnik, A.J.; Gnann, C.; Danielsson, F.; Stenström, L.; Arif, M.; Zhang, C.; Le, T.; Johansson, F.; Shutten, R.; et al.
Spatiotemporal dissection of the cell cycle with single-cell proteogenomics. Nature 2021, 590, 649–654. [CrossRef]

94. Fung, N.H.; Grima, C.A.; Widodo, S.S.; Kaye, A.H.; Whitehead, C.A.; Stylli, S.S.; Mantamadiotis, T. Understanding and exploiting
cell signalling convergence nodes and pathway cross-talk in malignant brain cancer. Cell. Signal. 2019, 57, 2–9. [CrossRef]

95. Qiu, Z.; Yuan, W.; Chen, T.; Zhou, C.; Liu, C.; Huang, Y.; Han, D.; Huang, Q. HMGCR positively regulated the growth and
migration of glioblastoma cells. Gene 2016, 576, 22–27. [CrossRef]

96. Cote, D.J.; Rosner, B.A.; Smith-Warner, S.A.; Egan, K.M.; Stampfer, M.J. Statin use, hyperlipidemia and risk of glioma. Eur. J.
Epidemiol. 2019, 34, 997–1011. [CrossRef]

97. Taub, M. Salt inducible kinase signaling networks: Implications for acute kidney injury and therapeutic potential. Int. J. Mol. Sci.
2019, 20, 3219. [CrossRef]

98. Leone, P.E.; González, M.B.; Elosua, C.; Gómez-Moreta, J.A.; Lumbreras, E.; Robledo, C.; Santos-Briz, A.; Valero, J.M.; de la
Guardia, R.D.; Gutiérrez, N.C.; et al. Integration of global spectral karyotyping, CGH arrays and expression arrays reveals
important genes in the pathogenesis of glioblastoma multiforme. Ann. Surg. Oncol. 2012, 19, 2367–2379. [CrossRef] [PubMed]

99. Sundberg, T.B.; Liang, Y.; Wu, H.; Choi, H.G.; Kim, N.D.; Sim, T.; Johannessen, L.; Petrone, A.; Khor, B.; Graham, D.B.; et al.
Development of chemical probes for investigation of salt-inducible kinase function in vivo. ACS Chem. Biol. 2016, 11, 2105–2111.
[CrossRef]

100. Martin, M.W.; Newcomb, J.; Nunes, J.J.; McGowan, D.C.; Armistead, D.M.; Boucher, C.; Buchanan, J.L.; Buckner, W.; Chai, L.;
Elbaum, D.; et al. Novel 2-Aminopyrimidine carbamates as potent and orally active inhibitors of Lck: Synthesis, SAR and in vivo
antiinflammatory activity. J. Med. Chem. 2006, 49, 4981–4991. [CrossRef]

101. Tan, S.K.; Jermakowicz, A.; Mookhtiar, A.K.; Nemeroff, C.B.; Schürer, S.C.; Ayad, N.G. Drug repositioning in glioblastoma: A
pathway perspective. Front. Pharmacol. 2018, 9, 218. [CrossRef] [PubMed]

102. Jeter, J.M.; Bowles, T.L.; Curiel-Lewandrowski, C.; Swetter, S.M.; Filipp, F.V.; Abdel-Malek, Z.A.; Geskin, L.J.; Brewer, J.D.; Arbiser,
J.L.; Gershenwald, J.E.; et al. Chemoprevention agents for melanoma: A path forward into phase 3 clinical trials. Cancer 2019, 125,
18–44. [CrossRef] [PubMed]

103. Nishimori, S.; O’Meara, M.J.; Castro, C.D.; Noda, H.; Cetinbas, M.; da Silva Martins, J.; Ayturk, U.; Brooks, D.J.; Bruce, M.; Nagata,
M.; et al. Salt-Inducible kinases dictate parathyroid hormone 1 receptor action in bone development and remodeling. J. Clin.
Investig. 2019, 129, 5187–5203. [CrossRef]

104. Wein, M.N.; Foretz, M.; Fisher, D.E.; Xavier, R.J.; Kronenberg, H.M. Salt-Inducible kinases: Physiology, regulation by CAMP, and
therapeutic potential. Trends Endocrinol. Metab. 2018, 29, 723–735. [CrossRef] [PubMed]

