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SUMMARY

The lack of advancement in the treatment of glioblastoma (GBM) over the past two decades calls for more
innovation to address the inter- and intra-patient heterogeneity confounding modern target-directed drug
discovery strategies. In this study, we incorporate a panel of patient-derived GBM stem cell lines into an auto-
mated and unbiased “cell painting” assay to quantify multiple GBM stem cell phenotypes. By screening
several compound libraries, followed by dose-response validation of hit compounds, we present a compre-
hensive survey of distinct pharmacological classes and druggable targets upon multiple GBM stem cell phe-
notypes. We further characterize two validated target classes, histone deacetylase and cyclin dependent ki-
nase inhibitors. We demonstrate that unbiased Cell Painting phenotypic screening is a productive approach
to identifying new targets, drug classes and future drug combinations that address the heterogeneity of
GBM. We provide all GBM cell painting data for each compound perturbation for the research community

to explore further.

INTRODUCTION

Glioblastoma (GBM) is a highly complex heterogeneous disease
that remains difficult to treat. Mortality rates have increased over
the last 30 years, especially in the over 60 age group, as inci-
dence rates outpace survival improvements.” Since the intro-
duction of post-surgical, concomitant radiotherapy and adjuvant
temozolomide in 2005 (the “Stupp protocol”), which increased
median overall survival (mOS) by ~3 months,” a lack of effective,
novel treatments for GBM have been introduced into broad clin-
ical use and 5-year survival rates from time of diagnosis remain
at less than 5%.° Clinical and scientific GBM research over the
last 20 years has revealed a complex landscape of remarkable
interpatient, intratumoral and spatial heterogeneity.*™ Early ef-
forts to classify GBM heterogeneity through bulk transcriptomic
profiling identified three GBM subtypes mesenchymal (MES),
classical (CLA), and proneural (PRO),% %" while subsequent
single cell RNA sequencing revealed four types of malignant
cellular states within isocitrate dehydrogenase (IDH) wild-type

GBM tumors: MES-like, astrocytic-like, oligodendrocyte precur-
sor and neural progenitor cell-like. Importantly all of these states
co-exist within the same GBM tumor and can interconvert into
each other.’ More recently, Nomura et al. identified three novel
malignant cell states: a neuronal-like state, a glial progenitor cell-
like state, and a cilia-like state.'® The complex biology driving the
disease is further exacerbated by the addition of GBM stem cells
(GSCs). The cancer stem cell hypothesis proposes that a small
subset of cancer cells which have stem-cell-like properties,
such as the ability to self-renew indefinitely, are responsible for
tumor initiation, growth, metastasis, and recurrence.'* These
cancer stem cells are common in brain tumors such as GBM
and are resistant to standard anti-cancer treatments targeting
rapidly dividing cells.®°'>~"® More recent molecular GBM classi-
fication studies provide further resolution of multiple GSC sub-
states. Garofano et al. proposed an alternative pathway-based
classification system, which integrates multi-omics data to
define GSC subtypes based on core biological functions rather
than isolated gene expression patterns. These studies identified
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a further four cellular states: mitochondrial, glycolytic/plurimeta-
bolic, neuronal, and proliferative/progenitor.’® Recent work by
Greenwald et al. revealed GSC states are spatially patterned
and shaped by local microenvironments.?® The ability of GSCs
to transition between malignant cell states contributes to thera-
peutic resistance and relapse, limiting durable responses based
on any personalized treatment strategies, including any initial
GBM subtype/cell state classification.?"?> Phospho-proteomic
studies performed on patient derived GBM model systems
demonstrate rapid rewiring of pathway signaling at the post-
translational pathway level following effective inhibition of
some of the most compelling drug targets such as the mTOR
pathway, which is hyperactivated in approximately 90% of
GBM.?® GBM plasticity and heterogeneity thus confound mod-
ern target-based drug discovery (TDD) strategies contributing
to drug resistance and relapse, hence the targeting of clear
oncogenic drivers of GBM, such as EGFR amplification/mutation
or RAS, PI3K signaling, has not translated into significant effi-
cacy in GBM clinical management.

Phenotypic drug discovery (PDD), defined as the identification
of hit or lead compounds prior to target identification,?* has his-
torically contributed more than TDD, in terms of first-in-class
drugs approved by the FDA since 1999,%°%® yet TDD has domi-
nated drug discovery approaches in oncology over the same
period of time.?” The drug development of imidazotetrazines,
such as temozolomide, extended from chemocentric and
phenotypic-led collaborative research exploring the in vitro and
in vivo anti-cancer properties of small molecules, dacarbazine
and mitozolomide (azolastone), emphasizing the value of incor-
porating phenotypic response data into early stage drug design
in complex disease areas such as GBM. While TDD and PDD are
complimentary drug discovery strategies, PDD can offer some
advantages over target-based methods, as it allows discovery
of potential therapeutics using disease relevant biological
models of disease states where target biology is poorly under-
stood.?®2° This “target-agnostic” approach has been greatly as-
sisted by hardware advances in high-content microscopy, the
development of advanced image analysis software tools and
improved phenotypic profiling techniques, such as cell paint-
ing.>>** The cell painting assay multiplexes six fluorescent
dyes, imaged in five spectral channels to reveal eight broadly
relevant cellular components or organelles. This can be com-
bined with the development of bespoke automated image anal-
ysis pipelines to segment individual cells and calculate hundreds
to thousands of morphological feature-based measurements
per cell (e.g., various measures of size, shape, texture, intensity,
and many others) to produce a data-rich profile that is suitable
for the detection of subtle cellular phenotypes which can be
linked to biological outcomes.>* Here we describe what is
among the first examples of the adaptation and optimization of
cell painting for profiling compound mechanism-of-action
(MOA) and target-class across a panel of genetically distinct pa-
tient-derived GSC lines. Using this approach we provide a
comprehensive pharmacological audit of how specific targets,
pharmacological, and chemical classes influence patient-
derived GBM cellular phenotypes. We present a large-scale
application of this technique using chemically diverse libraries
containing FDA-approved drugs, or phase I-passed clinical
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candidates and selective chemical probe compounds against
known oncology targets. We identify multiple diverse pharmaco-
logical and target classes effective across our genetically distinct
panel of patient-derived GSCs, including many not previously
identified as potential GBM therapeutics, and present all vali-
dated screening hits and their target assignments to the GBM
research community. These results support our hypothesis that
an unbiased phenotypic led approach, using disease relevant
patient-derived GSC models and exploitation of deep phenotyp-
ing and drug MOA profiling technologies, is a productive
approach to identifying novel targets, drug classes, and future
drug combinations that address the heterogeneity of GBM.

RESULTS

Glioblastoma stem cell models

Patient-derived GSCs were obtained from the Cancer Research
UK Glioma Cellular Genetics Resource, and six GSC lines were
initially selected to cover common subtypes based on bulk tran-
scriptomic subtype classification (CLA, MES, and PRO),
(Figure S1A). Initial studies demonstrate compatibility with
high-content imaging (i.e., flat and adherent morphology) and
cell number was optimized for 384-well microtiter plate formats
to enable high-throughput drug screening (Figures S1B-S1D).
In order to begin characterizing these cell lines, prior to pheno-
typic screening we examined basal protein expression and
post-translational pathway activation status by reverse phase
protein array (RPPA) and cytokine array in 2-dimensional (2D)
and 3-dimensional (3D) cell culture conditions. Basal levels of
protein and phospho-epitope abundance (in both 2D and 3D cul-
tures) show functional enrichment of signaling pathways in
MAPK, ErbB, VEGF, PI3K-AKT, focal adhesion, EGFR inhibitor
resistance, and PD-1 checkpoint in cancer (Figures S2A and
S2B). The cytokine array profiling further demonstrates enrich-
ment in the secretion of GBM associated chemokine proteins
involved in tumor progression, invasion, angiogenesis (IL-6,
MMP-7, TIMP1, and VEGF), and tumor-associated neutrophils
(TANs; CCL2, and IL-8/CXCL8)* including factors previously
shown to contribute to GSC subtype trans-differentiation (PRO
to MES transition)®® (Figures S2C and S2D). Notably the six
GSC lines representing three pairs of the common GBM tran-
scriptomic sub-types (CLA, MES, and PRO) selected for our
study do not cluster into any specific subgroups based on basal
protein expression or pathway activation status. Interestingly,
high levels of the pro-inflammatory cytokine, interleukin-8
(CXCLS, Figures S2C and S2D) have recently been reported as
a druggable target in GBM (via humanized anti-IL8 antibody)
with an anti-PD-1 combinational blockade.®” Overall, this pre-
screening profiling indicates our proposed GSC drug screening
models are representative of typical GBM signaling networks
observed in patient samples, express known druggable path-
ways while capturing the expected broad heterogeneity of
GBM tumors at the molecular, protein and morphological levels
in both 2D adherent and 3D cell culture.

GSC cell painting assay development
Previously, we have successfully adapted the cell painting proto-
col®®®® to explore drug MOA across cancer cell line panels from
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A Subtype classical proneural mesenchymal Figure 1. High content phenotypic assay
classificaton screening on GSC panel

(A) Representative images of cell painting across
GSC panel (Hoechst, blue; Phalloidin/WGA,
green; endoplasmic reticulum, red). Scale bars,
50 pm.
(B) Representative images of individual cell
painting stains, target organelle and correspond-
ing filter across GSC panel. Scale bars, 20 pm.
6CGR-E57 IMX = ImageXpress high content screening plat-
form.
(C) Established high content screening, image and
analysis workflow, followed by subsequent hit
validation and exploration. Created in BioRender.
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tion performed on nuclei count features
B ?)"\i/tggn;’:rdfiai confirmed assay reproducibility and
signal-to-noise in 384-well plate format
as suitable for high-throughput screening
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. potential for discovering novel drug repur-

posing and drug combination opportu-

nities, in addition to identifying new thera-

peutic targets not previously explored
in GBM.
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High content cell painting screen,
analysis and validation

Our optimized GSC high content pheno-
typic screening and analysis workflow is
diverse lineages, including breast and esophageal adenocarci- outlined (Figure 1C) and described in detail in the material and
noma.**~*" In the current study, we adapt the protocol to our panel  methods section. Given the generally slow growth rates of the
of patient-derived GSCs (Figures 1A and 1B). Itis our understand-  GSCs relative to standard cancer cell line cultures, compound
ing that this study is among the first applications of phenotypic  exposure over 72 h during screening was selected to ensure at
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Table 1. Screening libraries and concentrations used

Concentrations

Library No. of compounds Source used (nM) Controls (nM)
TargetMol-Anti-Cancer 330 TargetMol #L2110 (2018) 10,000, 100, 10, 1 Paclitaxel (5 nM),
Staurosporine (100 nM)
Kinase Chemogenomic 187 Structural Genomics 1,000, 100 Paclitaxel (5 nM),
Set (KCGS) Consortium https:// Staurosporine (100 nM)
cancertools.org/the-
kinase-chemogenomic-
set-kcgs/
Prestwick FDA 1,280 Prestwick Chemical 10,000, 1,000 Staurosporine (1,000 nM)
(~2016) https://www.
prestwickchemical.com/
screening-libraries/
prestwick-chemical-
library/
LOPAC® (Library of 1,280 Merck/Sigma-Aldrich 3,000, 500 Staurosporine (1,000 nM)
Pharmacologically Active (LO4100)
Compounds)
Comprehensive Anti- 789 Custom (Athanasiadis 3,000, 300, 30, 3 Staurosporine (1,000 nM)

Cancer Compound Set et al., 2023*%)

C3L

least one population doubling in all lines. The concentration of
each cell painting reagent was optimized for the GCS panel and
ImageXpress high content imaging platform (Table 2). In total
3,866 compounds were screened (varied doses), ~2.2 million im-
ages collected (21 terabytes) representing a dataset of >62,000
datapoints. Image analysis was carried out via a custom
CellProfiler pipeline and secondary multiparametric data analysis
was performed using StratoMineR (Core Life Analytics)*® and
TIBCO Spotfire software (Revvity), see STAR Methods. Each
compound library was screened separately and representative
principal component plots covering >60% of explained variance
were created for LOPAC, Prestwick, and C3L libraries
(Figures 2A-2C; Figure S4) to visualize distribution of active
compounds from DMSO controls in phenotypic space. Further
dimensionality reduction of these principal components was
carried out, creating a phenotypic (Euclidean) distance for each
compound, dose and cell line, relative to DMSO controls. We
computed the phenotypic distance p values with the embedded
R functions from StratomineR (see STAR Methods for more
detail). The corresponding p value to this phenotypic distance

was plotted against cell survival (z scores), based on DMSO
normalized nuclei counts (Figures 2D-2F). Standard HTS quality
control assessments were also carried out via nuclei count out-
puts from DMSO and staurosporine controls to evaluate assay
signal-to-noise via Z prime robust (>0.35 minimum) across each
plate (Table S2).

We examined the degree of clustering of compounds with a
phenotypic response far from the DMSO controls, using a com-
bination of k-means clustering and silhouette score analyses
(Figures S5A and S5B).*” This analysis did not reveal a notice-
able cluster structure and thus suggests a lack of morphological
or phenotypic diversity of treatment effects across all screened
libraries. Additionally, the distribution of the phenotypic dis-
tances across individual cell lines and libraries shows substantial
heterogeneity in drug sensitivity, with particularly marked differ-
ences between the Prestwick and C3L libraries (Figure S5C).

Initial hit identification was based on two phenotypic criteria, a
cell survival threshold (nuclei count Z score < -3) and phenotypic
distance threshold (negative logio[p value] > 2) capturing
changes in cell number and/or morphology following compound

Table 2. Cell painting reagents listed by target organelle, channel, final concentration and supplier details

Stain Structure Wavelength, ex/em (nm)  Channel Final concentration = Catalog no., supplier
Hoechst 33342 Nuclei 387/447 DAPI 5 pg/mL H1399, Molecular Probes
Concanavalin A Endoplasmic reticulum 462/520 FITC 33 pg/mL C11252, Invitrogen
Alexa Fluor 488

SYTO 14 Nucleoli 531/593 CY3 3 uM S7576, Invitrogen
Phalloidin F-actin 562/624 TxRED 7 U/mL (1:1,500) ab176757, Abcam

Alexa Fluor 594

Wheat germ agglutinin Golgi and plasma 562/624 TxRED 3 pg/mL W11262, Invitrogen
Alexa Fluor 594 membrane

MitoTracker DeepRed Mitochondria 628/692 CY5 300 nM M22426; Invitrogen
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Figure 2. High-content image analysis/
dimensionality reduction of drug screening
data

(A-C) Representative data of high content analysis
across six GSC lines and three compound libraries
(LOPAC, (A) Prestwick FDA (B) and C3L, (C) by 3D
principal component analysis (PCA) (median ag-
gregation to well level, n = 6 fields of view). DMSO
controls circled in Black (n = 48 per plate).
Magnitude of vector co-ordinates for PC1, 2, 3
(sized by PC4) are indicated by color, red-pink
(strong -PC1, -PC2), blue (strong +PC3, —-PC2),
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treatment in two or more GSC lines. Hit compounds were further
triaged by de-prioritization of excessive examples of overtly
cytotoxic agents (including common anti-cancer agents which
have historically been investigated across pan-cancer indica-
tions, including GBM), such as microtubule disruptors, topo-
isomerase poisons and proteasome inhibitors. Compounds
active at only high concentration (e.g., 3 pM), and/or with promis-
cuous or vague MOAs, or superseded by analogs against the
same target, were also de-prioritized. Short-listed hits were
taken forward for further investigation. Table S1 includes speci-
fied “priority group1/2” compounds versus “deprioritized” com-
pounds, with added rationale.

Two hundred and eleven compounds (5.5% hit rate) were re-
purchased from different suppliers from that of the original
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typic screening. Nuclei count data were
also extracted from the phenotypic fea-
tures and the validation set was analyzed
via both multiparametric and univariate
analysis on nuclei counts, with normaliza-
tion to DMSO wells (Figures 3A-3C). The
multiparametric analysis is presented
as -logqo[p value] phenotypic distance
across all cell lines (Figure 3A) and we
also converted dose response data to
normalized area under the curve (nAUC,
scaled between 0 and 1 with 100%
death = 0) for validation ranking (nAUC
<0.85 in any line) to indicate the potential
of achieving a therapeutic window (Figure 3B). Examples of
nAUC derived dose response data across each validation plate
is shown (Figure 3C) with comparative dose responses between
three example compounds: alisertib (Aurora A kinase inhibitor),
OTSSP167 (MELK inhibitor), and APIO-EE-07 (RSK1/MSK2 in-
hibitor) (Figure 3D). In spite of similar dose response profiles be-
tween alisertib and OTSSP167, these compounds occupy
distinct phenotypic space (Figure 3E and representative images;
Figure 3F); hence, this approach allowed us to identify com-
pounds with comparable cell survival, while inducing different
phenotypic changes via distinct MOAs.

