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CDKNZ2A deletion remodels lipid metabolism to
prime glioblastoma for ferroptosis
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and derivative models

e Unbiased multi-omic analysis identifies CDKN2A as a
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e CDKNZ2A deletion reduces oxidizable PUFA sequestration
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In brief

Minami et al. integrate lipidomic,
transcriptomic, and genomic profiling
data to identify altered lipid metabolism in
CDKN2A-deleted glioblastoma (GBM).
CDKNZ2A deletion remodels the
distribution of polyunsaturated fatty
acids into different lipid compartments,
sensitizing GBMs with CDKN2A loss to
lipid peroxidation and ferroptosis in vitro
and in vivo.
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SUMMARY

Malignant tumors exhibit heterogeneous metabolic reprogramming, hindering the identification of translat-
able vulnerabilities for metabolism-targeted therapy. How molecular alterations in tumors promote metabolic
diversity and distinct targetable dependencies remains poorly defined. Here we create a resource consisting
of lipidomic, transcriptomic, and genomic data from 156 molecularly diverse glioblastoma (GBM) tumors and
derivative models. Through integrated analysis of the GBM lipidome with molecular datasets, we identify
CDKN2A deletion remodels the GBM lipidome, notably redistributing oxidizable polyunsaturated fatty acids
into distinct lipid compartments. Consequently, CDKN2A-deleted GBMs display higher lipid peroxidation,
selectively priming tumors for ferroptosis. Together, this study presents a molecular and lipidomic resource
of clinical and preclinical GBM specimens, which we leverage to detect a therapeutically exploitable link be-

tween a recurring molecular lesion and altered lipid metabolism in GBM.

INTRODUCTION

Molecular alterations in cancer rewire metabolism resulting in
specific metabolic vulnerabilities that could be exploited for ther-
apy.'™® Large-scale multi-omic studies in cancer cell lines have
further advanced our understanding of the intersection between
molecular diversity and metabolic heterogeneity, indicating
distinct metabolic vulnerabilities may exist within defined molec-
ular subsets of cancer.®” However, the translatability of these
findings into effective cancer treatments is potentially limited
due to gaps in our understanding of the molecular and metabolic
fidelity of conventional cell lines grown in vitro.®~'? Thus, ac-
counting for both the molecular diversity and environment of hu-
man tumors is crucial to identify translatable metabolic targets
for patients with cancer.

Glioblastomas (GBMs) are universally lethal brain tumors that
exhibit extensive genetic and transcriptional heterogeneity.'®'*
Specific oncogenic alterations (e.g., EGFR mutation and IDH
mutation) reprogram aspects of GBM cellular lipid metabolism,
uncovering potential opportunities to exploit altered tumor meta-
bolism for GBM therapy.'> 'Y Whether the diverse molecular
landscape found in GBMs leads to heterogeneous lipidomic
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phenotypes and distinct metabolic vulnerabilities is unknown.
Here, we developed a large library of molecularly annotated
GBM tumors and derivative in vitro and in vivo orthotopic models
to search for clinically relevant relationships between specific
molecular lesions and lipid metabolic phenotypes.

RESULTS

A molecular and lipidomic resource of glioblastoma
tumors and derivative preclinical models

84 tumors from patients with GBM were obtained from surgical
resections and profiled using lipidomic, transcriptomic, and
whole-exome sequencing methods (Figures 1A and S1A). We
also analyzed 29 GBM orthotopic xenografts (PDXs) and 43 glio-
masphere (GS) cell cultures derived from our GBM tumor cohort
(Figure 1A). For each sample, shotgun lipidomics quantified up to
1,020 distinct lipid species from 15 lipid subclasses, revealing
considerable variation in the lipidome across GBM tumors as
well as the derivative models (Figures 1B and S1B). Genomic
analysis demonstrated that our tumor sample cohort contained
the molecular lesions within the core pathways known to be
altered in GBMs (e.g., RTK/RAS/PI3K, P53, and RB signaling
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Figure 1. A molecular and lipidomic resource of glioblastoma tumors and derivative preclinical models
(A) Schematic representation of data collection workflow across glioblastoma (GBM) bulk tumor tissue (n = 84) and patient-derived models (orthotopic xenografts
[n = 29] and gliomaspheres [n = 43]).

(legend continued on next page)
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pathways)'® and encompass diverse patient characteristics that
include tumor transcriptional subtypes (classical, mesenchymal,
proneural),’* recurrence, age, gender, and ethnicity (Figures 1B
and S1A). Likewise, our PDX and GS models recapitulate both
the recurring genetic lesions and transcriptional subtypes of
GBM tumors (Figure 1B). Together, this large collection of clinical
and preclinical GBM specimens captures and highlights the het-
erogeneity across both the molecular and lipidomic landscape
of GBM.

Lipids are structurally and functionally diverse molecules syn-
thesized and regulated by multiple metabolic pathways and
enzymes.”° To explore whether the heterogeneity observed in
the GBM lipidome is linked to variation in lipid metabolic gene
expression programs, we correlated lipid species with the
expression of lipid metabolism-related genes. Using our patient
sample cohort, we found that lipid metabolic genes and lipid
species clustered primarily into two groups separating triacylgly-
cerides (TAGs) from other lipid species (Figures 1C and S2A).
Lipid clusters within the TAG group further delineated monoun-
saturated (L1) and polyunsaturated (L2) TAGs, while clusters
within the second group separated phospholipids (PC, PE),
free fatty acids, and diacylglycerides (L3) from ether lipids and
ceramides (L4) (Figures 1C, 1D, and S2A). Gene clusters showed
strong correspondence with associated lipid classes including
TAGs (G1, G2), phospholipids (G3, G4), ether lipids (G3, G5),
and ceramides (G4, G5) based on Gene Ontology (GO) term
enrichment. Moreover, GO terms related to acyl tail desaturation
were enriched in gene clusters (G1, G3) that correlated with lipid
groups containing polyunsaturated fatty acids (PUFA) (L2 and
L3) (Figures 1D and S2B and Table S1). We conclude that spe-
cific differences in lipid metabolic gene expression found across
the somatic landscape of GBM are associated with distinct lipid
clusters containing species representing specific subclasses
and fatty acid saturation states.