105. Clark, K.; MacKenzie, K.F.; Petkevicius, K.; Kristariyanto, Y.; Zhang, J.; Choi, H.G.; Peggie, M.; Plater, L.; Pedrioli, P.G.A.;
McIver, E.; et al. Phosphorylation of CRTC3 by the salt-inducible kinases controls the interconversion of classically activated and
regulatory macrophages. Proc. Natl. Acad. Sci. USA 2012, 109, 16986–16991. [CrossRef] [PubMed]

106. Sundberg, T.B.; Choi, H.G.; Song, J.-H.; Russell, C.N.; Hussain, M.M.; Graham, D.B.; Khor, B.; Gagnon, J.; O’Connell, D.J.;
Narayan, K.; et al. Small-Molecule screening identifies inhibition of salt-inducible kinases as a therapeutic strategy to enhance
immunoregulatory functions of dendritic cells. Proc. Natl. Acad. Sci. USA 2014, 111, 12468–12473. [CrossRef]

107. Brantley, E.C.; Benveniste, E.N. Signal transducer and activator of transcription-3: A molecular hub for signaling pathways in
gliomas. Mol. Cancer Res. 2008, 6, 675–684. [CrossRef]

108. Mukthavaram, R.; Ouyang, X.; Saklecha, R.; Jiang, P.; Nomura, N.; Pingle, S.C.; Guo, F.; Makale, M.; Kesari, S. Effect of the
JAK2/STAT3 inhibitor SAR317461 on human glioblastoma tumorspheres. J. Transl. Med. 2015, 13, 269. [CrossRef]

109. Ioannidis, S.; Lamb, M.L.; Wang, T.; Almeida, L.; Block, M.H.; Davies, A.M.; Peng, B.; Su, M.; Zhang, H.-J.; Hoffmann, E.;
et al. Discovery of 5-Chloro-N2-[(1 S)-1-(5-Fluoropyrimidin-2-Yl)Ethyl]-N4-(5-Methyl-1 H-Pyrazol-3-Yl)Pyrimidine-2,4-Diamine
(AZD1480) as a novel inhibitor of the Jak/Stat pathway. J. Med. Chem. 2011, 54, 262–276. [CrossRef] [PubMed]

110. Wong, R.A.; Luo, X.; Lu, M.; An, Z.; Haas-Kogan, D.A.; Phillips, J.J.; Shokat, K.M.; Weiss, W.A.; Fan, Q.W. Cooperative blockade
of PKCα and JAK2 drives apoptosis in glioblastoma. Cancer Res. 2020, 80, 709–718. [CrossRef] [PubMed]

http://doi.org/10.1007/s11060-019-03349-y
http://www.ncbi.nlm.nih.gov/pubmed/31754919
http://www.ncbi.nlm.nih.gov/pubmed/19189657
http://doi.org/10.1007/s11060-018-03029-3
http://www.ncbi.nlm.nih.gov/pubmed/30414097
http://doi.org/10.1080/15384101.2015.1090063
http://doi.org/10.1021/acs.jmedchem.5b01758
http://doi.org/10.18632/oncotarget.16820
http://doi.org/10.1038/s41586-021-03232-9
http://doi.org/10.1016/j.cellsig.2019.01.011
http://doi.org/10.1016/j.gene.2015.09.067
http://doi.org/10.1007/s10654-019-00565-8
http://doi.org/10.3390/ijms20133219
http://doi.org/10.1245/s10434-011-2202-5
http://www.ncbi.nlm.nih.gov/pubmed/22395973
http://doi.org/10.1021/acschembio.6b00217
http://doi.org/10.1021/jm060435i
http://doi.org/10.3389/fphar.2018.00218
http://www.ncbi.nlm.nih.gov/pubmed/29615902
http://doi.org/10.1002/cncr.31719
http://www.ncbi.nlm.nih.gov/pubmed/30281145
http://doi.org/10.1172/JCI130126
http://doi.org/10.1016/j.tem.2018.08.004
http://www.ncbi.nlm.nih.gov/pubmed/30150136
http://doi.org/10.1073/pnas.1215450109
http://www.ncbi.nlm.nih.gov/pubmed/23033494
http://doi.org/10.1073/pnas.1412308111
http://doi.org/10.1158/1541-7786.MCR-07-2180
http://doi.org/10.1186/s12967-015-0627-5
http://doi.org/10.1021/jm1011319
http://www.ncbi.nlm.nih.gov/pubmed/21138246
http://doi.org/10.1158/0008-5472.CAN-18-2808
http://www.ncbi.nlm.nih.gov/pubmed/31806641