In this study, validated compound data lists were generated,
including separate phenotypic distance and cell survival assay
endpoint lists (Tables S1 and S2). One hundred and sixty four
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Figure 3. Hit validation from primary screening

(A) Scatterplot representing phenotypic distance (negative —log+o[p value]) across 211 compounds and six GSC lines, and one non-transformed neural stem cell

line; colored by cell line, annotated by barcode and sized by dose (~3 nM-1 uM). Example hits are labeled.
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(164) compounds have been validated in dose response studies
(Table S1), including 143 compounds originally identified among
the 211 hits in the primary screen (68% validation rate) and 21 alter-
native compounds, selected against target classes represented in
the hit list. As expected, there are clear indications of in vitro sensi-
tivity of GSCs to topoisomerase poisons, anti-metabolites, protea-
some and HDAC inhibitors, as well as particular sensitivity to
microtubule targeting agents (taxanes, etc). A prioritized short list
(45 compounds) was generated to explore more novel molecular
targeted therapies which displayed activity upon GBM and selec-
tivity across a heterogeneous GSC panel (Figures 3G and 4). A
network enrichment analysis of this prioritized list was carried
out, using the annotated primary protein target(s) for each com-
pound, which demonstrates broad coverage of key target linked
pathways, including PI3K-AKT, MAPK, and EGFR signaling
(Figures 3G; Figure S6; Table S3). Agents of interest involve those
targeting cell adhesion (focal adhesion kinase [FAK], SRC, YES,
and FYN), transcription and translation (JAK2/STAT3, cyclin-
dependant kinase 9 [CDK9], HDAC, and BRD), MAPK pathway/
crosstalk (MEK1,2, PAK4, and 6), DNA damage/repair (TOPO
and PARP), mitosis (AURK and KSP), metabolism (FASN and
NAMPT) and protein folding/homeostasis (HSP90, HSF, and
VCP/p97). The ICsy data of the prioritized 45 compounds
from Figure 4 were combined with the RPPA and cytokine basal
protein expression data (from Figure S2) across the GCGR cell
line panel in order to create a similarity matrix which may suggest
biomarkers for drug sensitivity or resistance (Figure S7; Table S4
[sheet1]).

For clarity, the similarity matrix was edited such that com-
pounds appear on the x axis and protein names on the y axis
(Figure S7B; Table S4 [sheet?2]), with BLUE indicating negative
correlations (which suggest protein expression drives sensitivity
and are possible biomarkers for drug response) and RED indi-
cating positive correlations (which suggest protein expression
drives resistance and are possible targets for a drug combina-
tion). The original datasets used to create the similarity matrix
are also provided (Table S4 [sheets 4 and 5]). As an example
(Figure S7C), we observed fibronectin (FN1) expression nega-
tively correlates with inhibition of FAK (VS4718, correlation
—0.72), SRC (eCF506/NXP-900 [correlation —0.64], dasatinib
[correlation —0.71], ponatinib [correlation —0.58]) as well as
MEK inhibitors trametinib and GDC-0623 (correlation —0.58
each) and CDK4/6 inhibitors, palbociclib, and abemaciclib (cor-
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relations —0.67 and —0.41, respectively). Comparing the original
potency data for FAK and SRC (IC5ps) against FN1-normalized
RPPA signal (FU) across the GCGR panel (Figure S7D), the nega-
tive correlation between FN1 expression and FAK and SRC in-
hibitor sensitivity appears consistent between high FN1 versus
low FN1 expressing cells i.e., compare E21 versus E28 cells
(Figure S7D, indicated arrows). Therefore, these data suggest
high FN1 expression could act as a predictive biomarker for
response to FAK or SRC inhibition, although further testing
across a wider panel of GBM cell lines would be required to
confirm this hypothesis.

In summary, there is clear chemical and target diversity within
this validated hit list, beyond the expected highly potent
cytotoxins, which provides a preliminary shortlist for rational
drug-target selection and future systematic drug combination
strategies with potential for personalized therapy.

Secondary assays/exploration of target classes:
Targeting transcriptional regulation
As it is beyond the scope of this article to follow up all of these
hits in secondary assays, we have provided our full list of vali-
dated hit compounds for the GBM research community to
explore and perform follow up investigation across similar and
alternative GBM models. Within the scope of the current study,
we have partially characterized two validated target classes
(HDAC and CDK inhibitors) which demonstrated highly potent
(low nanomolar) activity upon GSC survival (Table S1).
Targeting transcriptional regulation (1), HDAC inhibitors: we
further explored a focused library of 54 structurally distinct
HDAC inhibitors by dose-response, as our screening data
demonstrated the significant potency of this class of compounds
across our GSC panel (e.g., romidepsin, panobinostat, etc.)
(Figure 5). Commercially available HDAC inhibitors were pur-
chased and 384-well dose response plates were prepared and
screened against the same six GSC line panel used for primary
screening. Compounds were ranked by potency using the cell
survival endpoint (normalized nuclei counts) (Figure 5A). Unsur-
prisingly, the most potent compounds were pan-HDAC or
HDAC1/2 inhibitors, although the top ranked compound (with
ICso values below 20 nM across all cell lines) was the dual
HDAC/PI3K inhibitor, fimepinostat (CUDC-907) which is
currently undergoing phase |l clinical trials in pediatric brain
tumors (NCT03893487). Fimepinostat, romidepsin and

(B) Representative heatmap of nAUC data from dose response data (normalized nuclei counts) across six GSC lines and a normal neural stem cell control line
(NS69FB_B), scaled between 0 (dead) and 1 (100% viable). Potency (low AUC) is indicated in red (relative shading by row). Hierarchical clustering by Euclidean
distance/complete linkage.

(C) Representative normalized dose response data from a 384w plate (40 compounds per plate, seven point dose response [n = 1], DMSO n = 28) used to derive
the nAUC.

(D) Example of dose response validation of alisertib (AURK inhibitor, red) vs. OTSSP167 (MELK inhibitor, blue) and relatively inactive compound APIO-EE-07
(RKS/MSK?2 inhibitor, black) across E13 and E21 cells. Data points are represented as mean + stdev.

(E) Example of distinct principal components/phenotypic space occupied by OTSSP167 (green) vs. alisertib (blue) and Aurora A kinase inhibitor (red) over multiple
doses vs. DMSO (black). E13 cells are highlighted (circles) with vector direction indicated (black cones). All doses and replicates are shown, shaped by cell line
and sized by -log[p value].

(F) Representative images (E13 cells) displaying differing phenotypes between alisertib, OTSSP167 and APIO-EE-07 (vs. DMSO) in spite of comparable ICsq
curves. Staining, Hoechst (blue), phalloidin/WGA (green), endoplasmic reticulum (red). Scale bars, 100 pm.

(G) STRING-Cytoscape network and enrichment analysis of validated hits, by annotated target(s) search (sources, PubChem, Selleck Chemicals, ChEMBL, and
canSAR.ai). Lines indicate confidence of molecular interactions (edge score filter 0.4, text mining filter 0.06) with gene ontology (GO), KEGG, and Wiki terms
associated the enrichment analysis, with log;o[FDR] is given. The enrichment analysis is provided in Table S3.
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b *x
L 2RaRBR
id L0 L Compound ID Target(s) 1C50 range (6 GBM lines| Selectivity/Potency range
. VS-4718 FAK (PTK2), PYK2 1000-5000 E21, ES7 [mesenchymal] selective (2D)
GSK2194069 FASN [P49327] 300-1000 Cytostatic, phenotype from 300nM
NXP-800* HSF-1 80-5000 ES7 sensitive, E31, E34 resistant
I-BET726 (GSK1324726A) BRD2/3/4 80-7000 E21, ES7 selective
Palbociclib CDK4/6 100-400 E21, E57, E31 most sensitive
eCF506/NXP900 SRC/FYN/YES 30-150 E21, E57, E31 most sensitive
] GDC-0623 MEK1 10-300 E31, ES7, E21 selective
Trametinib** MEK1/2 10-300 E31, E57, E21 selective
Foretinib* c-MET, KDR, FLT4 <500 Broad potency across 6 lines
AZD5438 CDK1/2/9 100-500 Broad potency across 6 lines
ML240 p97 ATPase 300-500 E34,E31,E28,E57 sensitive
Cytarabine** DNA polymerase 20-1300 E57, E31 selective
Pyrvinium pamoate* STAT3 <100 E13, E28, E57, E31 sensitive
Calcimycin Ca2+ ionophore 100-300 Broad potency across 6 lines
NMS-E973** HSP90 100-300 Broad potency across 6 lines
CCT251236 HSF1, PIR 2-300 E31, E34 resistant, cytostatic
Dinaciclib CDK1/2/5/9 10-25 Broad potency across 6 lines
CUDC-907 (fimepinostat)** |HDAC1/2/3/6/10/11 & PI3K <20 Broad potency across 6 lines
Alisertib AURKA 3-20 Broad potency across 6 lines
— CR-1-31-B* EIF4A 5-10 Broad potency across 6 lines
AZD4573 CDK9 5-11 Broad potency across 6 lines
i — . Daporinad* NAMPT [P43490] 0.250-4 E28, E34, E31 selective
Ganetespib HSP90 <20 Broad potency across 6 lines
— Chaetocin* SUV39H1/EHMT1 2-5 Broad potency across 6 lines
- NVP-2 CDK9/cyclinT1 13-40 Broad potency across 6 lines
L | 075514 NEK1, TOPK --->ERK 20-30 slight E21, E57 selectivity
. OTSSP167 MELK 10-40 E34 most sensitive
Talazoparib* PARP1/2 1-10 E28,E34, E31 Long term assays
Panobinstat® HDAC 50-150 Broad potency across 6 lines
SB 743921 KIF11 [KSP] 10-100 Broad potency across 6 lines
Niclosamide STAT3 <150 Broad potency across 6 lines
Abemaciclib* CDK4/6 200-1000 E21, ES7 [mesenchymal] selective
POMMHEX* ENOL2/1 100-400 E21, ES7 [mesenchymal] selective
Sapanisertib mTOR (kinase) 170-1300 E31, ES7 sensitive
Dasatinib SRC, ABL, c-KIT 70-1500 E21, E57, E31 most sensitive
Gandotinib JAK2/1, FLT3 100-1000 varied selectivity
Ponatinib* SRC, ABL, PDGFR, VEGFRm F( 100-1000 E13 resistant
Niraparib** PARP1/2 130-300 E28,E34, E31 Long term assays
AZD5305/Saruparib PARP1 1-10 E28,E34, E31 Long term assays
Tozasertib AURKA/B/C 70-2500 E31, E21. E57 selective
Selinexor* exportin-1 (XPO1) 10-200 E28, E31, E57, E13 sensitive
Gedatolisib/PF-05212384 mTOR, PI3Ka/g 90-2500 Broad potency across 6 lines
PF-03758309 PAK4/6 (pan-PAK) 400-1000 E21, ES7 sensitive
olaparib* PARP1/2 80-300 E28,E34, E31 Long term assays
. AZD3965 SLC16A1 (MCT1) 300-2500 E28, E34 (cytostatic)

o|

Figure 4. Validated compounds of primary interest

Hierarchical clustering of ICso heatmap (re-scaled 0-1 with low ICsq in red, high ICs or “inactive” in white) alongside corresponding compounds name, annotated
primary target(s), ICso range (min to max) across six cell lines and indicated selectivity between lines (where applicable). * Denotes predicted brain penetrant or **

known CNS/brain penetrance (40%; 18/45).

panobinostat were further validated by performing dose-
response and cell cycle analysis (Figures 5B; Figures S8A-
S8C). Proliferation/cell survival over 72 h is non-selectively in-
hibited across all cell lines, with cell cycle effects generally being
limited to either small Go/G4 effects or strong Go/M arrest
(Figures S8A-S8C). Live cell imaging on E13 and E57 cells
over 96 h, with an intracellular caspase activity reagent showed
a gradual but continuous induction of apoptosis from 24 h
(Figures 5C and 5D) with corresponding loss of proliferation
from 24 to 36 h (Figures 5E and 5F). Staurosporine (STS,
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300 nM) was used as a positive control for the apoptotic signal.
On target HDAC inhibitor activity was confirmed by western blot
(Figure S9).

Targeting transcriptional regulation (2), CDK9 inhibitors: CDK
inhibitors have been extensively investigated for their anti-can-
cer activity*®*® and several CDK inhibitors feature in our vali-
dated hit list, including approved CDK4/6 inhibitors abemaciclib
and palbociclib. In particular, the CDK1/2/5/9 inhibitor, dinaci-
clib, as well as the selective CDK9 inhibitor, NVP-2,°° both
show potent activity across multiple GSC lines (11-40 nM ICsq
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Figure 5. HDAC inhibitor library screening
and profiling

(A) Representative heatmap of ICsq values of
HDAC inhibitors (8 point dose response, n = 6
fields of view per dose point) across six GSC lines,
quantified by DMSO normalized nuclei counts at
72 h. The lowest ICso compounds indicated in red
(from 10 nM to 2 pM, inactive >2 pM indicated in
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across the six GSC lines) (Figure 6A). In addition, a more potent,
second generation CDK9 inhibitor, AZD4573, was included in
this validation stage and also demonstrated low nM (7-27 nM)
activity across the six GSC lines (Figure 6A).

Dinaciclib is a multi-CDK inhibitor which has gained clinical in-
terest as it targets both cell cycle progression (via CDK1/2) and
transcription (via CDK9), with this “dual targeting” mode shown
to be effective when combined with cisplatin in ovarian and
endometrial cancers.®"*? Validation of dinaciclib, NVP-2 and
AZDA4573 across our GSC panel indicates broad potency at
72 h across all the cell lines tested, with Go/M arrest being initi-
ated at concentrations in excess of 20 nM i.e., above the IC5q
values observed (Figures S8D-S8F). Live cell imaging of these
compounds, on E13 and E57 cells over 96 h and in the presence
of intracellular caspase activity reagent, showed rapid induction
of apoptosis beginning at <24 h from compound addition
(Figures 6B and 6C) with corresponding immediate inhibition of

Representative images of the phenotypic
effects of these compounds at their IC5q
concentration are shown (Figure 6F).
This suggests transcriptional dysregulation via CDK9 inhibition
has a significant effect upon cell survival, independent of
CDK1/2 inhibition. Overall, AZD4573 has improved cellular po-
tency compared to dinaciclib and NVP-2 (Figures 6A-6F,
compare observable 12 nM effects vs. DMSO).

From these studies it is clear that targeting HDAC and CDKO9,
and hence transcriptional regulation, results in a cytotoxic
benefit against GSCs, beyond the effects of prolonged cell-cycle
arrest (with the exception of the highly potent molecule, romi-
depsin). To further explore the MOA of the CDK9 inhibitors on
GSC lines, we performed NanoString transcriptomic analysis
on E13 cells that were exposed to 20 nM of dinaciclib,
AZDA4573, or NVP-2, alongside DMSO controls, for 24 h following
compound addition. After quality control filtration and removal of
housekeeping/control gene sets (post-normalization), 467 genes
were available for the differential expression and network
pathway analysis, between untreated and treated cells.

Time (hrs)
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Figure 6. Targeting CDK9 in GBM

(A) Dose response validation and ICsq values with
ICs50 95% confidence interval range (95% CI) of
Dinaciclib, NVP-2 and AZD4573 (72 h, n = 3, data
points are represented as mean + stdev). Twelve
nanomolar (12 nM) concentrations are indicated
with a dotted line.

(B and C) Quantification of apoptosis by live cell
imaging over time (E13 cells, B; E57 cells, C,
imaged at 3 h intervals for 96 h, n = 3, data points
are represented as mean = stdev), all compounds
at 20 nM concentrations with staurosporine con-
trol (STS, 300 nM, n = 6, red). Significance of
induced apoptosis, relative to DMSO controls (n =
6), at 72 h (dotted line) is indicated (One-way
ANOVA, corrected p values, E13 cells,
***p=<0.0001, n = 3; E57 cells, *p = 0.024-0.026,
**p =0.0010, n = 3).

ICso [95% CI] nM

E13 10.8(9.512.2)
= E21 11.4[101-12.8]

E28 4.8[4.25.3]
- E31 92[84-9.7)
- E3411.1(9.9-125]
- E57 9.0[7.610.7

v/1 2nM

GCGR-E57

@72hrs

Time (hrs)

GCGR-E13 E 80+
Proliferation -®- DMS0 0.1%
-# Dinaciclib 20 nM
-4 NVP220 M
¥ AZD457320 M

2
&
I

-&- NVP220 nM @72hrs

-®- DMSO0 0.1% :l M
- Dinaciclib 20 nM } :
60|

¥ AZD4573 20 nM

8
I

% Confluence (Phase Mask)
S
S

% Confluence (Phase Mask)

3
-

]:| E Proliferation

(D and E) Quantification of proliferation over time
(E13 cells, D; E57 cells, E). DMSO control (0.1%
v/v, n = 6) is represented in black, versus dinaciclib
(green, n = 3), NVP-2 (blue, n = 3), AZD4573
(purple, n = 3). Significance of anti-proliferative
effects at 72 h (dotted line) is indicated (One-way
ANOVA, corrected p values, ***p=<0.0001).

(F) Representative images of dinaciclib, AZD4573
and NVP-2 at ~ ICsq value (12 nM) vs. DMSO on
E57 and E13 cells. Staining, Hoechst (blue),
phalloidin/WGA (green), endoplasmic reticulum
(red). Scale Bars, 100 pm.
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Representative Volcano plots were generated for each com-
pound with some highly significant genes labeled (Figure 7A).
Not surprisingly, a large number of genes (168) were signifi-
cantly dysregulated across all three compounds (Figure 7B),
visualized by Venn diagram (Figure 7C). STRING network enrich-
ment analysis of these 168 genes (Figure 7D) showed significant
enrichment of processes downregulating the MAPK cascade
(e.g., KRAS, MAP2K4, MAPK8, MAP2K6, and DUSP10), PI3K-
AKT signaling (e.g., PIK3CA/CB/CD [p100a,,8], IRS1, FGFR3,
mTOR, and MYB), DNA damage response/repair (e.g., RAD51,
RADS52, BRCA2, PCNA, and POLE2) and apoptotic signaling
(Figure 7D). The complete network analysis for each compound
is provided (Figures S10-S12) with enrichment tables and addi-
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tional data (Table S5). MCL-1, an anti-
apoptotic BCL2 family member, is a re-
ported CDK9 transcriptional and protein
target.>® This probe is not present in the
NanoString panel; however, the func-
tional activity of these CDK9 inhibitors
was confirmed by western blot across
E13 and E57 cells (Figure S13). RNA
polymerase Il (RPB1/RNAP2) and
MCL1 protein was significantly reduced
(relative to DMSO controls) after treat-
ment with dinaciclib, NVP-2, and
AZD4573 (100 nM) (Figures S13A and
S13l). Inhibition of PISK-AKT signaling
was observed via reduction in AKT phos-
phorylation (pSerine-473, Figure S13K)
and corresponding increase in ERK1/2 phosphorylation via a
negative feedback loop®*®’ (Figure S13D and S13E). Phos-
pho-p38 MAPK activity was modestly decreased in E57 cells
upon treatment, although expression of total p38 protein was
more clearly reduced in both cell lines following treatment,
compared to DMSO controls (Figures S13B and S13C). RAD51
expression was weakly decreased upon CDK9 inhibition and
the significant upregulation of TSPAN7, observed at the mRNA
level, was not translated at the protein level at 24 h post-treat-
ment (Figure S13G).