Next, to determine if specific oncogenic events align with
distinct lipid metabolic clusters, we annotated the lipid species
differentially abundant among previously defined oncogenic reg-
ulators of lipid metabolic reprogramming in GBM and/or other
cancers (e.g., IDH mutation, TP53 mutation, EGFRVvIIl mutation,
PTEN deletion/mutation, RB mutation, MDM2/4 amplifica-
tion).'®1921724 Among the various oncogenic lesions repre-
sented in our GBM tumor cohort, we found significant heteroge-
neity both in the number of lipids that differed and in their
associated enrichment for specific lipid clusters (Figures 1E
and S2C). For example, IDH mutant GBMs were enriched in lipid
clusters containing phospholipids and MUFAs (L3 and L4)
(Figures 1E and S2C). This result confirms recent findings.'®'°
Conversely, enriched lipids in EGFRvIII mutant GBMs consisted

Cancer Cell

of TAGs and PUFAs (L2 cluster) in addition to phospholipids (L3
cluster). These observations support previous findings suggest-
ing that mutant EGFR drives the synthesis of complex fatty acids
containing PUFAs as well as phospholipids, both of which sup-
port oncogenic signaling.'®?? Notably, the distinct lipid compo-
sition signatures that distinguish IDH and EGFR mutant tumors
were mirrored in their respective enrichment patterns observed
among the lipid gene clusters (Figure S2D). Collectively, these
data demonstrate that the heterogeneity in the GBM lipidome
may arise from the diversity in oncogenic alterations among indi-
vidual tumors.

CDKN2A deletion alters the GBM lipidome
To identify cell intrinsic regulators of GBM lipid metabolism, we
next performed a correlation analysis from our patient-derived
GSs between the lipidome (n = 835 lipids) and protein-coding
genes (n = 10,778 genes). Genes were filtered to remove tran-
scripts with low expression levels, and both genes and lipid spe-
cies were filtered to remove features with low variances (see
STAR Methods). Hierarchical clustering of genes with the most
variable correlations (n = 2,695 genes) identified two distinct
gene-lipid groupings (Figure 2A, see STAR Methods). To
examine whether specific genomic alterations were associated
with these clusters, we scored individual samples for their cluster
enrichment (Figure S3A) and then tested their association with
gene-level somatic point mutations and locus-level copy number
alterations (Figures 2B and S3B, see STAR Methods). While non-
significant hits included mutant RB7 and TP53, both of which
drive tumor lipid metabolic reprogramming,®'*** the only signifi-
cant genetic alteration delineating these groups mapped to the
chromosome 9p21 locus, the location of the tumor suppressor
cyclin-dependent kinase inhibitor 2A (CDKN2A). RNA expres-
sion confirmed CDKN2A as the most differentially expressed
transcript at this locus among our gene-lipid groups (Figure 2B).
CDKN2A, deleted in nearly 60% of GBM tumors, encodes the
p14/16 proteins that canonically regulate cell cycle and cell
fate pathways.”>?° To our knowledge, a role for CDKN2A in
regulating lipid composition in cancer has not been reported.
Principal component analysis (PCA), followed by varimax rota-
tion,”” of all measured lipid species differentiated CDKN2A wild-
type (WT) from CDKN2A null GSs along the first rotated compo-
nent (Figure 2C). Compared with CDKN2A WT GSs, CDKN2A
deletion was associated with significant changes in the levels
of 195 individual lipid species distributed across 15 detectable
lipid subclasses (Figure 2D), as well as all four of the lipid clusters
we defined above (Figure 2E). Closer inspection of these
differentially enriched lipids revealed distinct features of acyl
tail utilization. Lipid species more abundant in CDKN2A WT

(B) Plot describing sample type, subtype, lipid composition (class % of total), copy number alterations and mutations in GBM, tumor recurrence, patient age, and
gender. Lipid composition is plotted as a Z-score across samples within a tumor microenvironment type.

(C) Correlation matrix of lipid species (species % of total, n = 918 lipid species) and lipid-related gene expression (n = 999 genes) across GBM tumors.

(D) Lipid class and saturation enrichment for each lipid cluster (significance calculated by hypergeometric test against total lipidome with false discovery rate
adjustment). Dot plot summarizes gene cluster-lipid cluster associations. Significant associations derived from Kolmogorov-Smirnov testing are outlined in black
(see STAR Methods). Gene clusters are labeled with summarized interpretations of enriched Gene Ontology terms.

(E) Pie charts representing the log odds ratio scores of over-enriched lipid clusters for differentially abundant lipid species in altered samples relative to WT

samples. See also Figures S1 and S2 and Table S1.

CE, cholesterol ester; Cer, ceramide; DAG, diacylglycerol; FFA, free fatty acid; DhCer, dihydroceramide; HexCer, hexosylceramide; LacCer, lactosylceramide;
LPE, lysophosphatidylcholine; LPC, lysophosphatidylethanolamine; PC, phosphatidylcholine; PE, phosphatidylethanolamine; PE-O, alkyl-ether-linked phos-
phatidylethanolamine; PE-P, vinyl-ether-linked phosphatidylethanolamine; SM, sphingomyelin; TAG, triacylglyceride
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Figure 2. Comprehensive characterization of the GBM lipidome reveals the impact of CDKN2A deletion

(A) Correlation matrix of lipid composition (species % of class, n = 835) and gene expression of protein-coding genes (n = 2,695) in gliomaspheres (GSs) (n = 43).
(B) Scatterplot of gene- and locus-level somatic alterations (n = 24 somatic events covering 109 genes) ranked by their association with the gene set composite
score (see STAR Methods). Scatterplot shows the average group 1 gene expression (log? TPM) and shrunken log, fold change (group 2/group 1) of genes at the
chr9p21 locus identified. Shrunken fold changes and adjusted p values are from DESeq2 (see STAR Methods).