Cancers 2021, 13, 3780 34 of 35

111. Quintás-Cardama, A.; Vaddi, K.; Liu, P.; Manshouri, T.; Li, J.; Scherle, P.A.; Caulder, E.; Wen, X.; Li, Y.; Waeltz, P.; et al. Preclinical
characterization of the selective JAK1/2 inhibitor INCB018424: Therapeutic implications for the treatment of myeloproliferative
neoplasms. Blood 2010, 115, 3109–3117. [CrossRef]

112. Roskoski, R. Janus Kinase (JAK) inhibitors in the treatment of inflammatory and neoplastic diseases. Pharmacol. Res. 2016, 111,
784–803. [CrossRef]

113. Darling, N.J.; Toth, R.; Arthur, J.S.C.; Clark, K. Inhibition of SIK2 and SIK3 during Differentiation enhances the anti-inflammatory
phenotype of macrophages. Biochem. J. 2017, 474, 521–537. [CrossRef]

114. Yang, Y.; Wang, J.; Shi, F.; Shan, A.; Xu, S.; Lv, W. BDKRB2 is a novel EMT-related biomarker and predicts poor survival in glioma.
Aging 2021, 13, 7499–7516. [CrossRef] [PubMed]

115. Seifert, S.; Sontheimer, H. Bradykinin enhances invasion of malignant glioma into the brain parenchyma by inducing cells to
undergo amoeboid migration. J. Physiol. 2014, 592, 5109–5127. [CrossRef] [PubMed]

116. Balmforth, A.J.; Parkinson, F.E.; Altiok, N.; Fredholm, B.B. Identification of a B2-Bradykinin receptor linked to phospholipase c
and inhibition of dopamine stimulated cyclic AMP accumulation in the human astrocytoma cell line D384. Naunyn Schmiedeberg’s
Arch. Pharmacol. 1992, 346. [CrossRef]

117. Lesage, A.; Gibson, C.; Marceau, F.; Ambrosi, H.-D.; Saupe, J.; Katzer, W.; Loenders, B.; Charest-Morin, X.; Knolle, J. In Vitro
pharmacological profile of a new small molecule bradykinin B2 receptor antagonist. Front. Pharmacol. 2020, 11, 916. [CrossRef]
[PubMed]

118. Hock, F.J.; Wirth, K.; Albus, U.; Linz, W.; Gerhards, H.J.; Wiemer, G.; Henke, S.; Breipohl, G.; König, W.; Knolle, J.; et al. Hoe 140 a
new potent and long acting bradykinin-antagonist: In Vitro studies. Br. J. Pharmacol. 1991, 102, 769–773. [CrossRef] [PubMed]

119. Sawutz, D.G.; Salvino, J.M.; Dolle, R.E.; Casiano, F.; Ward, S.J.; Houck, W.T.; Faunce, D.M.; Douty, B.D.; Baizman, E.; Awad, M.M.
The nonpeptide WIN 64338 is a bradykinin B2 receptor antagonist. Proc. Natl. Acad. Sci. USA 1994, 91, 4693–4697. [CrossRef]

120. Hauser, A.S.; Chavali, S.; Masuho, I.; Jahn, L.J.; Martemyanov, K.A.; Gloriam, D.E.; Babu, M.M. Pharmacogenomics of GPCR drug
targets. Cell 2018, 172, 41–54.e19. [CrossRef]

121. Wu, V.; Yeerna, H.; Nohata, N.; Chiou, J.; Harismendy, O.; Raimondi, F.; Inoue, A.; Russell, R.B.; Tamayo, P.; Gutkind,
J.S. Illuminating the Onco-GPCRome: Novel G protein–coupled receptor-driven oncocrine networks and targets for cancer
immunotherapy. J. Biol. Chem. 2019, 294, 11062–11086. [CrossRef]

122. Meyer, R.C.; Giddens, M.M.; Schaefer, S.A.; Hall, R.A. GPR37 and GPR37L1 are receptors for the neuroprotective and glioprotective
factors prosaptide and prosaposin. Proc. Natl. Acad. Sci. USA 2013, 110, 9529–9534. [CrossRef]

123. Yin, J.; Chen, K.-Y.M.; Clark, M.J.; Hijazi, M.; Kumari, P.; Bai, X.; Sunahara, R.K.; Barth, P.; Rosenbaum, D.M. Structure of a D2
dopamine receptor–G-protein complex in a lipid membrane. Nature 2020, 584, 125–129. [CrossRef]
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