Finally, we investigated potential synergistic drug combina-
tions with some of our most potent hits which are currently clin-
ically approved drugs: specifically, dinaciclib against romidepsin
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Figure 7. Differential gene expression (DE)
analysis of three CDK9 inhibitors on E13
cells from NanoString transcriptomics

(A) Volcano plots of —logqg[p value] vs. log,[fold
change] from the differential analysis of E13 cells
treated with AZD4573, dinaciclib, and NVP-2
(20 nM, n = 3, 24 h), relative to DMSO control
(0.1% [w/w], n = 3). Significant fold changes are
indicated (shaded gray circles) with select genes
labeled (black circles).

(B) Top 168 genes dysregulated by all three
compounds (>3-fold change, p= <0.05 [false dis-
covery rate controlled by Benjamini-Yekutieli
corrected p values]). Large section, significantly

NVP-2

0 0 ' downregulated genes; small section, upregulated
2 8 4 0 4 8 R e genes. TSPAN7 is annotated with *.
Log;[Fold Change] Log:[Fold Change] Log:[Fold Change] (C) Venn diagram comparing gene hits across all
B Azpas7aNvP2-Dinaciclib: C inacicli three compounds.
Signit['lgaFnltdIy rfiownroeé;sutl:ateg t:rgets AZDA4573 Dinaciclib (D) Network enrichment analysis (STRING) of top
3 Fold change, <0.05 Correcte . ) :
palue BenjaminiYekutiel (FOR) 168 genes. Enriched genes involved in DNA
ABL1  FGFR3  PIK3CA damage and repair (green), MAPK signaling (blue)
ey Bl o DNA repair/ and PI3K-AKT pathway (red) are highlighted. GO
ALKBH2 GAS1  PLAT and KEGG terms with FDR is included. Enrich-
d
:k;(s:f S:LAZ gtgsi ‘ (?ongoigzemrismp?orl]se ment tables and further data are provided
APH1B GSK3B PLD1 ‘ 600006974 [FDR 10%] (Table S5; Figures S10-S12).
ARID1B HDAC4 POLB
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ATR HIST1H3B POLE2 POLBNBN,FANCC,ALKBH3,
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BMP2  IL15  PPP3RL NVP-2 RFCA.CDC7ALKBHZBRCAT. to 0.67) across 564 human cancer cell
BRCAL IL22RA1 PRDM1 XRCC4,L1G4,RAD5T,UBE2T, . . .
BRCA2 IL6R  PRKCA EYATMUTYH lines (PRISM Repurposing Public 24Q2
CACNG4 L7 PRLR gé’l‘("NZA dataset). In order to establish if this corre-
CASP3  IL7R PTEN . . . s .
CASP7 IRAK2  PTPRR GADD45B lation could predict synergistic interac-
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MMP7 . .
CCNBL KDMGA RAF1 TSPANT % nations (7 x 7 dose response matrices)
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CHUK  MAP2KA SMADA tion of dinaciclib with either romidepsin,
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DDIT3  MAPK10 SOS1 potent additive effects upon GSC sur-
oA _ MA_PK vival, synergistic activity was not
DTX4 MDM2 SPRYL signaling observed in this instance (5-surface plots,
DUSP10 MED12 STK11 .
DUSPS MEN1  SUV39H2 pathway Figures S14-516).
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FS | PDGRRA XA o R e address this challenge, a number of

(pan-HDAC inhibitor), idarubicin (TOPOII inhibitor), and ixazomib
(proteasome inhibitor) (Figures S14-S16). Querying the Cancer
Dependency Map database®® (depmap.org/portal), a strong
“cell death” correlation was observed between dinaciclib and
romidepsin/idarubicin/ixazomib (Figures S14-S16), (R? = 0.62

phenotypic screens of drug libraries and
drug combinations performed in complex
ex vivo or in vitro GBM models have
recently been reported.®®° However, screens reported to date
have been limited in terms of the number of compounds, pheno-
typic endpoints and omission of defined tissue culture condi-
tions which preserve GSC characteristics. In this study, our
aim was to attempt to address the unmet clinical need in GBM
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by applying a comprehensive target agnostic, high content
phenotypic screen, of thousands of compounds across a well
characterized panel of patient-derived GSC models. The drug li-
braries were selected to support repurposing of existing
oncology drug discovery programs and included small mole-
cules and drugs with high target selectivity across known
oncology targets which have passed Phase | or have been
FDA/EMA approved. We have chosen to not exclusively use
blood-brain barrier (BBB)/CNS penetrant drug libraries in order
to provide a comprehensive and unbiased evaluation of distinct
drug and target classes upon GSC phenotypes—that said, 45%
of our validated compounds (74/164) are computationally pre-
dicted to be brain penetrant®’ (Table S1). It is our hope that
this will be informative toward future medicinal chemistry efforts
in generating CNS penetrating small molecules against such tar-
gets, or possible incorporation of validated hit compounds into
emerging BBB penetrating nanoparticles, designed to effectively
deliver drugs and drug combinations to GBM. In total 3,866 com-
pounds were screened over multiple concentrations, in order to
capture the most potent dose-dependent cellular phenotypes
beyond simple viability measurements. Our GBM models
comprised six heterogeneous, patient-derived GSC lines, repre-
senting three of the major transcriptomic subtypes (CLA, MES,
and PRO). We applied the multiparametric high content “cell
painting” assay to screen five drug libraries across the six GSC
lines, and provide a validated list of 164 biologically active com-
pounds on human GSC survival and phenotypic activity
(Figure 4; Tables S1 and S2).

Common cytotoxic agents, such as microtubule targeting
agents, topoisomerase poisons, proteasome and HDAC inhibi-
tors, are prevalent in our hit list and many have previously been
investigated in GBM (and other cancers). Second generation
taxanes, such as cabazitaxel, have shown modest effects with
respect to mOS in phase I/l clinical trials (NCT01866449).5
Abeotaxane (TPI-287), a brain penetrant taxane, showed some
promise in phase | trials when combined with bevacizumab
(NCT01933815), although confirmation of efficacy via phase Il tri-
als is required.®® A recent meta-analysis of the use of the topo-
isomerase |l inhibitor etoposide (44,850 patients over 624
studies published from 1976 to 2011) showed improved mOS
(15.66 months vs. 13.27, p = 0.026) over topoisomerase | inhib-
itor, irinotecan. Results are pending for a novel brain penetrant
topoisomerase |l inhibitor, berubicin (WP744), which has been
granted fast track designation by the US FDA.®* Proteasome in-
hibitors have been clinically useful in treating blood cancers,
such as myeloma,® unfortunately a phase Il study of the brain
penetrant proteasome inhibitor, marizomib, did not improve
mOS against unstratified patients.®® The HDAC inhibitor class,
such as romidepsin, in general has shown considerable promise
as single agents for GBM treatment in the pre-clinical setting, but
without translational success.®” Clinical trials investigating their
use in drug combination therapies, for example combining pan-
obinostat or vorinostat with radiation, bevacizumab and/or te-
mozolomide, have not proved particularly effective.®®"° Argu-
ably, this lack of clinical success could be attributed to trial
design, limited predictive biomarkers and inadequate assess-
ment of brain penetration.”":”> Many of these agents have a nar-
row therapeutic window and significant systemic toxicities

12  iScience 29, 115839, June 19, 2026

iScience

limiting their effectiveness. Nevertheless, novel drug delivery
technology, such as antibody-cytotoxin conjugates, brain tu-
mor-specific nanoparticles”®"° and intra-cranial drug delivery,”®
could still render these potent molecules clinically useful in the
future.

Other molecular targeted compounds identified from our
screen (including those targeting cellular adhesion, transcrip-
tional regulation, DNA damage/repair, cell cycle/mitosis/prolifer-
ation, metabolism, and protein folding/homeostasis) provide a
basis for rational drug combination hypotheses and systematic
co-inhibition strategies. For example, FAK and SRC family ki-
nases (SFKs) are downstream effectors of the integrin family of
extracellular matrix receptors and FAK is believed to influence
GBM pathogenesis and brain tissue invasion.””’® SFKs are
recognized drug targets in GBM®°®? and PYK2 (FAK2),%® integ-
rin-linked kinase®" and SRC all show high basal expression in our
GSC models (Figure S2). Synergistic drug combinations of FAK
or SRC inhibitors with MEK inhibitors have been described in
other cancers®>*® and we report the combination of VS-4718
(FAK inhibitor) with trametinib (MEK1/2 inhibitor) to be quite
effective in heterogeneous GBM in vivo models.?” In fact,
recently the combination of the dual RAF/MEK inhibitor Avuto-
metinib with FAK inhibition has been shown to be effective
against pre-clinical models of melanoma brain metastases.®®
Moreover, a phase I/ll clinical trial combining avutometinib and
defactinib (VS-6063) for NF19®' or BRAF™" brain tumors has
been initiated (5G-RUBY trial, NCT06630260) while the US
FDA has recently granted accelerated approval for the avutome-
tinib/defactinib combination for KRAS™", low grade serous
ovarian cancer (RAMP-201, NCT04625270, May 2025). Further-
more, a similarity matrix created from basal protein expression
data (RPPA, cytokine arrays, 79 probes, Figure S2) and ICsq
data (45 compounds, Figure 4) across the GCGR panel, sug-
gests high fibronectin (FN1) expression could act as a biomarker
for FAK/SRC and/or MEK inhibitor response (Figure S7;
Table S4). FN1 has been reported as a potential prognostic
marker in several cancers,’*°" as well as driving drug resis-
tance.””°* It has been shown in cervical cancer cells that high
FN1 expression drives FAK activity, and subsequent FAK inhibi-
tion abrogates pro-survival and invasive signals.’® This negative
correlation between high FN1 expression and FAK/MEK inhibitor
response is potentially useful as a predictive biomarker; howev-
er, further work will be required to establish the clinical utility of
this observation.

Exploiting GSC vulnerabilities with respect to cellular adhesion
and combining with other druggable routes (e.g., EGFR/MAPK/
PI3K signaling) remains a viable strategy for GBM treatment.
Additionally, we have identified distinct sensitivities to molecules
targeting heat shock factor-1 (HSF1; CCT251236), EIF4A (CR-1-
31-B), SUV39H1 (chaetocin), FASN (GSK2194069), NAMPT (da-
porinad), enolase-2 (POM-HEX), exportin-1 (selinexor), and
JAK2 (gandotinib, pacritinib) (Figure 4). Furthermore, our exam-
ination of the basal expression of our GSC lines by reverse phase
protein and cytokine array also reveals actionable targets via
high expression of forkhead box A1 (FOXA1) and interleukin-8
(IL-8) (Figure S2). FOXAT is usually associated with hormone
dependent cancers and can drive endocrine resistance in estro-
gen-positive breast cancer,”® or MAPK activation in prostate
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cancer,”” in an IL-8 dependent manner. Targeting IL-8 via hu-
manized anti-IL8 antibody®” is potentially another combination
strategy that could be systematically investigated alongside
our prioritized hits (Figure 4; Table S1).

In this study we followed up two drug target classes, HDAC
and CDK inhibitors, which displayed low nanomolar activity
upon inhibiting cell survival across the heterogeneous panel of
GSCs. To further explore the HDAC inhibitor class we screened
a collection of 54 HDAC inhibitors. Fimepinostat (CUDC-907)
was outstanding as the most potent molecule, with <20 nM
ICso values across the GSC panel. Fimepinostat, a dual PI3K/
HDAC inhibitor, is currently undergoing clinical trials for pediat-
ric/young adult brain cancers/solid tumors (NCT03893487),
and is potentially a candidate for targeted drug delivery and
drug combination strategies. We compared fimepinostat with
structurally distinct HDAC inhibitors, romidepsin and panobino-
stat. While there was a varied cell cycle response between cell
lines (Figure S8), there was a common intra-cell line response
between molecules, suggesting activity is most likely mediated
through the anti-HDAC activity of fimepinostat rather than its
anti-PI3K activity. Indeed, comparison between fimepinostat
and potent, selective PI3K inhibitors (all tested at 30 nM) demon-
strate substantially weaker activity of PI3K inhibition upon GSC
proliferation, with only dual PISK/mTOR inhibitor, gedatolisib
(PF-05212384), showing any significant effect (Figure S17).
While the lack of success in targeting GBM with PISBK monother-
apy may indicate a lack of true oncogenic addiction to PI3K
signaling, drug combinations with PIBK/mTOR/AKT inhibitors
are still viable options against PTEN deficient, GBM tumors.”®

Targeting transcriptional regulation has previously been
shown to be effective against cancer stem cells (including brain
cancers);*>~'°" hence, we also characterized potent CDK9 inhib-
itors dinaciclib, NVP-2 (both screening hits) and a more recent
selective CDK9 inhibitor, AZD4573. CDK9 is an atypical CDK in
that it is a key regulator of RNA polymerase || (RPB1/RNAP2)
transcription initiation, elongation and termination, playing a crit-
ical role in transcriptional regulation.'® Dinaciclib has near equal
potency against CDK1/2 (and 5), whereas NVP-2 and AZD4573
are classed as CDK9 selective.”®'%® AZD4573 has progressed
to clinical trials (NCT04630756) and is well tolerated, although
CNS penetrance and solid tumor efficacy remains to be deter-
mined. Radiosensitization of cancer cells with CDK9 inhibitors
and drug combinations with DNA damaging agents have previ-
ously been reported,'°"'% including opportunities in GBM."%”
In our in vitro assays, dinaciclib, NVP-2 and AZD4573 are highly
potent across all GSC lines tested, being strongly antiprolifera-
tive with predominant G,/M arrest and induction of apoptosis.
Differential gene expression analysis of GSC cells exposed to
CDK9 inhibitors, reveals highly significant decreases in the
expression of genes regulating the cell cycle, DNA damage
and repair, anti-apoptosis, PI3K, and MAPK signaling (Figure 7;
Figures S10-S12; Table S5). Western blotting confirmed the
suppression of RNA polymerase Il, anti-apoptotic protein
MCL1, phospho-AKTS®73 and total p38 MAPK (Figure S13)
by all three compounds. These results indicate that the CDK in-
hibitors are reprogramming the GSCs into a more vulnerable
state, leading to inhibition of cell survival and, together with pre-
vious publications implicating CDK9 as a therapeutic target in
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GBM, %7 suggest targeting CDK9 is worth further exploration in
other GBM models and with other drug combinations.

Overall, our screening results presented here serve as a foun-
dation for a systematic approach to the identification, validation
and prioritization of novel therapeutic strategies in GBM
including future drug combinations, that could be used concur-
rently or following standard treatment protocols for GBM. Impor-
tantly, we have used patient-derived GSC models, grown under
stem-like conditions on a laminin rich ECM scaffold to prioritize
follow up investigations of highly potent small molecules active
across a genetically distinct and heterogeneous GSC panel.
The objective of our phenotypic screening assay was to identify
multiple drug targets and mechanisms-of-action which target
heterogeneous GSC phenotypes and thus complements the ex-
isting focus on known oncogenic drivers that represent estab-
lished drug target classes. We anticipate that this approach
will identify new therapeutic targets and drug combination hy-
potheses that target GSC phenotypes rather than individual
pathways and thus may be more resilient across heterogeneous
patient populations and adaptive drug resistance mechanisms.

In conclusion, our high content screening followed by multi-
cell line validation across primary and secondary phenotypic as-
says provides the largest unbiased survey of small molecule
therapeutic classes and oncology targets upon GSC phenotypes
that we are aware of. We provide our full list of validated hits with
their primary target-assignments (Table S1) which are active
upon GSC morphology and cell survival for the research commu-
nity to explore further. We encourage additional validation
across more complex animal and novel alternative (non-animal)
models of GBM to further determine their translational utility.
Future studies may also include expanded screening across
larger target-annotated and diverse chemical libraries to identify
novel chemical starting points and novel targets for new GBM
drug discovery programs. In addition, further profiling of pheno-
typic screening hits across a larger number of GSCs lines and
integration of phenotypic with molecular data, in order to identify
synthetic lethality relationships and/or predictive biomarkers of
response, will support additional personalized medicine strate-
gies for both existing and new drug target classes in GBM.
Importantly this unbiased approach can identify new therapeutic
opportunities for the majority of GBM patients which do not fall
into well-defined subtypes characterized by well-known drug-
gable driver genes, thus expanding the scope and inclusion
criteria of personalized medicine strategies in GBM.

Limitations of the study
While all of the GSC lines used in our study have been subjected
to deep molecular profiling at transcriptome, epigenome and
genome-wide level to confirm expression of all of the molecular
hallmarks of GSCs and show consistent tumor initiation capacity
in vivo (personal communication with the Cancer Research UK
Glioma Cellular Genetics Resource); to formally confirm that
our compound hits specifically target the cancer stem cell prop-
erties of these cells, functional stem cell assays, such as in vitro
extreme limiting dilution assays or xenotransplantation limiting
dilution assays, would be required.

The MOA studies of the CDK9 inhibitors using the NanoString
transcriptomic platform are restricted to canonical cancer
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signaling, cell growth, and survival pathways. Further in-depth
profiling of selected drug responses using single-cell(sc)RNA-
Seq technologies will very likely reveal further insights into
drug MOA in GSCs including changes in glioma stem cell state
subtypes.