(C) Varimax rotated principal component analysis (V1, V2) of all lipids (species % of class, n = 985 species) between CDKN2A WT (blue, n = 12) and null (pink,
n =31) GSs. 50% data ellipses are shown. Quantification of difference in rotated component 1 scores between CDKN2A WT (n = 12) and null (n = 31) samples is
shown. Boxplots depict the median, interquartile range, and extrema (significance calculated by Student’s two-sample t test).

(D) Volcano plot of lipids (species % of class) altered by CDKN2A deletion in GSs. Significantly altered lipids are colored by species (Student’s t test
p value < 0.05). Permutation p value representing significance of differential abundance testing results is displayed (see STAR Methods).

(E) Number of lipid species altered with CDKN2A deletion binned by previously defined lipid clusters (see Figure 1).

(F) Acyl tail length and double bond characteristics of significantly altered lipid species identified in Figure 2D (significance calculated by Student’s two-sample
t test).

(G) Acyl tail length and double bond characteristics of significantly altered lipid species in CDKN2A WT GS (GS104 and GS116) infected with shRNA scramble
control (shC) or two different shRNAs targeting CDKN2A (KD-1 and KD-2). Each of these shRNAs target both p14 and p16 from the CDKN2A locus (significance
calculated by Student’s two-sample t test). p > 0.05 = ns; p < 0.05 = *; p < 0.01 = **; p < 0.001 = ***; p < 0.0001 = ***. See also Figures S3 and S4.

GSs comprised acyl tails that were highly desaturated (i.e., poly-
unsaturated fatty acids or PUFAs) and greater than 20 carbons in
length (i.e., very long chain fatty acids) (Figure 2F). By contrast,
the lipid species enriched in CDKN2A null GSs were composed
of generally shorter fatty acyls, including medium and long chain
species (i.e., 12-18 carbons). Interestingly, these distinct lipido-
mic characteristics (i.e., desaturation state or acyl tail length)
were not generalizable to the broader lipidomes of CDKN2A
WT and null cells (Figures S3C and S3D), indicating that these
characteristics were specific to a subset of lipid species and,
as such, likely a regulated process downstream of CDKN2A. In

agreement with this idea, we found that shRNA-mediated
silencing of p14/p16 expression in CDKN2A WT GSs shifted
the composition and acyl tail characteristics of differentially
abundant lipid species toward that of CDKN2A-deleted GSs
(Figures 2G, S4A, and S4B). Intriguingly, however, the link be-
tween CDKN2A deletion and altered lipid composition found in
GSs could not be detected from a prior lipidomic analysis of es-
tablished glioma cell lines (Figure S4C),° emphasizing the value
and importance of utilizing primary samples. Together, these
data suggest that CDKN2A status has a profound effect on the
tail length and saturation state of a subset of lipids in GBM.

Cancer Cell 41, 1048-1060, June 12, 2023 1051
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Figure 3. CDKN2A deletion renders GBM susceptible to ferroptosis

(A) Log, fold change of significantly different (Student'’s t test p value < 0.05) TAG species in CDKN2A null/WT GSs, ordered by directionality of change, total tail
length, and total double bond number. Stacked bar chart indicates double bond and total carbon composition (Student’s two-sample t test).

(B) Confocal microscopy images showing basal C11-BODIPY 581/591 lipid peroxidation in CDKN2A WT and CDKN2A null GSs. Scale bar represents 10 um (60x
magnification). Quantification of basal C11-BODIPY lipid peroxidation across COKN2A WT and CDKN2A null GSs is plotted as a bar chart. Each point represents
an individual cell. Mean + SD (Student’s two-sample t test).

(C) Log, fold change of significantly different TAG species with shCDKN2A (Student’s t test p value < 0.05) ordered by directionality of change, total tail length, and
total double bond number. Stacked bar chart indicates double bond and total carbon composition (Student’s two-sample t test).

(D) Quantification of basal C11-BODIPY lipid peroxidation in GS116 (CDKN2A WT) infected with shC, KD-1, or KD-2. See (B).

(E) Representative trace of cell death (%) under 2.5 uM RSL3 treatment over time (h) from the Incucyte live cell imaging system ina CDKN2A WT and null GS (two-
way ANOVA followed by Tukey’s post-hoc test).

(F) Heatmap of cell death (%) after 72 h of treatment with RSL3 (2.5 uM and 5 uM) in CDKN2A WT and CDKN2A null GSs (significance calculated by Student’s two-
sample t test).

(G) Confocal microscopy images showing C11-BODIPY peroxidation induced after 24h treatment with 2.5 uM RSL3 in CDKN2A WT and CDKN2A null GSs.
Quantification of C11-BODIPY peroxidation is plotted as fold change of RSL3 treatment/DMSO control. Each point represents an individual cell. Mean + SD
(Student’s two-sample t test). FC, fold-change.

(H) Heatmap of cell death (%) after 72 h of treatment with 2.5 uM RSL3 with or without the addition of canonical ferroptosis inhibitors (100 pM DFO, 1 uM
ferrostatin-1, or 1 uM liproxstain-1) in COKN2A WT and null GSs (Student’s two-sample t test).

(I) Confocal microscopy images showing C11-BODIPY peroxidation with DMSO control treatment or 2.5 uM RSL3 treatment after 24 h in GS116 infected with
shC, KD-1, or KD-2. See (G).

(J) Heatmap of cell death (%) after 72 h of treatment with 2.5 uM RSL3 treatment with and without the addition 1 uM ferrostatin-1in GS104 or GS116 infected with
shC, KD-1, or KD-2 (Student’s two-sample t test). p > 0.05 = ns; p < 0.05 = *; p < 0.01 =**; p < 0.001 = ***; p < 0.0001 = ***. See also Figure S5.

Consistent with the diverse impact on lipid composition
observed in CDKN2A null GBM, RNA sequencing (RNA-seq)
analysis of our GSs revealed changes in the expression level of
several lipid metabolic genes associated with CDKN2A deletion
(Figure S4D). Transcripts representing all lipid gene clusters
distinguished CDKN2A WT from CDKN2A null GBM, with over
160 genes associated with the synthesis of various lipid classes
and modifications to acyl tails differentially expressed between
the genotypes (Figure S4E). Moreover, the patterns of gene clus-
ter enrichments observed between our CDKN2A WT and null
GBM samples were preserved in RNA-seq data of GBM tumors
obtained from The Cancer Genome Atlas (TCGA) dataset
(n =139 samples with available RNA-seq and somatic alteration
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profiling) (Figure S4F). Thus, the considerable shifts in lipid
composition with CDKN2A deletion are associated with signifi-
cant changes in lipid gene expression programs.

CDKN2A deletion sensitizes GBM cells to lipid
peroxidation and ferroptosis

CDKN2A deletion affects composition across all lipid sub-
classes; however, triacylglycerides were the majority (58%) of
the individual lipid species altered in CDKN2A null GSs (Fig-
ure 3A). While there were no differences in total TAG levels (Fig-
ure S5A), further examination revealed that the fraction of longer
chain, highly desaturated TAGs was significantly reduced in
CDKNZ2A-deleted GSs. Conversely, shorter chain saturated fatty
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Figure 4. PUFA TAGs are protective against lipid peroxidation and ferroptosis in COKN2A WT GBM

(A) Stacked bar chart showing PUFA distribution (% of total) within TAGs, PCs, and PEs in CDKN2A WT (n = 3) and null (n = 3) GSs under basal (AA-, DGATi-)
conditions or with 24 h 75 uM arachidonic acid (AA) treatment with or without co-treatment with 20 uM DGAT1 and 10 uM DGAT2 inhibitors (DGATi). Mean + SEM
(Student’s two-sample t test).

(B) Confocal microscopy images showing accumulation of the LipidTOX neutral lipid stain in CDKN2A null and WT GSs treated with DMSO Vehicle (DMSO), 75 uM
AA, or 75 uM AA + 20 uM DGAT1 inhibitor + 10 uM DGAT2 inhibitor for 24 h. Scale bar represents 10 um (60x magnification). Quantification of lipid droplet area per
cell across CDKN2A WT (n = 4) and null (n = 4) GSs across these same conditions relative to its respective DMSO control is shown. Each dot represents the
average quantification per cell line for the specified condition. Mean + SD (Student’s two-sample t test).

(C) Confocal images showing C11-BODIPY peroxidation induced after 24 h treatment with 75 uM AA, 75 uM AA + 2.5 uM RSL3, or 75 uM AA + 2.5 pM RSL3 +
20 uM DGATT1 inhibitor +10 uM DGAT2 inhibitor in CDKN2A null and WT GSs. Quantification of C11-BODIPY peroxidation is plotted as fold change relative to 24 h
of 75 uM AA treatment. Each dot represents the average quantification per cell line. Mean + SD (Student’s two-sample t test).

(D) Cell death (%) after 72 h of treatment with the same conditions shown in Figure 4C in CDKN2A WT (n = 3) and null (n = 3) GS. Each dot represents the average
cell death per cell line for the specified condition. Mean + SD (Student’s two-sample t test).

(E) Confocal images showing accumulation of the LipidTOX neutral lipid stain with 24 h of the same treatments indicated in (B) and C11-BODIPY peroxidation with
24 h treatment of the same conditions indicated in (C) in GS116 (CDKN2A WT) infected with shC, KD-1, or KD-2. Quantification of C11-BODIPY peroxidation is

(legend continued on next page)
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acid (SFA)-containing and monounsaturated fatty acid (MUFA)-
containing TAGs were enriched in CDKN2A-deleted cells relative
to CDKN2A WT counterparts (Figure 3A). Membrane phospho-
lipids (e.g., phosphatidylethanolamines [PEs] and phosphatidyl-
cholines [PCs]) containing long acyl chain PUFAs are highly sen-
sitive to lipid peroxidation, especially compared with
phospholipid species with SFAs or MUFAs.”® By contrast,
PUFAs localized in TAGs are sequestered within lipid droplets
where they are protected against lipid oxidation.”® We hypothe-
sized that the reduced abundance of long chain PUFA TAGs in
CDKN2A null GBM tumors would increase lipid peroxidation.
Consistent with this hypothesis, we observed greater basal lipid
peroxidation, using the lipid oxidation probe C11 BODIPY 581/
591, in CDKN2A null cells, when compared with their CDKN2A
WT counterparts (Figures 3B and S5B). Likewise, silencing of
p14/p16 expression in CDKN2A WT GSs decreased PUFA
TAGs containing longer acyl chain tails (Figure 3C), with an in-
crease in lipid peroxidation relative to non-silenced control cells
(Figure 3D). Thus, we conclude that CDKN2A deletion shifts the
acyl tail characteristics of the TAG pool resulting in high basal
levels of lipid peroxidation in GBM.