Our phenotypic screening study restricted to 6 cell lines repre-
senting the three bulk transcriptomic subtypes (MES, CLA, and
PRO) is an oversimplification of GBM heterogeneity and further
screening and/or hit validation across a larger panel of molecu-
larly annotated GSC lines incorporating scRNA-Seq technolo-
gies where feasible will reveal further insights upon the impact
of drug treatment on the heterogeneity and plasticity of GSC
subtypes.

While our multiparametric high content phenotypic analysis
revealed many compounds that alter the morphology of the
GSCs we did not identify many discrete morphological clusters.
This may be an inherent property of limited GSC shape; however,
performing the cell painting assay at earlier time points may over-
come confounding effects of cell death upon cell morphology
and potentially capture additional viability-independent
phenotypes.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be
directed to and will be fulfilled by the lead contact, Neil O Carragher (n.
carragher@ed.ac.uk).

Materials availability
This study did not generate new unique reagents.

Data and code availability

Data repository for access to unprocessed image analysis datasets, drug li-
brary plate-maps and annotations, related information and R scripts are pro-
vided: https://datashare.ed.ac.uk/handle/10283/9113 (see key resources
table).

ACKNOWLEDGMENTS

This work was funded by a joint Cancer Research UK (C42454/A28596) and
The Brain Tumour Charity award (GN-000676) to D.E., N.O.C., and M.C.F.
and a Rosetrees interdisciplinary award (1D2022\100030) to D.A.O and
N.O.C. The Glioma Cellular Genetics Resource (gcgr@ed.ac.uk) was sup-
ported by the Cancer Research UK (CRUK) Center Accelerator Award
(A21922) to S.M.P. We wish to thank David Egan and Victor Wong for advice
and assistance in using StratoMineR software for multiparametric high content
analysis. We also acknowledge the Institute of Genetics and Cancer Host and
Tumor Profiling Unit microarray services facility for supporting forward and
reverse phase protein array studies.

AUTHOR CONTRIBUTIONS

R.J.R.E contributed to the project administration, supervision, investigation,
formal analysis, visualization and validation of the data as well as drafting
the original manuscript, and writing — reviewing and editing. P.W.K.N. contrib-
uted to investigation, formal analysis, and writing — reviewing and editing. M.F.
contributed to investigation, formal analysis, and writing — reviewing and edit-
ing. J.C.D. contributed to project administration, supervision, investigation,
and writing — reviewing and editing. V.S.-B. contributed to formal analysis,
visualization and validation of the data, and writing — reviewing and editing.
D.A.O. contributed to investigation, visualization and validation of the data,
and writing — reviewing and editing. A.M. contributed to investigation and

14  iScience 29, 115839, June 19, 2026

iScience

formal analysis. A.F.M. contributed to the investigation and formal analysis
as well as writing — reviewing and editing. C.D. contributed to investigation
and formal analysis. G.M.M. contributed resources, data, and writing — review-
ing and editing. S.M.P. contributed resources, data, and writing — reviewing
and editing. M.M. contributed to investigation and formal analysis. D.E.
contributed resources and writing — reviewing and editing. V.B. contributed
to supervision, investigation, and writing — reviewing and editing. M.C.F.
contributed to conceptualization, funding acquisition, supervision, investiga-
tion, and writing - reviewing and editing. N.O.C. contributed to the
conceptualization, funding acquisition, project administration, supervision,
investigation, formal analysis as well as drafting the original manuscript, and
writing — reviewing and editing.

DECLARATION OF INTERESTS

S.P. is a co-founder, shareholder and Chief Scientific Officer of Trogenix Ltd.

N.O.C. is a co-founder, shareholder and management consultant for
PhenoTherapeutics Ltd.

N.O.C and M.C.F. have held advisory positions and are shareholders in Am-
plia Therapeutics Ltd.

N.O.C. had patents pertaining to discovery of the SRC/YES1 inhibitor,
eCF506/NXP900 (EP3298015B1, JP6684831B2, US10294227B2, CN10784
9050B, and CA3021550A1) licensed to Nuvectis Pharma and has received
grant funding from Nuvectis Pharma.

STARxMETHODS

Detailed methods are provided in the online version of this paper and include
the following:

o KEY RESOURCES TABLE

o EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS
o Patient-derived glioma stem cells

o METHOD DETAILS

Compound screening

Cell painting

Image acquisition

Live cell imaging: Proliferation/apoptosis assays

Western blotting: HDAC and CDK9 inhibitors on GCGR cells

NanoString sequencing/differential analysis

Forward-phase protein array: Basal cytokine analysis

Reverse-phase protein array (RPPA): Basal analysis

® QUANTIFICATION AND STATISTICAL ANALYSIS

Image analysis, quantification and data processing/plotting

Clustering analysis and distribution plots

NanoString nCounter analysis

GraphPad prism statistics

Similarity matrix [combined ICs, basal RPPA and cytokine data]

STRING-cytoscape network enrichment analysis

O O O O O O O O

O O O O O O

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/j.isci.
2026.115839.

Received: August 20, 2025
Revised: January 27, 2026
Accepted: April 17, 2026
Published: April 27, 2026

REFERENCES

1. Philips, A., Henshaw, D.L., Lamburn, G., and O’Carroll, M.J. (2018). Brain
Tumours: Rise in Glioblastoma Multiforme Incidence in England 1995-
2015 Suggests an Adverse Environmental or Lifestyle Factor.
J. Environ. Public Health 2018, 7910754. https://doi.org/10.1155/2018/
7910754.


mailto:n.carragher@ed.ac.uk
mailto:n.carragher@ed.ac.uk
https://datashare.ed.ac.uk/handle/10283/9113
mailto:gcgr@ed.ac.uk
https://doi.org/10.1016/j.isci.2026.115839
https://doi.org/10.1016/j.isci.2026.115839
https://doi.org/10.1155/2018/7910754
https://doi.org/10.1155/2018/7910754

iScience

. Stupp, R., Mason, W.P., van den Bent, M.J., Weller, M., Fisher, B., Ta-

phoorn, M.J.B., Belanger, K., Brandes, A.A., Marosi, C., Bogdahn, U.,
et al. (2005). Radiotherapy plus concomitant and adjuvant temozolomide
for glioblastoma. N. Engl. J. Med. 352, 987-996. https://doi.org/10.1056/
NEJMo0a043330.

. Dolecek, T.A., Propp, J.M., Stroup, N.E., and Kruchko, C. (2012).

CBTRUS statistical report: primary brain and central nervous system tu-
mors diagnosed in the United States in 2005-2009. Neuro Oncol. 74,
v1-v49. https://doi.org/10.1093/neuonc/nos218.

. Lan, Z,, Li, X., and Zhang, X. (2024). Glioblastoma: An Update in Pathol-

ogy, Molecular Mechanisms and Biomarkers. Int. J. Mol. Sci. 25, 3040.
https://doi.org/10.3390/ijms25053040.

. Noreoxe, D.S., Poulsen, H.S., and Lassen, U. (2016). Hallmarks of glio-

blastoma: a systematic review. ESMO Open 1, e000144. https://doi.
org/10.1136/esmoopen-2016-000144.

. Verhaak, R.G.W., Hoadley, K.A., Purdom, E., Wang, V., Qi, Y., Wilkerson,

M.D., Miller, C.R., Ding, L., Golub, T., Mesirov, J.P., et al. (2010). Inte-
grated Genomic Analysis Identifies Clinically Relevant Subtypes of Glio-
blastoma Characterized by Abnormalities in PDGFRA, IDH1, EGFR, and
NF1. Cancer Cell 17, 98-110. https://doi.org/10.1016/j.ccr.2009.12.020.

. Brennan, C.W., Verhaak, R.G.W., McKenna, A., Campos, B., Noush-

mehr, H., Salama, S.R., Zheng, S., Chakravarty, D., Sanborn, J.Z., Ber-
man, S.H., et al. (2013). The somatic genomic landscape of glioblastoma.
Cell 155, 462-477. https://doi.org/10.1016/j.cell.2013.09.034.

. Singh, S.K., Clarke, I.D., Terasaki, M., Bonn, V.E., Hawkins, C., Squire, J.,

and Dirks, P.B. (2003). Identification of a cancer stem cell in human brain
tumors. Cancer Res. 63, 5821-5828.

. Singh, S.K., Hawkins, C., Clarke, I.D., Squire, J.A., Bayani, J., Hide, T.,

Henkelman, R.M., Cusimano, M.D., and Dirks, P.B. (2004). Identification
of human brain tumour initiating cells. Nature 432, 396-401. https://doi.
org/10.1038/nature03128.

. Wang, Q., Hu, B., Hu, X., Kim, H., Squatrito, M., Scarpace, L., deCar-

valho, A.C., Lyu, S., Li, P, Li, Y., et al. (2017). Tumor Evolution of
Glioma-Intrinsic Gene Expression Subtypes Associates with Immunolog-
ical Changes in the Microenvironment. Cancer Cell 32, 42-56.€6. https://
doi.org/10.1016/j.ccell.2017.06.003.

. Wang, Q., Hu, B., Hu, X., Kim, H., Squatrito, M., Scarpace, L., deCar-

valho, A.C., Lyu, S., Li, P., Li, Y., et al. (2018). Tumor Evolution of
Glioma-Intrinsic Gene Expression Subtypes Associates with Immunolog-
ical Changes in the Microenvironment. Cancer Cell 33, 152. https://doi.
org/10.1016/j.ccell.2017.12.012.

. Neftel, C., Laffy, J., Filbin, M.G., Hara, T., Shore, M.E., Rahme, G.J., Rich-

man, A.R., Silverbush, D., Shaw, M.L., Hebert, C.M., et al. (2019). An Inte-
grative Model of Cellular States, Plasticity, and Genetics for Glioblas-
toma. Cell 178, 835-849.e21. https://doi.org/10.1016/j.cell.2019.06.024.

. Nomura, M., Spitzer, A., Johnson, K.C., Garofano, L., Nehar-Belaid, D.,

Galili Darnell, N., Greenwald, A.C., Bussema, L., Oh, Y.T., Varn, F.S.,
et al. (2025). The multilayered transcriptional architecture of glioblastoma
ecosystems. Nat. Genet. 57, 1155-1167. https://doi.org/10.1038/
s41588-025-02167-5.

. Chu, X., Tian, W., Ning, J., Xiao, G., Zhou, Y., Wang, Z., Zhai, Z., Tanzhu,

G., Yang, J., and Zhou, R. (2024). Cancer stem cells: advances in knowl-
edge and implications for cancer therapy. Signal Transduct. Target. Ther.
9, 170. https://doi.org/10.1038/s41392-024-01851-y.

. Hemmati, H.D., Nakano, I., Lazareff, J.A., Masterman-Smith, M., Gesch-

wind, D.H., Bronner-Fraser, M., and Kornblum, H.l. (2003). Cancerous
stem cells can arise from pediatric brain tumors. Proc. Natl. Acad. Sci.
USA 100, 15178-15183. https://doi.org/10.1073/pnas.2036535100.

. Lan, X., Jérg, D.J., Cavalli, F.M.G., Richards, L.M., Nguyen, L.V., Vanner,

R.J., Guilhamon, P., Lee, L., Kushida, M.M., Pellacani, D., et al. (2017).
Fate mapping of human glioblastoma reveals an invariant stem cell hier-
archy. Nature 549, 227-232. https://doi.org/10.1038/nature23666.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

¢? CellPress

OPEN ACCESS

Huang, W., Zhong, Z., Luo, C., Xiao, Y., Li, L., Zhang, X., Yang, L., Xiao,
K., Ning, Y., Chen, L., et al. (2019). The miR-26a/AP-2alpha/Nanog
signaling axis mediates stem cell self-renewal and temozolomide resis-
tance in glioma. Theranostics 9, 5497-5516. https://doi.org/10.7150/
thno.33800.

Bao, S., Wu, Q., McLendon, R.E., Hao, Y., Shi, Q., Hjelmeland, A.B.,
Dewhirst, M.W., Bigner, D.D., and Rich, J.N. (2006). Glioma stem cells
promote radioresistance by preferential activation of the DNA damage
response. Nature 444, 756-760. https://doi.org/10.1038/nature05236.

Garofano, L., Migliozzi, S., Oh, Y.T., D’Angelo, F., Najac, R.D., Ko, A.,
Frangaj, B., Caruso, F.P., Yu, K., Yuan, J., et al. (2021). Pathway-based
classification of glioblastoma uncovers a mitochondrial subtype with
therapeutic vulnerabilities. Nat. Cancer 2, 141-156. https://doi.org/10.
1038/s43018-020-00159-4.

Greenwald, A.C., Darnell, N.G., Hoefflin, R., Simkin, D., Mount, C.W.,
Gonzalez Castro, L.N., Harnik, Y., Dumont, S., Hirsch, D., Nomura, M.,
et al. (2024). Integrative spatial analysis reveals a multi-layered organiza-
tion of glioblastoma. Cell 187, 2485-2501.e26. https://doi.org/10.1016/].
cell.2024.03.029.

Lathia, J.D., Mack, S.C., Mulkearns-Hubert, E.E., Valentim, C.L.L., and
Rich, J.N. (2015). Cancer stem cells in glioblastoma. Genes Dev. 29,
1203-1217. https://doi.org/10.1101/gad.261982.115.

Pietras, A., Katz, A.M., Ekstrém, E.J., Wee, B., Halliday, J.J., Pitter, K.L.,
Werbeck, J.L., Amankulor, N.M., Huse, J.T., and Holland, E.C. (2014).
Osteopontin-CD44 signaling in the glioma perivascular niche enhances
cancer stem cell phenotypes and promotes aggressive tumor growth.
Cell Stem Cell 14, 357-369. https://doi.org/10.1016/j.stem.2014.01.005.

Wei, W., Shin, Y.S., Xue, M., Matsutani, T., Masui, K., Yang, H., Ikegami,
S., Gu, Y., Herrmann, K., Johnson, D., et al. (2016). Single-Cell Phospho-
proteomics Resolves Adaptive Signaling Dynamics and Informs Tar-
geted Combination Therapy in Glioblastoma. Cancer Cell 29, 563-573.
https://doi.org/10.1016/j.ccell.2016.03.012.

Moffat, J.G., Vincent, F., Lee, J.A., Eder, J., and Prunotto, M. (2017). Op-
portunities and challenges in phenotypic drug discovery: an industry
perspective. Nat. Rev. Drug Discov. 16, 531-543. https://doi.org/10.
1038/nrd.2017.111.

Swinney, D.C., and Anthony, J. (2011). How were new medicines discov-
ered? Nat. Rev. Drug Discov. 10, 507-519. https://doi.org/10.1038/
nrd3480.

Sadri, A. (2023). Is Target-Based Drug Discovery Efficient? Discovery
and “Off-Target” Mechanisms of All Drugs. J. Med. Chem. 66, 12651—
12677. https://doi.org/10.1021/acs.jmedchem.2c01737.

Moffat, J.G., Rudolph, J., and Bailey, D. (2014). Phenotypic screening in
cancer drug discovery - past, present and future. Nat. Rev. Drug Discov.
13, 588-602. https://doi.org/10.1038/nrd4366.

Eder, J., Sedrani, R., and Wiesmann, C. (2014). The discovery of first-in-
class drugs: origins and evolution. Nat. Rev. Drug Discov. 13, 577-587.
https://doi.org/10.1038/nrd4336.

Vincent, F., Loria, P., Pregel, M., Stanton, R., Kitching, L., Nocka, K.,
Doyonnas, R., Steppan, C., Gilbert, A., Schroeter, T., and Peakman,
M.C. (2015). Developing predictive assays: the phenotypic screening
“rule of 3”. Sci. Transl. Med. 7, 293ps15. https://doi.org/10.1126/sci-
transimed.aab1201.

Bray, M.-A., Singh, S., Han, H., Davis, C.T., Borgeson, B., Hartland, C.,
Kost-Alimova, M., Gustafsdottir, S.M., Gibson, C.C., and Carpenter,
A.E. (2016). Cell Painting, a high-content image-based assay for morpho-
logical profiling using multiplexed fluorescent dyes. Nat. Protoc. 117,
1757-1774. https://doi.org/10.1038/nprot.2016.105.

Rohban, M.H., Singh, S., Wu, X., Berthet, J.B., Bray, M.-A., Shrestha, Y.,
Varelas, X., Boehm, J.S., and Carpenter, A.E. (2017). Systematic
morphological profiling of human gene and allele function via Cell Paint-
ing. eLife 6, €24060. https://doi.org/10.7554/elife.24060.

iScience 29, 115839, June 19, 2026 15



https://doi.org/10.1056/NEJMoa043330
https://doi.org/10.1056/NEJMoa043330
https://doi.org/10.1093/neuonc/nos218
https://doi.org/10.3390/ijms25053040
https://doi.org/10.1136/esmoopen-2016-000144
https://doi.org/10.1136/esmoopen-2016-000144
https://doi.org/10.1016/j.ccr.2009.12.020
https://doi.org/10.1016/j.cell.2013.09.034
http://refhub.elsevier.com/S2589-0042(26)01214-9/sref8
http://refhub.elsevier.com/S2589-0042(26)01214-9/sref8
http://refhub.elsevier.com/S2589-0042(26)01214-9/sref8
https://doi.org/10.1038/nature03128
https://doi.org/10.1038/nature03128
https://doi.org/10.1016/j.ccell.2017.06.003
https://doi.org/10.1016/j.ccell.2017.06.003
https://doi.org/10.1016/j.ccell.2017.12.012
https://doi.org/10.1016/j.ccell.2017.12.012
https://doi.org/10.1016/j.cell.2019.06.024
https://doi.org/10.1038/s41588-025-02167-5
https://doi.org/10.1038/s41588-025-02167-5
https://doi.org/10.1038/s41392-024-01851-y
https://doi.org/10.1073/pnas.2036535100
https://doi.org/10.1038/nature23666
https://doi.org/10.7150/thno.33800
https://doi.org/10.7150/thno.33800
https://doi.org/10.1038/nature05236
https://doi.org/10.1038/s43018-020-00159-4
https://doi.org/10.1038/s43018-020-00159-4
https://doi.org/10.1016/j.cell.2024.03.029
https://doi.org/10.1016/j.cell.2024.03.029
https://doi.org/10.1101/gad.261982.115
https://doi.org/10.1016/j.stem.2014.01.005
https://doi.org/10.1016/j.ccell.2016.03.012
https://doi.org/10.1038/nrd.2017.111
https://doi.org/10.1038/nrd.2017.111
https://doi.org/10.1038/nrd3480
https://doi.org/10.1038/nrd3480
https://doi.org/10.1021/acs.jmedchem.2c01737
https://doi.org/10.1038/nrd4366
https://doi.org/10.1038/nrd4336
https://doi.org/10.1126/scitranslmed.aab1201
https://doi.org/10.1126/scitranslmed.aab1201
https://doi.org/10.1038/nprot.2016.105
https://doi.org/10.7554/eLife.24060

¢? CellPress

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

16

OPEN ACCESS

Cimini, B.A., Chandrasekaran, S.N., Kost-Alimova, M., Miller, L., Good-
ale, A., Fritchman, B., Byrne, P., Garg, S., Jamali, N., Logan, D.J., et al.
(2022). Optimizing the Cell Painting assay for image-based profiling. Pre-
print at bioRxiv. https://doi.org/10.1101/2022.07.13.499171.

Way, G.P., Sailem, H., Shave, S., Kasprowicz, R., and Carragher, N.O.
(2023). Evolution and impact of high content imaging. SLAS Discov. 28,
292-305. https://doi.org/10.1016/j.slasd.2023.08.009.

Gustafsdottir, S.M., Ljosa, V., Sokolnicki, K.L., Anthony Wilson, J., Wal-
pita, D., Kemp, M.M., Petri Seiler, K., Carrel, H.A., Golub, T.R., Schreiber,
S.L., et al. (2013). Multiplex Cytological Profiling Assay to Measure
Diverse Cellular States. PLoS One 8, 80999. https://doi.org/10.1371/
journal.pone.0080999.

Codrici, E., Popescu, I.D., Tanase, C., and Enciu, A.M. (2022). Friends
with Benefits: Chemokines, Glioblastoma-Associated Microglia/Macro-
phages, and Tumor Microenvironment. Int. J. Mol. Sci. 23, 2509.
https://doi.org/10.3390/ijms23052509.

Fedele, M., Cerchia, L., and Battista, S. (2024). Subtype Transdifferentia-
tion in Human Cancer: The Power of Tissue Plasticity in Tumor Progres-
sion. Cells 13, 350. https://doi.org/10.3390/cells13040350.

Liu, H., Zhao, Q., Tan, L., Wu, X., Huang, R., Zuo, Y., Chen, L., Yang, J.,
Zhang, Z.X., Ruan, W., et al. (2023). Neutralizing IL-8 potentiates immune
checkpoint blockade efficacy for glioma. Cancer Cell 47, 693-710.e8.
https://doi.org/10.1016/j.ccell.2023.03.004.

Bray, M.-A., and Carpenter, A.E. (2018). Quality Control for High-
Throughput Imaging Experiments Using Machine Learning in Cellprofiler.
Methods Mol. Biol. 7683, 89-112. https://doi.org/10.1007/978-1-4939-
7357-6_7.

Hughes, R.E., Elliott, R.J.R., Munro, A.F., Makda, A., O’Neill, J.R., Hupp,
T., and Carragher, N.O. (2020). High-Content Phenotypic Profiling in
Esophageal Adenocarcinoma Identifies Selectively Active Pharmacolog-
ical Classes of Drugs for Repurposing and Chemical Starting Points for
Novel Drug Discovery. SLAS Discov. 25, 770-782. https://doi.org/10.
1177/2472555220917115.

Hughes, R.E., Elliott, R.J.R., Li, X., Munro, A.F., Makda, A., Carter, R.N.,
Morton, N.M., Fujihara, K., Clemons, N.J., Fitzgerald, R., et al. (2022).
Multiparametric High-Content Cell Painting Identifies Copper lonophores
as Selective Modulators of Esophageal Cancer Phenotypes. ACS Chem
Biol 77, 1876-1889. https://doi.org/10.1021/acschembio.2c00301.

Warchal, S.J., Dawson, J.C., Shepherd, E., Munro, A.F., Hughes, R.E.,
Makda, A., and Carragher, N.O. (2020). High content phenotypic
screening identifies serotonin receptor modulators with selective activity
upon breast cancer cell cycle and cytokine signaling pathways. Bioorg.
Med. Chem. 28, 115209. https://doi.org/10.1016/j.bmc.2019.115209.

Carpenter, A.E., Jones, T.R., Lamprecht, M.R., Clarke, C., Kang, I.H., Fri-
man, O., Guertin, D.A., Chang, J.H., Lindquist, R.A., Moffat, J., et al.
(2006). CellProfiler: image analysis software for identifying and quanti-
fying cell phenotypes. Genome Biol. 7, R100. https://doi.org/10.1186/
gb-2006-7-10-r100.

McQuin, C., Goodman, A., Chernyshev, V., Kamentsky, L., Cimini, B.A.,
Karhohs, K.W., Doan, M., Ding, L., Rafelski, S.M., Thirstrup, D., et al.
(2018). CellProfiler 3.0: Next-generation image processing for biology.
PLoS Biol. 16, €2005970. https://doi.org/10.1371/journal.pbio.2005970.

Markossian, S., Coussens, N.P., Dahlin, J.L., and Sittampalam, G.S.
(2021). Assay Guidance Manual for Drug Discovery: Robust or Go
Bust. SLAS Discov. 26, 1241-1242. https://doi.org/10.1177/
24725552211054044.

Athanasiadis, P., Ravikumar, B., Elliott, R.J.R., Dawson, J.C., Carragher,
N.O., Clemons, P.A., Johanssen, T., Ebner, D., and Aittokallio, T. (2023).
Chemogenomic library design strategies for precision oncology, applied
to phenotypic profiling of glioblastoma patient cells. iScience 26, 107209.
https://doi.org/10.1016/j.isci.2023.107209.

Omta, W.A., van Heesbeen, R.G., Pagliero, R.J., van der Velden, L.M.,
Lelieveld, D., Nellen, M., Kramer, M., Yeong, M., Saeidi, A.M., Medema,
R.H., et al. (2016). HC StratoMineR: A Web-Based Tool for the Rapid

iScience 29, 115839, June 19, 2026

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

iScience

Analysis of High-Content Datasets. Assay Drug Dev. Technol. 74,
439-452. https://doi.org/10.1089/adt.2016.726.

Hastie, T., Tibshirani, R., and Friedman, J.H. (2009). The Elements of Sta-
tistical Learning : Data Mining, Inference, and Prediction, 2nd Edition
(Springer).

Asghar, U., Witkiewicz, A.K., Turner, N.C., and Knudsen, E.S. (2015). The
history and future of targeting cyclin-dependent kinases in cancer ther-
apy. Nat. Rev. Drug Discov. 74, 130-146. https://doi.org/10.1038/
nrd4504.

Zhang, M., Zhang, L., Hei, R., Li, X., Cai, H., Wu, X., Zheng, Q., and Cai, C.
(2021). CDK inhibitors in cancer therapy, an overview of recent develop-
ment. Am. J. Cancer Res. 77, 1913-1935.

Olson, C.M.,, Jiang, B., Erb, M.A,, Liang, Y., Doctor, Z.M., Zhang, Z.,
Zhang, T., Kwiatkowski, N., Boukhali, M., Green, J.L., et al. (2018). Phar-
macological perturbation of CDK9 using selective CDK9 inhibition or
degradation. Nat. Chem. Biol. 74, 163-170. https://doi.org/10.1038/
nchembio.2538.

Howard, D., James, D., Garcia-Parra, J., Pan-Castillo, B., Worthington,
J., Williams, N., Coombes, Z., Rees, S.C., Lutchman-Singh, K., Francis,
L.W., et al. (2022). Dinaciclib as an effective pan-cyclin dependent kinase
inhibitor in platinum resistant ovarian cancer. Front. Oncol. 712, 1014280.
https://doi.org/10.3389/fonc.2022.1014280.

Howard, D., James, D., Murphy, K., Garcia-Parra, J., Pan-Castillo, B.,
Rex, S., Moul, A., Jones, E., Bilbao-Asensio, M., Michue-Seijas, S.,
et al. (2021). Dinaciclib, a Bimodal Agent Effective against Endometrial
Cancer. Cancers (Basel) 13, 1135. https://doi.org/10.3390/
cancers13051135.

Cidado, J., Boiko, S., Proia, T., Ferguson, D., Criscione, S.W., San Mar-
tin, M., Pop-Damkov, P., Su, N., Roamio Franklin, V.N., Sekhar Reddy
Chilamakuri, C., et al. (2020). AZD4573 Is a Highly Selective CDK9 Inhib-
itor That Suppresses MCL-1 and Induces Apoptosis in Hematologic Can-
cer Cells. Clin. Cancer Res. 26, 922-934. https://doi.org/10.1158/1078-
0432.CCR-19-1853.

Rommel, C., Clarke, B.A., Zimmermann, S., Nufiez, L., Rossman, R.,
Reid, K., Moelling, K., Yancopoulos, G.D., and Glass, D.J. (1999). Differ-
entiation stage-specific inhibition of the Raf-MEK-ERK pathway by Akt.
Science 286, 1738-1741. https://doi.org/10.1126/science.286.
5445.1738.

Zimmermann, S., and Moelling, K. (1999). Phosphorylation and regula-
tion of Raf by Akt (protein kinase B). Science 286, 1741-1744. https://
doi.org/10.1126/science.286.5445.1741.

Kreisberg, J.l., Malik, S.N., Prihoda, T.J., Bedolla, R.G., Troyer, D.A.,
Kreisberg, S., and Ghosh, P.M. (2004). Phosphorylation of Akt (Ser473)
is an excellent predictor of poor clinical outcome in prostate cancer. Can-
cer Res. 64, 5232-5236. https://doi.org/10.1158/0008-5472.CAN-
04-0272.

Stulpinas, A., Sereika, M., Vitkeviciene, A., Imbrasaite, A., Krestnikova,
N., and Kalvelyte, A.V. (2022). Crosstalk between protein kinases AKT
and ERK1/2 in human lung tumor-derived cell models. Front. Oncol.
12, 1045521. https://doi.org/10.3389/fonc.2022.1045521.

Arafeh, R., Shibue, T., Dempster, J.M., Hahn, W.C., and Vazquez, F.
(2025). The present and future of the Cancer Dependency Map. Nat.
Rev. Cancer 25, 59-73. https://doi.org/10.1038/s41568-024-00763-x.

Lee, S., Weiss, T., Bihler, M., Mena, J., Lottenbach, Z., Wegmann, R.,
Sun, M., Bihl, M., Augustynek, B., Baumann, S.P., et al. (2024). High-
throughput identification of repurposable neuroactive drugs with potent
anti-glioblastoma activity. Nat. Med. 30, 3196-3208. https://doi.org/10.
1038/s41591-024-03224-y.

Ariey-Bonnet, J., Berges, R., Montero, M.P., Mouysset, B., Piris, P.,
Muller, K., Pinna, G., Failes, T.W., Arndt, G.M., Morando, P., et al.
(2023). Combination drug screen targeting glioblastoma core vulnerabil-
ities reveals pharmacological synergisms. EBioMedicine 95, 104752.
https://doi.org/10.1016/j.ebiom.2023.104752.


https://doi.org/10.1101/2022.07.13.499171
https://doi.org/10.1016/j.slasd.2023.08.009
https://doi.org/10.1371/journal.pone.0080999
https://doi.org/10.1371/journal.pone.0080999
https://doi.org/10.3390/ijms23052509
https://doi.org/10.3390/cells13040350
https://doi.org/10.1016/j.ccell.2023.03.004
https://doi.org/10.1007/978-1-4939-7357-6_7
https://doi.org/10.1007/978-1-4939-7357-6_7
https://doi.org/10.1177/2472555220917115
https://doi.org/10.1177/2472555220917115
https://doi.org/10.1021/acschembio.2c00301
https://doi.org/10.1016/j.bmc.2019.115209
https://doi.org/10.1186/gb-2006-7-10-r100
https://doi.org/10.1186/gb-2006-7-10-r100
https://doi.org/10.1371/journal.pbio.2005970
https://doi.org/10.1177/24725552211054044
https://doi.org/10.1177/24725552211054044
https://doi.org/10.1016/j.isci.2023.107209
https://doi.org/10.1089/adt.2016.726
http://refhub.elsevier.com/S2589-0042(26)01214-9/sref47
http://refhub.elsevier.com/S2589-0042(26)01214-9/sref47
http://refhub.elsevier.com/S2589-0042(26)01214-9/sref47
https://doi.org/10.1038/nrd4504
https://doi.org/10.1038/nrd4504
http://refhub.elsevier.com/S2589-0042(26)01214-9/sref49
http://refhub.elsevier.com/S2589-0042(26)01214-9/sref49
http://refhub.elsevier.com/S2589-0042(26)01214-9/sref49
https://doi.org/10.1038/nchembio.2538
https://doi.org/10.1038/nchembio.2538
https://doi.org/10.3389/fonc.2022.1014280
https://doi.org/10.3390/cancers13051135
https://doi.org/10.3390/cancers13051135
https://doi.org/10.1158/1078-0432.CCR-19-1853
https://doi.org/10.1158/1078-0432.CCR-19-1853
https://doi.org/10.1126/science.286.5445.1738
https://doi.org/10.1126/science.286.5445.1738
https://doi.org/10.1126/science.286.5445.1741
https://doi.org/10.1126/science.286.5445.1741
https://doi.org/10.1158/0008-5472.CAN-04-0272
https://doi.org/10.1158/0008-5472.CAN-04-0272
https://doi.org/10.3389/fonc.2022.1045521
https://doi.org/10.1038/s41568-024-00763-x
https://doi.org/10.1038/s41591-024-03224-y
https://doi.org/10.1038/s41591-024-03224-y
https://doi.org/10.1016/j.ebiom.2023.104752

iScience

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

7.

72.

73.

Shaker, B., Yu, M.S., Song, J.S., Ahn, S., Ryu, J.Y., Oh, K.S., and Na, D.
(2021). LightBBB: computational prediction model of blood-brain-barrier
penetration based on LightGBM. Bioinformatics 37, 1135-1139. https://
doi.org/10.1093/bioinformatics/btaa918.

Heinrich, B., Schlenk, R.F., Brudler, O.L., Edenhofer, S., Scheuerle, A.,
Naumann, R., Mayer-Steinacker, R., Bangerter, M., and Bullinger, L.
(2017). Activity of cabazitaxel in temozolomide refractory glioblastoma:
Final results of a phase 2 study (C-GBM study; EudraCT 2013-001550-
98 NCT 01866449). J. Clin. Oncol. 35, 2056. https://doi.org/10.1200/
JC0.2017.35.15_suppl.2056.

Goldlust, S.A., Nabors, L.B., Hsu, S., Mohile, N., Duic, P.J., Benkers, T.,
Singer, S., Rao, M., Cappello, L., Silberman, S.L., and Farmer, G. (2024).
Phase 1 trial of TPl 287, a microtubule stabilizing agent, in combination
with bevacizumab in adults with recurrent glioblastoma. Neurooncol.
Adv. 6, vdae009. https://doi.org/10.1093/noajnl/vdae009.

Silberman, S., and Muzyczenko, Z. (2024). Updates on a Potentially
Pivotal Trial Cns-201: A Randomized, Controlled Trial of Berubicin Vs.
Lomustine after First-Line Therapy for Glioblastoma Multiforme (Gbm).
Neuro Oncol. 26, Vviii112-viii113. https://doi.org/10.1093/neuonc/
noae165.0435.

Painuly, U., and Kumar, S. (2013). Efficacy of bortezomib as first-line
treatment for patients with multiple myeloma. Clin. Med. Insights Oncol.
7, 53-73. https://doi.org/10.4137/CMO.S7764.

Gozdz, A. (2023). Proteasome Inhibitors against Glioblastoma-Overview
of Molecular Mechanisms of Cytotoxicity, Progress in Clinical Trials, and
Perspective for Use in Personalized Medicine. Curr. Oncol. 30, 9676-
9688. https://doi.org/10.3390/curroncol30110702.

lwamoto, F.M., Lamborn, K.R., Kuhn, J.G., Wen, P.Y., Yung, W.K.A,,
Gilbert, M.R., Chang, S.M., Lieberman, F.S., Prados, M.D., and Fine,
H.A. (2011). A phase I/ll trial of the histone deacetylase inhibitor romidep-
sin for adults with recurrent malignant glioma: North American Brain Tu-
mor Consortium Study 03-03. Neuro Oncol. 13, 509-516. https://doi.org/
10.1093/neuonc/nor017.

Lee, E.Q., Reardon, D.A., Schiff, D., Drappatz, J., Muzikansky, A., Grimm,
S.A., Norden, A.D., Nayak, L., Beroukhim, R., Rinne, M.L., et al. (2015).
Phase |l study of panobinostat in combination with bevacizumab for
recurrent glioblastoma and anaplastic glioma. Neuro Oncol. 17,
862-867. https://doi.org/10.1093/neuonc/nou350.