Ferroptosis is a non-apoptotic cell death mechanism defined
by a dependence on iron and by the lethal accumulation of lipid
peroxides.® Having found that CDKN2A deletion is associated
with increased basal lipid peroxidation, we posited that CDKN2A
null GSs would be sensitized to induction of ferroptosis. Across a
panel of CDKN2A null GSs (n = 6), inhibition of glutathione perox-
idase 4 (GPX4) with (1S,3R)-RSL3 (RSL3) or ML210°" resulted in
pronounced cell death. Conversely, CDOKN2A WT GSs (n = 6)
were largely insensitive to both compounds (Figures 3E, 3F,
and S5C). Consistent with the greater susceptibility of CDOKN2A
null GBMs to lethal lipid peroxidation, GPX4 inhibition increased
lipid peroxidation only in CDKN2A null GSs and not in CDKN2A
WT cells (Figure 3G). RSL3- or ML210-induced cell death was
suppressed by the ferroptosis inhibitors ferrostatin-1 (Fer-1),
liproxstatin-1 (Lip-1), the iron chelator deferoxamine (DFO), or
by treatment with deuterated linolenic acid, which is far less sen-
sitive to peroxidation than normal PUFAs (Figures 3H and S5D-
S5F).%73% Moreover, CDKN2A null GSs were more sensitive than
their WT counterparts to erastin-2, an inducer of ferroptosis via
its ability to inhibit the cystine-glutamate antiporter xCT (Fig-
ure S5G). Finally, silencing of p14/p16 in CDKN2A WT GSs
increased lipid peroxidation and ferroptosis susceptibility
(Figures 3l and 3J). Thus, disruption of CDKN2A, and specifically
loss of p14/16 expression, renders GBM more susceptible to
lipid peroxidation and ferroptosis.

CDKN2A deletion reduces oxidizable PUFA
sequestration into lipid droplets

We sought to better understand how CDKN2A deletion selec-
tively sensitizes GBM cells to ferroptosis. As noted, peroxidation
of PUFA-containing phospholipids contributes to the execution
of ferroptosis,*® and sequestration of PUFAs into the TAG pool
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has been suggested to limit ferroptosis.* Therefore, we posited
that CDKN2A governs the partitioning of oxidizable PUFAs into
the TAG pool, consequently modulating sensitivity to lipid perox-
idation and ferroptosis. To begin testing this hypothesis, we pro-
vided the PUFA arachidonic acid (AA) to CDKN2A WT (n = 3) and
null (n = 3) GSs and performed lipidomics; AA treatment signifi-
cantly increased the sequestration of PUFAs into TAG species
in CDKN2A WT GSs. By contrast, AA addition to CDKN2A null
cells specifically expanded the AA-containing PC phospholipid
pools (Figure 4A). Moreover, AA treatment markedly increased
lipid droplet formation in CDKN2A WT GSs but not in CDKN2A
null counterparts (Figure 4B). Both the expanded PUFA TAG
pool and the increase in lipid droplets observed with AA addition
to CDKN2A WT GBM cells were blocked by pharmacologic inhi-
bition of DGAT1 and DGAT2, which are key enzymes in TAG
biosynthesis (Figures 4A and 4B).>” Finally, we saw no differ-
ences in the relative abundance of cellular SFAs and MUFAs
(e.g., 16:0, 16:1, 18:0, and 18:1) between CDKN2A WT and
CDKN2A null GSs, consistent with the genotypes having similar
de novo fatty acid synthetic capability (Figure S6A).

Our results demonstrate that CDKN2A genetic status impacts
intracellular PUFA distribution into distinct lipids classes (e.g.,
TAGs and phospholipids). Moreover, these CDKN2A-mediated
changes in lipid composition underlie susceptibility of GBM to
lipid peroxidation and ferroptosis. In agreement with this idea,
providing exogenous AA markedly increased RSL3-mediated
lipid peroxidation and ferroptosis in CDKN2A null GBM cells. In
distinction, DGAT1/2 inhibitors were required for AA-treated
CDKN2A WT cells to increase RSL3-induced lipid peroxidation
and ferroptosis to the levels observed in CDKN2A null GSs
(Figures 4G, 4D, and S6B). Taken together, these data support
a model in which p14/16 signaling regulates the shunting of
PUFAs into the TAG compartment, resulting in protection from
lipid peroxidation and ferroptosis in GBM.

Loss of p16 is sufficient to render GBM sensitive to
ferroptosis

CDKN2A encodes two proteins, p14 and p16. Canonically, p14
dictates cell fate by indirectly stabilizing p53, while p16 sup-
presses tumor formation by inhibiting CDK4/6.7>:*° While a direct
role for p14 or p16 in regulating cancer lipid metabolism has not
been described, recent findings show that p16 contributes to he-
patic lipid homeostasis.*® These observations led us to posit that
p16 may regulate GBM lipid metabolism and consequent sensi-
tivity to ferroptosis. To test this hypothesis, we first ablated
CDKN2A using CRISPR-Cas9 in CDKN2A WT GSs using
sgRNAs targeting exon 2 of CDKN2A (shared between p14
and p16) (Figures S7A and S7B).>° Knockout of exon 2 of
CDKN2A (CDKN2A ex2 KO) abrogated p14 and p16 protein
levels and, similar to our findings in CDKN2A null GSs, reduced
the enrichment for desaturated long chain acyl tail lipid species
(Figure S7C), with a notable decrease in the fraction of PUFA-
containing TAGs (Figure 5A).

plotted as fold change relative to 24 h of 75 uM AA treatment. Each point represents the average quantification per image for the specified condition and cell line.

Mean + SD (Student’s two-sample t test).

(F) Cell death (%) after 72 h of the same treatment indicated in (D) in GS116 (CDKN2A WT) infected with shC, KD-1, or KD-2. Each point represents a
biological replicate. Mean + SD (significance calculated by Student’s two-sample t test). p>0.05=ns; p <0.05="; p <0.01 =*; p <0.001 =***; p < 0.0001 = ****.