Ghiaseddin, A., Reardon, D., Massey, W., Mannerino, A., Lipp, E.S.,
Herndon, J.E., McSherry, F., Desjardins, A., Randazzo, D., Friedman,
H.S., et al. (2018). Phase Il Study of Bevacizumab and Vorinostat for Pa-
tients with Recurrent World Health Organization Grade 4 Malignant Gli-
oma. Oncologist 23, 157.e21. https://doi.org/10.1634/theoncologist.
2017-0501.

Peters, K.B., Lipp, E.S., Miller, E., Herndon, J.E., McSherry, F., Desjar-
dins, A., Reardon, D.A., and Friedman, H.S. (2018). Phase I/l trial of vor-
inostat, bevacizumab, and daily temozolomide for recurrent malignant
gliomas. J. Neuro Oncol. 7137, 349-356. https://doi.org/10.1007/
s11060-017-2724-1.

Bagley, S.J., Kothari, S., Rahman, R., Lee, E.Q., Dunn, G.P., Galanis, E.,
Chang, S.M., Nabors, L.B., Ahluwalia, M.S., Stupp, R., et al. (2022). Glio-
blastoma Clinical Trials: Current Landscape and Opportunities for
Improvement. Clin. Cancer Res. 28, 594-602. https://doi.org/10.1158/
1078-0432.CCR-21-2750.

Karmur, B.S., Philteos, J., Abbasian, A., Zacharia, B.E., Lipsman, N.,
Levin, V., Grossman, S., and Mansouri, A. (2020). Blood-Brain Barrier
Disruption in Neuro-Oncology: Strategies, Failures, and Challenges to
Overcome. Front. Oncol. 10, 563840. https://doi.org/10.3389/fonc.
2020.563840.

Wu, S., Lu, L., Zhou, J., Ran, D., Wang, S., Xu, Q., Xu, W., Wang, J., Liu,
Y., Xie, C., etal. (2022). All-stage targeted therapy for glioblastoma based
on lipid membrane coated cabazitaxel nanocrystals. J. Control. Release
345, 685-695. https://doi.org/10.1016/j.jconrel.2022.03.047.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

¢? CellPress

OPEN ACCESS

Chen, C., Fan, R., Wang, Y., Wang, L., Huang, C., Zhou, L., Xu, J., Chen,
H., and Guo, G. (2021). Hyaluronic Acid-Conjugated Nanoparticles for
the Targeted Delivery of Cabazitaxel to CD44-Overexpressing Glioblas-
toma Cells. J. Biomed. Nanotechnol. 77, 595-605. https://doi.org/10.
1166/jbn.2021.3050.

Madani, F., Esnaashari, S.S., Webster, T.J., Khosravani, M., and Adabi,
M. (2022). Polymeric nanoparticles for drug delivery in glioblastoma:
State of the art and future perspectives. J. Control. Release 349,
649-661. https://doi.org/10.1016/j.jconrel.2022.07.023.

Mokarram, N., Case, A., Hossainy, N.N., Lyon, J.G., MacDonald, T.J.,
and Bellamkonda, R. (2025). Device-assisted strategies for drug delivery
across the blood-brain barrier to treat glioblastoma. Commun. Mater. 6,
5. https://doi.org/10.1038/s43246-024-00721-y.

Ellert-Miklaszewska, A., Poleszak, K., Pasierbinska, M., and Kaminska,
B. (2020). Integrin Signaling in Glioma Pathogenesis: From Biology to
Therapy. Int. J. Mol. Sci. 21, 888. https://doi.org/10.3390/ijms21030888.

Malric, L., Monferran, S., Gilhodes, J., Boyrie, S., Dahan, P., Skuli, N., Se-
sen, J., Filleron, T., Kowalski-Chauvel, A., Cohen-Jonathan Moyal, E.,
et al. (2017). Interest of integrins targeting in glioblastoma according to
tumor heterogeneity and cancer stem cell paradigm: an update. Oncotar-
get 8, 86947-86968. https://doi.org/10.18632/oncotarget.20372.

Ortiz Rivera, J., Velez Crespo, G., Inyushin, M., Kucheryavykh, Y., and
Kucheryavykh, L. (2023). Pyk2/FAK Signaling Is Upregulated in Recurrent
Glioblastoma Tumors in a C57BL/6/GL261 Glioma Implantation Model.
Int. J. Mol. Sci. 24, 13467. https://doi.org/10.3390/ijms241713467.

Stettner, M.R., Wang, W., Nabors, L.B., Bharara, S., Flynn, D.C., Gram-
mer, J.R., Gillespie, G.Y., and Gladson, C.L. (2005). Lyn kinase activity is
the predominant cellular SRC kinase activity in glioblastoma tumor cells.
Cancer Res. 65, 5535-5543. https://doi.org/10.1158/0008-5472.CAN-
04-3688.

Du, J., Bernasconi, P., Clauser, K.R., Mani, D.R., Finn, S.P., Beroukhim,
R., Burns, M., Julian, B., Peng, X.P., Hieronymus, H., et al. (2009). Bead-
based profiling of tyrosine kinase phosphorylation identifies SRC as a po-
tential target for glioblastoma therapy. Nat. Biotechnol. 27, 77-83.
https://doi.org/10.1038/nbt.1513.

Lu, K.V., Zhu, S., Cvrljevic, A., Huang, T.T., Sarkaria, S., Ahkavan, D.,
Dang, J., Dinca, E.B., Plaisier, S.B., Oderberg, I., et al. (2009). Fyn and
SRC are effectors of oncogenic epidermal growth factor receptor
signaling in glioblastoma patients. Cancer Res. 69, 6889-6898. https://
doi.org/10.1158/0008-5472.CAN-09-0347.

Lipinski, C.A., Tran, N.L., Menashi, E., Rohl, C., Kloss, J., Bay, R.C., Be-
rens, M.E., and Loftus, J.C. (2005). The tyrosine kinase pyk2 promotes
migration and invasion of glioma cells. Neoplasia 7, 435-445. https://
doi.org/10.1593/ne0.04712.

Loftus, A.E.P., Romano, M.S., Phuong, A.N., McKinnel, B.J., Muir, M.T.,
Furgan, M., Dawson, J.C., Avalle, L., Douglas, A.T., Mort, R.L., et al.
(2024). An ILK/STAT3 pathway controls glioblastoma stem cell plasticity.
Dev. Cell 59, 3197-3212.e7. https://doi.org/10.1016/j.devcel.2024.09.003.

Tarin, M., Némati, F., Decaudin, D., Canbezdi, C., Marande, B., Silva, L.,
Derrien, H., Jochemsen, A.G., Gardrat, S., Piperno-Neumann, S., et al.
(2023). FAK Inhibitor-Based Combinations with MEK or PKC Inhibitors
Trigger Synergistic Antitumor Effects in Uveal Melanoma. Cancers 15,
2280. https://doi.org/10.3390/CANCERS15082280.

McGivern, N., El-Helali, A., Mullan, P., McNeish, |.A., Paul Harkin, D.,
Kennedy, R.D., McCabe, N., McGivern, N., El-Helali, A., Mullan, P.,
et al. (2018). Activation of MAPK signalling results in resistance to sara-
catinib (AZD0530) in ovarian cancer. Oncotarget 9, 4722-4736. https://
doi.org/10.18632/ONCOTARGET.23524.

Furgan, M., Elliott, R.J.R., Nagle, P.W.K., Dawson, J.C., Masalmeh, R.,
Garcia, V.A., Munro, AF., Drake, C., Morrison, G.M., Pollard, S.M.,
et al. (2025). Drug Combinations Targeting FAK and MEK Overcomes Tu-
mor Heterogeneity in Glioblastoma. Pharmaceutics 17, 549. https://doi.
org/10.3390/pharmaceutics17050549.

iScience 29, 115839, June 19, 2026 17



https://doi.org/10.1093/bioinformatics/btaa918
https://doi.org/10.1093/bioinformatics/btaa918
https://doi.org/10.1200/JCO.2017.35.15_suppl.2056
https://doi.org/10.1200/JCO.2017.35.15_suppl.2056
https://doi.org/10.1093/noajnl/vdae009
https://doi.org/10.1093/neuonc/noae165.0435
https://doi.org/10.1093/neuonc/noae165.0435
https://doi.org/10.4137/CMO.S7764
https://doi.org/10.3390/curroncol30110702
https://doi.org/10.1093/neuonc/nor017
https://doi.org/10.1093/neuonc/nor017
https://doi.org/10.1093/neuonc/nou350
https://doi.org/10.1634/theoncologist.2017-0501
https://doi.org/10.1634/theoncologist.2017-0501
https://doi.org/10.1007/s11060-017-2724-1
https://doi.org/10.1007/s11060-017-2724-1
https://doi.org/10.1158/1078-0432.CCR-21-2750
https://doi.org/10.1158/1078-0432.CCR-21-2750
https://doi.org/10.3389/fonc.2020.563840
https://doi.org/10.3389/fonc.2020.563840
https://doi.org/10.1016/j.jconrel.2022.03.047
https://doi.org/10.1166/jbn.2021.3050
https://doi.org/10.1166/jbn.2021.3050
https://doi.org/10.1016/j.jconrel.2022.07.023
https://doi.org/10.1038/s43246-024-00721-y
https://doi.org/10.3390/ijms21030888
https://doi.org/10.18632/oncotarget.20372
https://doi.org/10.3390/ijms241713467
https://doi.org/10.1158/0008-5472.CAN-04-3688
https://doi.org/10.1158/0008-5472.CAN-04-3688
https://doi.org/10.1038/nbt.1513
https://doi.org/10.1158/0008-5472.CAN-09-0347
https://doi.org/10.1158/0008-5472.CAN-09-0347
https://doi.org/10.1593/neo.04712
https://doi.org/10.1593/neo.04712
https://doi.org/10.1016/j.devcel.2024.09.003
https://doi.org/10.3390/CANCERS15082280
https://doi.org/10.18632/ONCOTARGET.23524
https://doi.org/10.18632/ONCOTARGET.23524
https://doi.org/10.3390/pharmaceutics17050549
https://doi.org/10.3390/pharmaceutics17050549

¢? CellPress

88.

89.

90.

91.

92.

93.

94,

95.

96.

97.

98.

99.

100.

18

OPEN ACCESS

Almazan, J., Turapov, T., Kircher, D.A., Stanley, K.A., Culver, K., Medel-
lin, A.P., Field, M.N., Parkman, G.L., Colman, H., Coma, S., et al. (2025).
Combined inhibition of focal adhesion kinase and RAF/MEK elicits syner-
gistic inhibition of melanoma growth and reduces metastases. Cell Rep.
Med. 6, 101943. https://doi.org/10.1016/j.xcrm.2025.101943.

Spada, S., Tocci, A., Di Modugno, F., and Nistico, P. (2021). Fibronectin
as a multiregulatory molecule crucial in tumor matrisome: from structural
and functional features to clinical practice in oncology. J. Exp. Clin. Can-
cer Res. 40, 102. https://doi.org/10.1186/s13046-021-01908-8.

Bao, H., Huo, Q., Yuan, Q., and Xu, C. (2021). Fibronectin 1: A Potential
Biomarker for Ovarian Cancer. Dis. Markers 2027, 5561651. https://doi.
org/10.1155/2021/5561651.

Wang, H., Zhang, J., Li, H., Yu, H., Chen, S., Liu, S., Zhang, C., and He, Y.
(2022). FN1 is a prognostic biomarker and correlated with immune infil-
trates in gastric cancers. Front. Oncol. 12, 918719. https://doi.org/10.
3389/fonc.2022.918719.

Han, Z., and Lu, Z.R. (2017). Targeting Fibronectin for Cancer Imaging
and Therapy. J. Mater. Chem. B 5, 639-654. https://doi.org/10.1039/
C6TB02008A.

Farooq, F., Amin, A., Wani, U.M., Lone, A., and Qadri, R.A. (2023). Shield-
ing and nurturing: Fibronectin as a modulator of cancer drug resistance.
J. Cell. Physiol. 238, 1651-1669. https://doi.org/10.1002/jcp.31048.

Tiedemann, L., Gorantla, S.P., Ahlf, P., Schmidt, L.S., Pott, C., Litterst,
M., Waetzig, V., Nagel, I., Ruemenapp, J., von Bubnoff, N., et al.
(2025). Association of fibronectin 1 deregulation with tyrosine kinase in-
hibitor resistance in chronic myeloid leukemia. Front. Cell Dev. Biol. 13,
1725857. https://doi.org/10.3389/fcell.2025.1725857.

Meng, X.N., Jin, Y., Yu, Y., Bai, J., Liu, G.Y., Zhu, J., Zhao, Y.Z., Wang, Z.,
Chen, F., Lee, K.Y., and Fu, S.B. (2009). Characterisation of fibronectin-
mediated FAK signalling pathways in lung cancer cell migration and inva-
sion. Br. J. Cancer 107, 327-334. https://doi.org/10.1038/sj.bjc.6605154.

Fu, X., Jeselsohn, R., Pereira, R., Hollingsworth, E.F., Creighton, C.J., Li,
F., Shea, M., Nardone, A., De Angelis, C., Heiser, L.M., et al. (2016).
FOXA1 overexpression mediates endocrine resistance by altering the
ER transcriptome and IL-8 expression in ER-positive breast cancer.
Proc. Natl. Acad. Sci. USA 113, E6600-E6609. https://doi.org/10.1073/
pnas.1612835113.

Kim, J., Jin, H., Zhao, J.C., Yang, Y.A,, Li, Y., Yang, X., Dong, X., and Yu,
J. (2017). FOXA1 inhibits prostate cancer neuroendocrine differentiation.
Oncogene 36, 4072-4080. https://doi.org/10.1038/onc.2017.50.

Langhans, J., Schneele, L., Trenkler, N., von Bandemer, H., Nonnen-
macher, L., Karpel-Massler, G., Siegelin, M.D., Zhou, S., Halatsch,
M.E., Debatin, K.M., and Westhoff, M.A. (2017). The effects of PI3K-
mediated signalling on glioblastoma cell behaviour. Oncogenesis 6,
398. https://doi.org/10.1038/s41389-017-0004-8.

Garros-Regulez, L., Garcia, ., Carrasco-Garcia, E., Lantero, A., Aldaz, P.,
Moreno-Cugnon, L., Arrizabalaga, O., Undabeitia, J., Torres-Bayona, S.,
Villanua, J., et al. (2016). Targeting SOX2 as a Therapeutic Strategy in Glio-
blastoma. Front. Oncol. 6, 222. https://doi.org/10.3389/fonc.2016.00222.

Zhang, Z., and Zhang, Y. (2024). Transcriptional regulation of cancer stem
cell: regulatory factors elucidation and cancer treatment strategies. J. Exp.
Clin. Cancer Res. 43, 99. https://doi.org/10.1186/s13046-024-03021-y.

iScience 29, 115839, June 19, 2026

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

iScience

Singh, D.K., Kollipara, R.K., Vemireddy, V., Yang, X.L., Sun, Y., Regmi,
N., Klingler, S., Hatanpaa, K.J., Raisanen, J., Cho, S.K., et al. (2017). On-
cogenes Activate an Autonomous Transcriptional Regulatory Circuit That
Drives Glioblastoma. Cell Rep. 18, 961-976. https://doi.org/10.1016/j.
celrep.2016.12.064.

Bacon, C.W., and D’Orso, I. (2019). CDKS: a signaling hub for transcrip-
tional control. Transcription 70, 57-75. https://doi.org/10.1080/
21541264.2018.1523668.

Cidado, J., Boiko, S., Proia, T., Ferguson, D., Criscione, S.W., San Mar-
tin, M., Pop-Damkov, P., Su, N., Roamio Franklin, V.N., Sekhar Reddy
Chilamakuri, C., et al. (2020). AZD4573 is a highly selective CDK9 inhib-
itor that suppresses Mcl-1 and induces apoptosis in hematologic cancer
cells. Clin. Cancer Res. 26, 922-934. https://doi.org/10.1158/1078-0432.
CCR-19-1853/76268/AM/AZD4573-1S-A-HIGHLY-SELECTIVE-CDK9-
INHIBITOR-THAT.

Veeranki, O.L., Tong, Z., Dokey, R., Mejia, A., Zhang, J., Qiao, Y., Singh,
P.K., Katkhuda, R., Mino, B., Tailor, R., et al. (2019). Targeting cyclin-
dependent kinase 9 by a novel inhibitor enhances radiosensitization and
identifies Axl as a novel downstream target in esophageal adenocarci-
noma. Oncotarget 70, 4703-4718. https://doi.org/10.18632/oncotarget.
27095.

Orhan, E., Velazquez, C., Tabet, I., Fenou, L., Rodier, G., Orsetti, B., Ja-
cot, W., Sardet, C., and Theillet, C. (2024). CDK inhibition results in phar-
macologic BRCAness increasing sensitivity to olaparib in BRCA1-WT
and olaparib resistant in Triple Negative Breast Cancer. Cancer Lett.
589, 216820. https://doi.org/10.1016/j.canlet.2024.216820.

Cao, S., Yu, Y., Chen, S., Lei, D., Wang, S., Pan, X., and Peng, J. (2017).
Inhibition of CDK9 induces apoptosis and potentiates the effect of
cisplatin in hypopharyngeal carcinoma cells. Biochem. Biophys. Res.
Commun. 482, 536-541. https://doi.org/10.1016/j.bbrc.2016.11.049.

Ranjan, A., Pang, Y., Butler, M., Merchant, M., Kim, O., Yu, G., Su, Y.T.,
Gilbert, M.R., Levens, D., and Wu, J. (2021). Targeting CDK9 for the
Treatment of Glioblastoma. Cancers (Basel) 13, 3039. https://doi.org/
10.3390/cancers13123039.

Pollard, S.M., Yoshikawa, K., Clarke, 1.D., Danovi, D., Stricker, S., Rus-
sell, R., Bayani, J., Head, R., Lee, M., Bernstein, M., et al. (2009). Glioma
stem cell lines expanded in adherent culture have tumor-specific pheno-
types and are suitable for chemical and genetic screens. Cell Stem Cell 4,
568-580. https://doi.org/10.1016/j.stem.2009.03.014.

Szklarczyk, D., Kirsch, R., Koutrouli, M., Nastou, K., Mehryary, F., Hachilif,
R., Gable, A.L., Fang, T., Doncheva, N.T., Pyysalo, S., et al. (2023). The
STRING database in 2023: protein-protein association networks and func-
tional enrichment analyses for any sequenced genome of interest. Nucleic
Acids Res. 57, D638-D646. https://doi.org/10.1093/nar/gkac1000.
Shannon, P., Markiel, A., Ozier, O., Baliga, N.S., Wang, J.T., Ramage, D.,
Amin, N., Schwikowski, B., and Ideker, T. (2003). Cytoscape: a software
environment for integrated models of biomolecular interaction networks.
Genome Res. 13, 2498-2504. https://doi.org/10.1101/gr.1239303.
Zheng, S., Wang, W., Aldahdooh, J., Malyutina, A., Shadbabhr, T., Tanoli,
Z., Pessia, A., and Tang, J. (2022). SynergyFinder Plus: Toward Better
Interpretation and Annotation of Drug Combination Screening Datasets.
Genom. Proteom. Bioinform. 20, 587-596. https://doi.org/10.1016/j.gpb.
2022.01.004.


https://doi.org/10.1016/j.xcrm.2025.101943
https://doi.org/10.1186/s13046-021-01908-8
https://doi.org/10.1155/2021/5561651
https://doi.org/10.1155/2021/5561651
https://doi.org/10.3389/fonc.2022.918719
https://doi.org/10.3389/fonc.2022.918719
https://doi.org/10.1039/C6TB02008A
https://doi.org/10.1039/C6TB02008A
https://doi.org/10.1002/jcp.31048
https://doi.org/10.3389/fcell.2025.1725857
https://doi.org/10.1038/sj.bjc.6605154
https://doi.org/10.1073/pnas.1612835113
https://doi.org/10.1073/pnas.1612835113
https://doi.org/10.1038/onc.2017.50
https://doi.org/10.1038/s41389-017-0004-8
https://doi.org/10.3389/fonc.2016.00222
https://doi.org/10.1186/s13046-024-03021-y
https://doi.org/10.1016/j.celrep.2016.12.064
https://doi.org/10.1016/j.celrep.2016.12.064
https://doi.org/10.1080/21541264.2018.1523668
https://doi.org/10.1080/21541264.2018.1523668
https://doi.org/10.1158/1078-0432.CCR-19-1853/76268/AM/AZD4573-IS-A-HIGHLY-SELECTIVE-CDK9-INHIBITOR-THAT
https://doi.org/10.1158/1078-0432.CCR-19-1853/76268/AM/AZD4573-IS-A-HIGHLY-SELECTIVE-CDK9-INHIBITOR-THAT
https://doi.org/10.1158/1078-0432.CCR-19-1853/76268/AM/AZD4573-IS-A-HIGHLY-SELECTIVE-CDK9-INHIBITOR-THAT
https://doi.org/10.18632/oncotarget.27095
https://doi.org/10.18632/oncotarget.27095
https://doi.org/10.1016/j.canlet.2024.216820
https://doi.org/10.1016/j.bbrc.2016.11.049
https://doi.org/10.3390/cancers13123039
https://doi.org/10.3390/cancers13123039
https://doi.org/10.1016/j.stem.2009.03.014
https://doi.org/10.1093/nar/gkac1000
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1016/j.gpb.2022.01.004
https://doi.org/10.1016/j.gpb.2022.01.004

iScience ¢? CellPress
OPEN ACCESS

STARXxMETHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Rabbit monoclonal anti-MCL1 (D35A5) Cell Signaling Technology Cat# 5453

Rabbit monoclonal anti-BCL2 (D5568) Cell Signaling Technology Cat# 4223

Mouse monoclonal anti-RNA polymerase I Biolegend, Inc. Cat# 920203

RPB1 clone H5
Rabbit polyclonal anti-TSPAN7

Rabbit monoclonal anti-acetyl Histone H3
(Lys9) (C5B11)

Mouse monoclonal anti-Histone H3.1/3.2
(1D4F2)

Rabbit monoclonal anti-phospho AKT
(Serd73)

Rabbit polyclonal anti-AKT

Rabbit monoclonal anti-phospho-p44/42
MAPK (ERK1/2) (Thr202/Tyr204)
(D13.14.4E)

Rabbit polyclonal anti-phospho-p38 MAPK
(Thr180/Tyr182)

Rabbit polyclonal anti-p38 MAPK

Rabbit polyclonal anti-phospho-c-Jun
(Ser73)

Mouse monoclonal anti-alpha-Tubulin
(DM1A)

Anti-Rabbit I9G, HRP-linked
Anti-Mouse 1gG, HRP-linked
Antibodies - RPPA

Antibodies — Cytokine array

Life Technologies (Invitrogen division)
Cell Signaling Technology

Active Motif

Cell Signaling Technology

Cell Signaling Technology

Cell Signaling Technology

Cell Signaling Technology

Cell Signaling Technology
Cell Signaling Technology

Cell Signaling Technology

Cell Signaling Technology
Cell Signaling Technology
This paper

This paper

Cat# 18695-1-AP
Cat# 9649S

Cat# 61630

Cat# 4060S

Cat# 92728

Cat# 4370S

Cat# 9211

Cat# 9212
Cat# 9164

Cat# 12351

Cat# 7074
Cat# 7076

https://datashare.ed.ac.uk/handle/10283/
9113

https://datashare.ed.ac.uk/handle/10283/
9113

Chemicals, peptides, and recombinant proteins

Prestwick FDA approved Drug Library

LOPAC (Library of Pharmacologically
Active Compounds)

TargetMol Anti-cancer (2018)
Kinase Chemogenomic Set (KCGS)

Comprehensive Anti-Cancer Compound
Set (C3L)

Validated/Resupplied Compounds (348
compounds)

Gedatolisib/PF-05212384/PKI-587
AZD-5305/Saruparib

OTSSP167

Abemaciclib

Hoechst 33342

Prestwick Chemical

MERCK/Sigma Aldrich

TargetMol

Structural Genomics Consortium

Custom Library (Collaboration)

This paper

Stratech
Stratech
Stratech
Stratech
Molecular Probes

https://www.prestwickchemical.com/
screening-libraries/prestwick-chemical-
library/

Cat# LO4100

Cat# L2110

https://cancertools.org/the-kinase-
chemogenomic-set-kcgs/

Athanasiadis et al.*®

Table S6

S2628-SEL
S9875-SEL
B1321-APE
S5716-SEL
H1399

(Continued on next page)

iScience 29, 115839, June 19, 2026 el


https://datashare.ed.ac.uk/handle/10283/9113
https://datashare.ed.ac.uk/handle/10283/9113
https://datashare.ed.ac.uk/handle/10283/9113
https://datashare.ed.ac.uk/handle/10283/9113
https://www.prestwickchemical.com/screening-libraries/prestwick-chemical-library/
https://www.prestwickchemical.com/screening-libraries/prestwick-chemical-library/
https://www.prestwickchemical.com/screening-libraries/prestwick-chemical-library/
https://cancertools.org/the-kinase-chemogenomic-set-kcgs/
https://cancertools.org/the-kinase-chemogenomic-set-kcgs/

¢? CellPress

OPEN ACCESS

iScience

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Concanavalin A Alexa Fluor 488 Invitrogen C11252

SYTO 14 Invitrogen S7576

Phalloidin Alexa Fluor 594 - ab176757

Wheat germ agglutinin Alexa Fluor 594 Invitrogen W11262

MitoTracker DeepRed Invitrogen M22426

Critical commercial assays

NucView-488 caspase 3 detection reagent Biotium Cat# 30029

Nanostring Human Cancer Pathways Panel Nanostring Cat# NS_cancerPath_C2535

RNeasy Plus miniprep extraction kit Qiagen Cat# 74134

Deposited data

Raw Image quantification (CellProfiler This paper https://datashare.ed.ac.uk/handle/10283/

output, by compound library, includes 9113

validation set))

Processed Data (StratomineR normalized This paper https://datashare.ed.ac.uk/handle/10283/

output, redundant feature removal, no 9113

dimensionality reduction) w/metadata/plate

maps

HTS QC data (Z-prime by plate, normalized This paper https://datashare.ed.ac.uk/handle/10283/

distributions) 9113

Antibody Lists from RPPA and cytokine This paper https://datashare.ed.ac.uk/handle/10283/

arrays 9113

R script for normalized AUC generation This paper https://datashare.ed.ac.uk/handle/10283/
9113

Experimental models: Cell lines This paper https://datashare.ed.ac.uk/handle/10283/

9113

Human glioma stem cell: GCGR-E_13
(classical subtype, IDH"!, EGFR%*")
Human glioma stem cell: GCGR-E28
(classical subtype, IDH™!, EGFR®°PNA)
Human glioma stem cell: GCGR-E21
(mesenchymal subtype, IDH"!, EGFR%™)
Human glioma stem cell: GCGR-E57 _
(mesenchymal subtype, IDH"!, EGFR%",
NF1™)

Human glioma stem cell: GCGR-E31
(proneural subtype, IDH"!, EGFR™")
Human glioma stem cell: GCGR-E34
(proneural subtype, IDH"!, EGFR%")

Glioma Cellular Genetics Resource

Glioma Cellular Genetics Resource

Glioma Cellular Genetics Resource

Glioma Cellular Genetics Resource

Glioma Cellular Genetics Resource

Glioma Cellular Genetics Resource

gcgr@ed.ac.uk, https://github.com/GCGR

gcgr@ed.ac.uk, https://github.com/GCGR

gcgr@ed.ac.uk, https://github.com/GCGR

gcgr@ed.ac.uk, https://github.com/GCGR

gcgr@ed.ac.uk, https://github.com/GCGR

gcgr@ed.ac.uk, https://github.com/GCGR

Software and algorithms

CellProfiler Image Analysis Software v3.1.5
CellProfiler Pipeline

StratomineR high content analysis platform
(Cloud)

TIBCO Spotfire Analysis Software
STRING network analysis

Imaged 1.54g

Cytoscape Network Data Integration 3.10.3
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Broad Institute

This paper

Core Life Analytics

Revvity Signals
STRING Consortium

Wayne Rasband et al., National Institutes of
Health, USA

Cytoscape

Cellprofiler.org: Carpenter et al.*?; Bray
et al.*%; Bray et al.*; McQuinn et al.**

https://datashare.ed.ac.uk/handle/10283/
9113

Stratominer.com

Spotfire.com

https://string-db.org/cgi/
input?sessionld=blU7e6Xoh7rC
http://imagej.org

Cytoscape.org

(Continued on next page)
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REAGENT or RESOURCE SOURCE IDENTIFIER

Morpheus (Hierarchical Clustering) Broad Institute https://software.broadinstitute.org/
morpheus

R Studio (AUC quantification, Figure 3B) Posit PBC https://datashare.ed.ac.uk/handle/10283/
9113

MetaXpress (Cell cycle analysis) Molecular Devices moleculardevices.com

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Patient-derived glioma stem cells

Glioblastoma cell lines were obtained from the Glioma Cellular Genetics Resource, Edinburgh (gcgr@ed.ac.uk, https://github.com/
GCGR). Cell lines were submitted for STR profiling (ECACC, case number 21579, using a Promega Powerplex 16 HS kit) and were
routinely monitored for mycoplasma infection (MycoAlert, Lonza). The GCGR patient resource is anonymized, however, sequencing
reveals 2 cell lines are male and 4 are female. Cells are cultured on laminin-1 coated substrates, under defined media conditions that
have previously been demonstrated to maintain their stem cell-like properties.'% Briefly, cells were cultured in DMEM/HAMS-F12
media (Merck, D8437) with B27, N2 supplements (GIBCO 17504-044, 17502-048), EGF/FGF (10 ng/mL, Peprotech 315-09, 100-
18b)), glucose (8 mM, Merck, G8644), MEM non-essential amin acids (5 mL, GIBCO 11140-035, 100X), BSA (0.012%, GIBCO
15260-037), p-mercaptoethanol (0.1 mM, GIBCO 31350-010) and laminin (4-10 pg/mL depending on the cell line, Cultrex 3446-
005-01). Cells were passaged at ~80% confluence (4—7 days) and dissociated using Accutase (Merck, A6964). Doubling times
are approximately 60 h (except E57 cells, doubling time ~24 h) with generally low passage ratios (1:3 to 1:6) to maintain no less
than 20% confluence during cell expansion. All cell lines were expanded and banked in liquid nitrogen (~24 vials each) for continuous
turnover of low passage lines during screening.

METHOD DETAILS

Compound screening

384-well plates (Greiner Bio-One, pClear, 781091) were precoated in growth media containing 10ug/mL laminin (20pL/well) and incu-
bated for 2 h at 37°C, 5% CO, (minimum). Single cell suspensions in growth media were prepared (final seeding densities indicated in
Figure S1B) and added to the pre-coated plates (30puL/well, final laminin 4 pg/mL). The plates were then incubated for ~20 h and
inspected briefly, prior to compound addition using a Biomek automated liquid handler. Compound libraries are described in
Table 1. The objectives of each library chosen are as follows: Prestwick FDA: U.S. Food and Drug Administration (FDA) approved
drugs, mostly off-patent, suitable for drug repurposing opportunities. TargetMol-Anti-Cancer: Approved anti-cancer agents for
non-GBM indications, including more recent targeted therapies suitable for drug repurposing. LOPAC: A well characterized library
of marketed drugs, failed development candidates, and reference tools for exploring target biology and drug repurposing opportu-
nities. Comprehensive Anti-Cancer Compound Library (C3L): A library of highly selective tool compounds against known oncology
targets to identify new therapeutic target and drug repurposing opportunities for GBM. Compound library plates (as assay ready
daughter plates in 100% dimethyl sulfoxide (DMSO), 10mM-1mM stocks, prepared via BioAscent compound management
(bioascent.com)) were diluted with media to intermediate plates (1:50, 2% DMSO (v/v)) prior to addition to cells (1:20, final 0.1%
DMSO (v/v)). The intermediate drug plates were further diluted to create reduced dose intermediate plates (with 2% DMSO (v/v)) prior
to addition to cells (1:20, final 0.1% DMSO (v/v), n = 1 per dose, per compound - as is standard in high-throughput screening). Nega-
tive controls (DMSO, 0.1% (v/v), n = 32-48 per plate) and positive controls (staurosporine, 1 pM final conc., n = 16) for cell death were
added to the intermediate compound plates (up to 320 compounds per plate). After the addition of compounds, the plates were then
incubated at 37°C, 5% CO, for 72 h. Compound resupply details are provided in Table S6.

Cell painting

Live mitochondrial staining of cells was carried out by the addition of MitoTracker Deep-Red solution (3 pM, 10X conc. in media at
5ul/well) using the Integra Viafill automated dispenser (Intergra Biosciences). The plates were then incubated for 30 min at 37 °C, 5%
CO, followed by plate cooling and fixation by the addition of 15% formaldehyde in phosphate buffered saline (PBS) (20uL/well —final
4% formaldehyde in 75 pL volume) using a multidrop combi reagent dispenser. After incubation for 20 min, the plates were washed
(BioTek plate washer, Agilent, www.biotek.uk.com) with PBS and cell painting reagents prepared in 1% BSA/0.01% TX-100 in PBS
(Table 2). After washing, PBS was removed and cell painting solution was added using a multidrop combi (20uL/well) followed by
incubation at room temperature for 30 min. The staining solution was then removed, the plates washed with PBS, sealed (Starseal
foil seals, Starlab, E2796-9792) then imaged immediately.
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Image acquisition

Images were acquired using ImageXpress Confocal HT.ai high content microscope (Molecular Devices LLC, version 6.5.0) with auto-
mated plate handling (GX series, Peak Analysis and Automation). Exposure settings for each channel were optimised and set for
screening. Each well was imaged using a 20x objective and n = 6 fields of view (30 images per well over 5 channels, ~33% well
coverage, typically 75-150 cells per image) collecting 11,520 images per 384-well plate. Each compound library was screened sepa-
rately across all six GCGR cells lines. Briefly, cell lines were seeded (500-1500 cells per well) onto laminin pre-coated 384-well plates,
followed by compound addition at 24 h using automated liquid handling platforms. DMSO was used as a negative (compound
vehicle) control (n = 32-48 wells per plate minimum) with staurosporine (1 pM, n = 16) typically used as an assay landmark control
for cell death. After 72 h compound exposure, cells were subjected to live cell labeling of mitochondria with MitoTracker, followed
by fixation, permeabilization, and additional staining with the remaining Cell Painting dyes (see Materials & Methods).

Live cell imaging: Proliferation/apoptosis assays

GCGR-E13 (1000 cells/well) and GCGR-E57 cells (500 cells/well) were seeded (45pL/well) onto 384-well plates (Greiner pClear,
781910) pre-coated with 10 pg/mL Laminin ECM. After overnight incubation, a solution of NucView-488 reagent (10X conc.,
50 pM) was added (5pL/well). The compounds were then immediately added using a D300e nanodispenser with back-filling of
DMSO to 0.1% (v/v) for all wells, triplicate wells per dose (n = 3 per compound, based on individual ~ ICgg range). Staurosporine
(300 nM, n = 6) was used as a positive control for apoptosis induction against DMSO controls (0.1%, n = 6). The plate was then loaded
into an IncuCyte S5 Live Cell imager with scans set at 3-h intervals for 96 h (phase and ‘green’ channels, 10x objective, 1 site). Image
processing was carried using IncuCyte in-built automated image-analysis modules, with phase area defined as % Confluence/image
from the first scan (~t = 0 + 30mins) to quantify cell proliferation over 96 h. Apoptosis was quantified from images showing increasing
integrated intensity from the caspase activity biosensor (NucView-488) emission signal (GCU x pm?%/Image). Statistical analysis at
72 h was carried out using multiple comparison tests for each cell line, via Ordinary one-way ANOVA with correction for multiple com-
parisons using Dunnett’s statistical hypothesis test (GraphPad Prism, v10.6.0). Data represents best of n = 3 biological replicates,
presented as mean + stdev.