See also Figure S6.
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Figure 5. Loss of p16 is sufficient to sensitize GBM to ferroptosis

(A) Abundance of PUFA TAGs (n = 260 lipid species, species % of class) between GS116 (CDKN2A WT) transfected with control, CDKN2A ex2 KO, or CDKN2A
ex2 KO + p16 addback. Z-scores are across GS116 control, CDKN2A ex2 KO, and CDKN2A ex2 KO + p16.

(B) Confocal microscopy images showing accumulation of the LipidTOX neutral lipid stain in GS116 control, CDKN2A ex2 KO, or CDKN2A ex2 KO + p16
addback. Cells were treated with Vehicle (DMSO), 75 uM AA, or 75 uM AA + 20 uM DGAT1 inhibitor +10 uM DGAT2 inhibitor for 24 h. Scale bar represents 10 um
(60x magnification). Quantification of lipid droplet area/cell (fold change relative to control) is shown. Each dot represents the average quantification per cell line
for the specified condition. Mean + SD (Student’s two-sample t test).

(C) Confocal images showing basal malondialdehyde (MDA) immunofluorescence staining. Quantification of MDA average fluorescent intensity/cell is plotted.
Each dot represents the average intensity per cell line. Mean + SD (significance calculated with parametric unpaired t test).

(D) Heatmap of cell death (%) induced by DMSO vehicle or 2.5 uM RSL3 after 72 h of treatment (Student’s two-sample t test). p>0.05=ns; p<0.05="*; p<0.01 =
** p <0.001 =***; p < 0.0001 = ****, See also Figure S7.

Next, we reintroduced p16 into our CDKN2A ex2 KO cells to
specifically restore p16 protein levels while maintaining reduced
p14 expression (Figures S7A and S7B). p16 addback rescued
many of the lipidomic features to that of CDKN2A WT control
GSs, including enriched lipid species with very long chain and de-
saturated acyl tails (Figure S7C) and an increase in PUFA TAGs
(Figure 5A). The rescue of PUFA TAG levels with p16 addback
was coupled with a restored ability to shunt AA into lipid droplets
(Figure 5B). These data further support a model where CDKN2A
partitions oxidizable PUFA TAGs in lipid droplets. Correspond-
ingly, we observed that addback of p16 expression could
completely reverse basal lipid peroxidation levels, as determined
by measuring both the lipid peroxidation by-product malondialde-
hyde (MDA) (Figure 5C) and ferroptosis sensitivity relative to
CDKN2A ex2 KO cells (Figure 5D). These results led us to conclude
that p16 loss is sufficient to remodel components of the GBM lip-
idome, rendering GBM GSs susceptible to ferroptosis.

GPX4 inhibition decreases CDKN2A-deleted GBM tumor
burden in vivo

We next explored whether CDKN2A genetic status influences
the lipidome and ferroptotic potential of GBM tumors in vivo. In
agreement with our cell culture findings, CDKN2A WT orthotopic
PDX tumors (n = 11) were enriched with TAGs containing longer

acyl tails and more double bonds relative to CDKN2A null tumors
(n = 18) (Figure 6A). CDKN2A null PDX tumors also displayed
higher levels of lipid peroxidation when compared with CDKN2A
WT PDX tumors (Figures 6B and S8A). This result suggests that
the CDKN2A null tumors would be more sensitive to the induc-
tion of ferroptosis. To test this hypothesis, we disrupted GPX4
expression using CRISPR-Cas9 in CDKN2A WT (n = 2) and
CDKN2A null (n = 2) GSs (Figure 6C). As anticipated, genetic
GPX4 ablation resulted in significantly higher ferroptosis
in CDKN2A null GSs compared with WT GSs in vitro
(Figures S8B-S8D). Next, we engineered a separate cohort of
CDKN2A WT and CDKNZ2A null GSs with either non-targeting
control (NT) sgRNAs or three different GPX4 sgRNAs. Trans-
duced GSs were expanded in medium containing Fer-1 (to pre-
vent changes in viability with GPX4 ablation) for 72 h and then im-
planted into the brains of NOD-scid gamma (NSG) mice. All three
GPX4 sgRNAs significantly extended the survival of two different
CDKNZ2A null PDX models (PDX025 and PDX187) relative to an-
imals implanted with cells transduced with NT sgRNAs (Fig-
ure 6D). By contrast, disruption of GPX4 had no survival benefit
for mice bearing CDKN2A WT PDX tumors (PDX005 and
PDX208) (Figure 6D). Together, these results demonstrate that
GPX4 inhibition significantly and selectively improves the out-
comes of mice bearing CDKN2A null GBM tumors.
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Figure 6. CDKN2A deletion induces lipid peroxidation and susceptibility to ferroptosis in GBM orthotopic xenografts

(A) Heatmap showing enrichment of conserved TAGs between GSs and PDXs. TAGs enriched in CDKN2A WT tumors have a log? fold change (null/WT) < 0 (blue),
while TAGs enriched in CDKN2A null tumors have a log, fold change (null/WT) > 0 (pink). Total double bonds and total carbon length are annotated within
heatmap.

(B) Immunofluorescence microscopy of CDKN2A WT and CDKN2A null tumors stained for MDA (orange), GFP (GFP tumor) (green), and DAPI (blue). Scale bar
represents 50 pm (20x magnification). Quantification of MDA (mean fluorescent intensity) across CDKN2A WT (n = 8) and null (n = 6) PDX tissue. Boxplots show
mean (middle line) +/— SD. Whiskers represent minimum and maximum data points (significance calculated by Mann-Whitney t test).

(C) Western blot of GPX4 and actin in CDKN2A null gliomaspheres (GS025, GS187) and WT (GS005, GS208) infected with nothing (parental), CRISPR non-
targeting control (NT), or sgRNAs targeting GPX4 (sgGPX4-1, sgGPX4-2, sgGPX4-3). Molecular weight of closest ladder marker is indicated to the right.