Western blotting: HDAC and CDKS9 inhibitors on GCGR cells

Cells were seeded into laminin (10 pg/mL) coated 10 cm dishes (1 x 10° cells, GCGR-E13 & GCGR-E57 cell lines) and incubated
overnight at 37°C, 5% CO,. Compound dilutions in media were prepared at 100 nM concentration for all three HDAC (fimepinostat
(CUDC-907), Panobinostat, romidepsin) and CDK9 (dinaciclib, NVP-2, AZD4573) inhibitors with 0.1% DMSO (v/v) final concentration.
Two DMSO controls (0.1% (v/v)) were used for each cell line and two biological replicates were prepared for each condition/lysate.
After addition of each solution, the cells were incubated for a further 24 h at 37°C, 5% CO,, followed by washing in cold PBS and lysis
with RIPA buffer (Merck, #20-188). Cell lysates were collected, centrifuged (max rpm, 10 min, 4°C) and quantified using Bradford
reagent (Thermo Scientific, #1856210) and measuring absorbance (Asgs) benchmarked against Albumin Standard calibration
(Thermo Scientific, #23209). Samples were standardised to 1 pg/pL in RIPA buffer and denatured by heating to 95°C with Laemmli
sample loading buffer (Bio-Rad, #1610747) and dithiothreitol (DTT, 50 mM) for 5 min. Samples (20pg/well) were loaded onto Bio-Rad
pre-cast PAGE gels (Bio-Rad, mini-Protean TGC gels 4-20%, #4568095) using SeeBlue Plus2 pre-stained standard M.W. ladder (In-
vitrogen, #L.C5925) followed by transfer to PVDF membrane (Bio-Rad, Trans-blot Turbo pack, #1704156) and blocking with 5% BSA/
TBS-Tween (0.1% (v/v)). All antibodies used are listed in STAR Methods key resources table (1:1000 dilutions, note: multiple gels
were run for the various antibody probes used) and used HorseRadish Peroxidase (HRP) conjugated secondary antibodies. Blotting
membranes were stripped for re-probing using Re-Blot Plus 10X solution (Merck, #2504). All blots were imaged from chemilumines-
cent detection (Roche, #11500694001) using a Bio-Rad Gel-Doc XR + system and Image Lab software (v6.1.0 build 7).

NanoString sequencing/differential analysis

mRNA was extracted from E13 cells (~3 x 10° cells each condition, n = 3) after 24 h treatment with AZD473, Dinaciclib, NVP-2 (all
20 nM) & DMSO (0.1% v/v) in triplicate 10 cm dishes, using RNeasy Plus miniprep extraction kit (Qiagen, #74134). Purified mRNA was
quantified and diluted to 20 ng/pL and submitted for NanoString™ nCounter® analysis against the Human Cancer Pathways Panel
(NS_CancerPath_C2535). Samples were hybridised and immediately processed using the nCounter Prep Station and Digital
Analyzer (High Sensitivity protocol). QC checks utilised GeNorm to determine most stable reference genes and no QC Flags were
raised overall. Differential analysis was carried out on normalised data (normalised to ~20 housekeeping genes) using nSolver Anal-
ysis Software (version 4.0.70) following standard analysis pipelines (nCounter Advanced Analysis plugin, version 2.0.134, with cor-
rected p-value to control the false discovery rate (FDR, Benjamini-Yekutieli). Exported data was replotted using TIBCO Spotfire soft-
ware and also further analyzed by hierarchical clustering (https://software.broadinstitute.org/morpheus) and STRING network
analysis (string-db.org).'®® Venn diagrams were generated from Molbiotools (molbiotools.com/listcompare.php).

Forward-phase protein array: Basal cytokine analysis

Conditioned medium was collected after 72 h incubation (n = 4 per cell line). Microarrays were generated using an in-house Aushon
BioSystems 2470 array printing platform. The arrays were blocked for 1 h with Superblock T20 Blocking Buffer (Grace Bio Labs) at
room temperature. Conditioned media from glioma stem cell samples were centrifuged at 1000x g for 5 min at 4 °C. Supernatants
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were collected and added to microarrays followed by incubation overnight at 4 °C. The arrays were washed three times for 5 min in
PBS-T (PBS-Tween 0.1% v/v) and blocked for 10 min with Super G Blocking Buffer at room temperature on a rocking platform, then
washed again washed three times for 5 min in PBS-T. Detection antibody mixtures (1:500 antibody dilutions in 5% bovine serum al-
bumin/phosphate buffered saline tween 20 0.1% (BSA/PBS-T), 10% Super G Blocking Buffer) were made in microplates. Microar-
rays were clamped and 50 pL of each antibody was added to corresponding microarray wells. Microarrays were incubated for 1 h on
a rocking platform. Clamps were removed and microarrays were washed three times for 5 min in PBS-T. Microarrays were then
blocked for 10min with Super G Blocking Buffer at room temperature and again washed three times for 5 min in PBS-T. Three milli-
litres (3 mL) of IRDye 800CW Streptavidin (LI-COR Biosciences) was diluted 1:5000 in PBS-T supplemented with 5% BSA, 10%
SuperG Blocking Buffer. Microarrays were covered and incubated with IRDye on a rocker at room temperature for 30 min, then
washed for 5 min, three times in PBS-T followed by three 5-min PBS washes and finally washed with distilled water. Microarrays
were dried then scanned at 795 nm on the InnoScan 710 high-resolution microarray scanner (Innopsys Life Sciences). The data
was normalised for protein concentration and background fluorescence via Microsoft Excel templates.

Reverse-phase protein array (RPPA): Basal analysis

GSC lines were cultured both as mono-layers on laminin-coated cell culture plates and as spheroid cultures on poly-hema coated
plates (n = 1 per cell line, per condition). Cells were set up as mono-layer and spheroid cultures in parallel by seeding equivalent cell
numbers from a parental flask with cells in log-phase growth. Cultures were grown until the mono-layer cultures were approximately
70% confluent and then both adherent and suspension cultures were harvested for lysis and preparation for RPPA. For Laminin
coating, plates were incubated with Laminin at 10ug/ml for 1 h and then washed with PBS prior to addition of cell lines. Culture media
did not contain Laminin and the same media was used for adherent and suspension cultures. For Poly-hema coating plastic 2.4g of
poly-hema was dissolved in 200 mL of 95% Ethanol and heated to dissolve. The solution was centrifuged at 2500RPM to remove
undissolved particles. 4 mL was added per 10 cm plate (ensuring the plate was completely coated). Plates were left openina TC
hood to air-dry and were rinsed x3 with PBS prior to addition of cells.

Mono-layer cultures were washed twice with PBS after removal of media and snap frozen on dry-ice and stored at —80°C.
Spheroid cultures were pelleted by centrifugation and washed twice with PBS and then snap frozen and stored until lysis. Cultures
were lysed in RIPA buffer supplemented with ROCHE PhosStop and cOmplete Mini inhibitor tablets (Merck, 04906845001 &
11836153001). Lysates were needle syringed five times to ensure complete lysis of cells. Protein quantification was carried out using
Coomassie-plus assay (ThermoFisher #23228) and protein concentration was adjusted by to 1 mg/mL. Samples were prepared for
printing by addition of 4x Sample buffer and heat denaturation at 95°C for 5 min.

All samples were diluted to 0.75 mg/ml (D1), 0.375 mg/ml (D2), 0.1875 mg/ml (D3) and 0.09375 mg/ml (D4) using PBS containing
10% Glycerol. Array spotting was carried out with the Quanterix 2470 Arrayer platform using 185 uM pins. Each sample was spotted
at four dilutions (D1-D4) onto single pad ONCYTE SuperNOVA nitrocellulose slides at a 500 uM spot-to-spot distance. 268 signaling
pathway markers (and appropriate controls) were profiled in a standard RPPA assay as described briefly below. After spotting, the
slides were incubated with antigen retrieval solution (1x Reblot strong) for 10 min before being placed in a microfluidic structure to
individually address the arrays with primary or secondary antibody solutions. Following blocking buffer (Superblock T20) for 10 min
the detection of marker antibodies was performed in a two-step sequential assay (1) incubation of an array with primary analyte-spe-
cific antibody in blocking buffer for 60 min at room temperature and (2) removal of excess antibody by washing arrays with PBS-T,
followed by a further incubation with blocking buffer and PBS-T washes, and incubation secondary antibody (Dylight-800-labeled
anti-species antibodies diluted 1:2500 in Superblock T20) for 30 min. After further washing and slide drying, the arrays were imaged
in the Innopsys Innoscan 710 scanner. Blank signals were determined by omitting the primary antibody from step 1 and instead incu-
bating the array with Superblock T20 alone, followed by step 2. Sample loading on arrays (for normalisation) was determined by stain-
ing one slide with fast green protein dye and scanning at 795 nm. Microarray images are analyzed using Mapix software (Innopsys).
The feature (spot) diameter of the grid was set to 270 pm. The average signal intensity is determined for each individual feature and the
median background from the adjacent area is subtracted from each feature signal leading to a net signal per feature. Data analysis is
performed in a standard way: Fluorescence intensity for each feature on the array is measured. A test is performed for linear fit
through the 4 point dilution series for all samples on all arrays using a flag system where R2 > 0.9 (green flag) is deemed good,
>0.8 (amber flag) is deemed acceptable and <0.8 (red flag) is poor and may be excluded from data analysis. The median values
from the 4 point dilution series are calculated and used as a measure of fluorescence intensity. Data is quantified as RFI (relative fluo-
rescence intensity) values relating to relative abundance of total and phosphorylated proteins across the sample set.

QUANTIFICATION AND STATISTICAL ANALYSIS

Image analysis, quantification and data processing/plotting

CellProfiler v3.1.5 image analysis software (cellprofiler.org®**®4%%) was used to create a custom analysis pipeline across 5 channels
capturing approx. 1006 features per cell (processed features & factor loadings/explained variance is provided in Table S7, the custom
CellProfiler pipeline is also provided: https://datashare.ed.ac.uk/handle/10283/9113). Images were analyzed via parallel processing
using a Unix/Linux high performance computing cluster (University of Edinburgh) and concatenated outputs included median aggre-
gated, well level data (n = 6). Each completed dataset (library across 6x GCGR lines) was then batch processed using StratoMineR
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high content analysis platform (stratominer.com). Briefly, stepwise processing in StratoMineR included metadata integration,
removal of redundant features (correlation cut-off 0.99, typically 800-850 features remaining), QC and control annotation/flags, nor-
malisation (to DMSO and sample wells, on a plate-by-plate basis), transformation (Skewness significance 0.0001), feature scaling
(robust Z score, by plate) and dimensionality reduction (principal component analysis [generalised weighted least squares], Oblique
rotation, Ten Berge factor scores method, auto correlation cut-off with >20 factors chosen [model based on samples] to represent
>60% of data variance [Scree plots] and computation of phenotypic distance/p-values from principal component vectors.*®

We computed the phenotypic distance p-values with the embedded R functions from StratomineR from n = 6 replicate images per well.
The algorithm first computes the Euclidean distance, using the values from each replicate relative to the control wells of each plate. Sepa-
rate treatment of the plates is necessary to account for plate-to-plate variation and to avoid mixing replicate distributions. To convert
distances into statistical significance scores, StratoMineR uses an analytical null model. Specifically, each replicate’s distribution of
Euclidean distances is modeled using a Poisson probability distribution, where A is set to the mean of the observed distance distribution
for that replicate. p-values are then derived directly from the Poisson cumulative distribution function. No resampling, permutation, or
bootstrapping procedures are used in this step. The null model therefore represents the expected frequency of distances under the
empirical distribution of the replicate, assuming Poisson behavior. After replicate-wise p-values were calculated, we took the median
of replicate distances for downstream hit selection. We then used StratoMineR’s Hit Selection module, which includes built-in support
for multiple-testing correction. We employed FDR, the default procedure to control the expected proportion of false positives among all
statistically significant hits. Under this procedure, the phenotypic-distance p-values produced by the Poisson model are adjusted so that,
on average, no more than the chosen fraction of selected hits are expected to be false discoveries.

Image quality control (QC) was performed using features generated by the CellProfiler ImnageQC module (version 3.1.5). All avail-
able ImageQC features were included in the assessment. QC feature values for all images across the six glioblastoma stem cell lines
were exported and analyzed collectively without normalization. Principal component analysis (PCA) was conducted in Revvity Sig-
nals VitroVivo (version 3.1.0) using the High Content Profiler App Powered by TIBCO Spotfire (version 12.0.3.775). PCA was used to
visualize the multidimensional feature space and facilitate the identification of clusters of images with poor quality. Representative
images from these clusters were manually reviewed to confirm image quality issues (e.g., defocus, uneven illumination, or saturation).
Clusters confirmed as low quality were excluded from downstream analysis. Across the five compound library screens, between
0.7% and 3.0% of images were flagged for removal: TargetMol (2.4%), LOPAC (1.4%), FDA (3.0%), C3L (0.7%), and KCGS
(2.5%). This process was performed independently for each screen following a consistent workflow.

Processed data was then exported and analyzed further using TIBCO Spotfire (version 12.0.3.775), including plot generation. Hi-
erarchical clustering of normalised datasets was carried out using Morpheus (https://software.broadinstitute.org/morpheus) by com-
plete linkage, Euclidean distance). Network and enrichment analysis of top 45 [supplier] annotated compound targets was carried out
using STRING'? & Cytoscape (cytoscape.org).''® Cell cycle analysis was carried out from DNA content/nuclei images (Hoechst
stain) using MetaXpress software (Molecular Devices LLC, version 6.5.0). Dose response data and curve fitting (non-linear regres-
sion) was carried out using GraphPad Prism (v7.0.5). Synergy plots were generated using SynergyFinder+ web application’"’
(https://synergyfinder.org/).

Clustering analysis and distribution plots

To quantify the phenotypic diversity of the screened compounds with Z score [cell survival] < —3 and -Logo[p-value] > 2 we per-
formed k-means clustering of the unique 245 compounds that passed this threshold using the principal components derived from
the morphological features. The degree of clustering was quantified by the k-means score defined as the within-cluster sums of
point-to-centroid distances, summed across all clusters.

K
sum — of — squares criterion = Z(Hx, - ;4,-“2)

j=1neS;

Where n = total number of data points, K = number of predefined disjoint clusters S;, x,, = vector representing the nth data point and
p; = geometric centroid of the data points in S;.

A lack of inflection point at any given k is indicative of the compounds’ loose attachment to their assigned clusters i.e., a lack of
defined morphological profiles in the selected drug treatments. Clusters were varied from 2 to 20, with a maximum of 10 iterations
allowed, and a random initial set allocation of 25 distinct dataset rows. The quality of the k-means clusters was determined with the
silhouette coefficient S averaged across the unique compounds per library.*’

~ b(i) - ali)
S0 = fax (@), b()}

Where for each i point in the dataset, b(i) = distance between i and its next nearest cluster centroid and a(j) = mean distance between i
and all other cluster members.

The silhouette coefficient varies between —1 and 1, with S = 1 indicating that compounds are in well separated clusters, S = 0 indi-
cating overlapping clusters, and S = —1 indicating incorrect assignment of clusters. The distribution of the variable -Log+o[p-value]-
Phenotypic Distance was calculated using violin plots per cell per library. These measures were calculated using R version
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2023.9.0.463 with libraries base stats (function kmeans), cluster_2.1.4 (function silhouette) and ggplot2_3.4.3 (function geom_violin).

NanoString nCounter analysis

NanoString nSolver Analysis Software (version 4.0.70) used nCounter Advanced Analysis plugin (version 2.0.134) for differential
expression analysis. p-values from normalised data (normalised to ~20 housekeeping genes) and triplicate sample data was then
corrected to control the false discovery rate (FDR, Benjamini-Yekutieli).

GraphPad prism statistics

GraphPad Prism (v7.0.5 to v10.6.0) (Figures 5C-5F and 6B-6E) utilised Ordinary One-Way ANOVA with multiple comparison tests for
each cell line (and correction for multiple comparisons using Dunnett’s statistical hypothesis test). Dose response data (Figures 5B
and 6A) was generated from DMSO normalised data [with Log transformed concentrations] from non-linear regression analysis
(LOG-Inhibitor vs. Normalised data — Variable slope [model Y = 100/(1 + 10 "((LoglC50-X)*HillSlope))]). Inhibitory concentration at
50% survival/death (ICsp) values represent ‘best fit’ values with 95% Confidence Interval ‘[dose response] profile likelihood’. Dose
response data (post-validation) represents a minimum of n = 3 biological replicates.

Similarity matrix [combined IC5o, basal RPPA and cytokine data]

Similarity matrix (Figure S7; Table S4) was generated using Morpheus matrix visualisation and analysis software (https://software.
broadinstitute.org/morpheus) using Spearman Rank Correlation and Hierarchical Clustering (One minus Spearman Rank Correlation,
Complete Linkage method).

STRING-cytoscape network enrichment analysis

Gene Lists used to generate String/Cytoscape figures (Figures 3 and 7; Figures S2, S6 and S10-S12) and enrichment analyses
(Tables S3 and S5) used parameters: Filtering: —1.6 > Log2(Fold-Change) > 1.6; Corrected p-value (Benjamini-Yekutieli FDR
<0.05); STRING settings: Normal Geneset analysis, no text mining, query proteins only, med-high confidence interactions
(0.400-0.700).
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