(D) Kaplan-Meier plot showing probability of survival (%) in mice harboring CDKN2A null and WT orthotopic tumors infected with NT (n = 6), sgGPX4-1 (n = 6),
sgGPX4-2 (n = 6 for PDX025, PDX005, PDX208, n = 10 for PDX187), or sgGPX4-3 (n = 6). X-axis indicates days post tumor implantation. Significance was
calculated with log rank (Mantel-Cox) test between the survival curves for NT vs. individual guides.

(E) Heatmap showing enrichment of conserved TAGs between GSs and tumors from patients with GBM (PT). TAGs enriched in CDKN2A WT tumors have a log,
fold change (null/WT) < 0 (blue), while TAGs enriched in CDKN2A null tumors have a log, fold change (null/WT) > 0 (pink).

(F) Proposed mechanism of ferroptotic sensitivity in COKN2A WT and CDKN2A null GBM. p>0.05=ns; p<0.05=";p <0.01 =*; p <0.001 =**; p <0.0001 = ****,
See also Figure S8.
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Finally, we asked whether the specific PUFA TAG lipid pheno-
type linked with CDKN2A genetic status was conserved in tu-
mors from patients with GBM. Like our preclinical GBM models,
CDKNZ2A deletion in GBM tumors (n = 50) was associated with
reduced fraction of TAGs containing highly desaturated long
acyl tails relative to CDKN2A WT tumors (n = 34) (Figure 6E).
These data emphasize the clinical relevance of our cell culture
and xenograft findings and further support the conclusion that
lipid metabolic remodeling due to loss of CDKN2A increases
membrane lipid peroxidation and consequently primes GBM
for ferroptosis (Figure 6F).

DISCUSSION

The influences of molecular heterogeneity and environment on the
metabolic features of cancer cells can confound our ability to iden-
tify translatable metabolic vulnerabilities that are exploitable in
therapy.”'%"" Here, we created a resource containing both molec-
ular and lipidomic data from GBM tumor samples, together with
derivativein vitro and in vivo models. This dataset willenable inves-
tigations into the genetic influences on GBM lipid metabolism and
potential impacts of the tumor environment. We demonstrate the
utility of this resource by integrating molecular and lipidomic fea-
tures of our GBM sample cohort to discover that deletion of a
recurring tumor suppressor, CDKN2A, remodels the GBM lipi-
dome. Crucially, GBM lipid composition is similarly remodeled
with CDKN2A deletion in the human brain, as a xenograft in the
mouse brain, and when grown as GSs in cell culture. This concor-
dance across environments (in vitro and in vivo) increases the
translational potential of this metabolic vulnerability in patients
with GBM having CDKN2A deletion. We anticipate and encourage
othersto use this dataset to uncover other potential therapeutically
actionable approaches for this deadly disease.

How CDKNZ2A regulates the GBM lipidome remains less clear.
Our gene expression data indicate large changes in lipid meta-
bolic programming with deletion of CDKN2A in GBM, and we
posit it unlikely that the molecular underpinning of how CDKN2A
influences the lipidome can be attributed to a single lipid
metabolic gene or pathway. Moreover, there is tight substrate
and feedback regulation of lipid enzymes, so the lipidome of
CDKN2A null GBM likely represents a composite of transcriptional
and post-translation regulation. Our data show that p16 encoded
by CDKN2A acts as a fundamental regulator of lipid composition
and protection from ferroptotic priming in GBM through its ability
to alter acyl tail composition and shunting of fatty acids into TAGs
within lipid droplets. Interestingly, CDKN2A has been previously
linked to metabolic syndrome, to hepatic fatty acid oxidation,
and to ketogenesis, as well as to adipose tissue differentia-
tion.®®“%41 Although the molecular mechanisms linking CDKN2A
with lipid metabolism in normal tissues are also not well under-
stood, these observations, combined with our studies, suggest
a fundamental role for CDKN2A in regulating cellular lipid compo-
sition in normal and neoplastic tissues. Undoubtedly, deep mech-
anistic work deconvoluting how a cell cycle regulatory protein in-
fluences lipid composition of normal and malignant cells will be an
important goal of future studies. Finally, as the expression of
several other genes adjacent to CDKN2A are similarly downregu-
lated with deletion of this locus, including those encoding meta-
bolic enzymes (e.g., MTAP, HACD4), we cannot exclude the pos-
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sibility that their loss also contributes to altered GBM lipid
metabolism in CDKN2A-deleted GBMs.

The ferroptosis pathway is emerging as a candidate therapeu-
tic target in several cancers.*>*® We find that loss of CDKN2A
primes a large subset of patient-derived GBM models to ferrop-
tosis both in vitro and in orthotopic xenografts. One important
concept in ferroptosis is that sequestration of oxidizable
PUFAs into specific lipid species or subcellular compartments
can buffer susceptibility to oxidative stress and induction of
cell death.?**® Supporting this mechanism, our data demon-
strate that the sensitivity of CONK2A null GBM to ferroptosis is
associated with differences in the partitioning of oxidizable
PUFAs into TAGs and lipid droplets. Our results provide proof-
of-concept evidence that GPX4 may be a relevant therapeutic
target for a large, genetically stratified subset of patients with
GBM. There are currently no pharmacological GPX4 inhibitors
suitable for use in the brain; our findings provide a strong ratio-
nale for developing brain-penetrant small molecules that induce
lipid peroxidation-mediated GBM cell death via inhibition of
GPX4 or other ferroptotic targets. In summary, our study pro-
vides a framework for the combined use of preclinical and clin-
ical tumor samples to investigate the impact of molecular diver-
sity on metabolic heterogeneity, with the goal of identifying
clinically relevant metabolic vulnerabilities.
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C11 BODIPY 581/591 Thermo Scientific D3861
Hoechst nuclear stain Thermo Scientific 62249
Tumor dissociation kit, human Miltenyi Biotec 130-094-929
Brain Tumor Dissociation Kit (P) Miltenyi Biotec 130-095-942
Mouse Cell Depletion Kit Miltenyi Biotec 130-104-694
Myelin Removal Beads Il, h&m&r, 2x4ml Miltenyi Biotec 130-096-433
CD45 MicroBeads, human Miltenyi Biotec 130-045-801
Debris Removal Solution Miltenyi Biotec 130-109-398
Laminin, Mouse Corning 354232
Heparin sodium salt from porcine intestinal mucosa Sigma H3149
Gibco FGF-Basic (AA 1-155) Recombinant Human Protein Thermo Scientific PHG0263
Gibco EGF Recombinant Human Protein Thermo Scientific PHG0313
Gibco TrypLE Express Enzyme (1X), phenol red Thermo Scientific 12605028
Gibco DMEM/F-12, HEPES Thermo Scientific 11330032
Gibco DMEM, high glucose, pyruvate, no glutamine Thermo Scientific 10313039
Mycoalert Detection Kit Lonza LT07-318
BenchMark™ Fetal Bovine Serum Gemini Bio 100-106-500

RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, David Na-
thanson (dnathanson@mednet.ucla.edu).

Materials availability
This study did not generate new unique reagents.

Data and code availability

Whole exome sequencing has been deposited at the database of Genotypes and Phenotypes (dbGaP) and is publicly available as
of the date of publication. Accession numbers are listed in the key resources table. RNA-seq data has been deposited at dbGaP
and is publicly available as of the date of publication. Accession numbers are listed in the key resources table. Shotgun lipidomics
data has been deposited at Mendeley and is publicly available as of the date of publication. Accession numbers are listed in the
key resources table. Lastly, the data generated in Figure 1C (Lipid-Gene Correlation Matrix) has been deposited to Mendeley and
is publicly available as of the date of publication. The DOl is listed in the key resources table.

® This paper does not report original code.

® Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Patient-derived GBM tumors and gliomaspheres

After explicit informed consent was obtained from patients, all patient-derived tumor tissue was obtained through the UCLA Institu-
tional Review Board (IRB) protocol 10-000655. Sample size for shotgun lipidomics, RNA-seq, and WES were determined based on
tissue availability. Patient sex for all derivative samples and models are annotated in Figure 1B. Tumors were mechanically and enzy-
matically dissociated using the Miltenyi Biotec Human tumor dissociation kit. Red blood cell lysis buffer removed red blood cells.
Antibody-conjugated magnetic beads removed CD45" cells and myelinated cells in two column-based filtration steps. Primary
GBM cells were established and maintained in gliomasphere conditions consisting of DMEM/F12 (Gibco), B27 (Invitrogen),
penicillin—streptomycin (Invitrogen), and GlutaMAX (Invitrogen) supplemented with heparin (5 ng/mL, Sigma), EGF (20 ng/mL, Sigma),
and FGF (20 ng/mL, Sigma). All cells were grown under 37 °C, 20% 02, and 5% CO2 and were routinely monitored and tested nega-
tive for the presence of mycoplasma with a commercially available kit (MycoAlert, Lonza). Gliomasphere cell lines were used at fewer
than 15 passages. All cells were authenticated by short tandem repeat (STR) analysis.

Mice
Female, immunocompromised NOD scid gamma (NSG) mice, 6-8 weeks of age, were purchased from the University of California Los
Angeles (UCLA) Medical Center animal-breeding facility and Jackson Laboratories. All mice were kept under defined pathogen-free
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conditions at the AAALAC-approved animal facility of the Division of Laboratory Animals (DLAM) at UCLA. Mice did not receive any
prior treatments and were drug and test naive prior to injection of tumor cells. All animal experiments were performed with the
approval of the UCLA Office of Animal Resource Oversight (OARO).

Patient-derived orthotopic xenografts

The majority of the patient-derived orthotopic xenografts (n=27) were developed as previously described.** Briefly, gliomaspheres
were transduced with secreted Gaussia luciferase (sGluc)-GFP reporter to enable non-invasive quantification of tumor burden® as
well as endpoint GFP-guided microdissection of the tumor tissue from the surrounding normal brain. Gliomaspheres were dissoci-
ated and injected (5 x10° cells per injection) into the right striatum of the brain in female NSG mice (8-9 weeks old). Injection coor-
dinates were 2 mm lateral and 1mm posterior to bregma, at a depth of 2mm. For two models, PDX074 and PDX152, freshly isolated
and purified patient tumor cells were transduced with sGluc and 5 x 10° cells and inoculated into the brains of mice per the same
protocol as gliomaspheres implantation.

Tumor burden was monitored based on 1-2x weekly measurements by sGluc. Upon endpoint, mice were euthanized and tumors
were dissected from the brains. The isolated tumor tissue was then submitted for shotgun lipidomics analysis. For WES and RNA-seq
analysis, tumor cells were purified via mechanical and enzymatic dissociation using the Miltenyi Biotec Mouse tumor dissociation kit.
Antibody-conjugated magnetic beads removed myelinated and mouse cells in a two column-based filtration step. Sample size for
shotgun lipidomics, RNA-seq, and WES were determined based on model availability. For in vivo studies involving genetically manip-
ulated tumors (see Figure 6), sample size was estimated based on previous studies.

METHOD DETAILS

Secreted Gaussia luciferase measurements

Cells were infected with a lentiviral vector containing a secreted Gaussia luciferase (sGluc)-encoding reporter gene (Targeting Sys-
tems no. GL-GFP) and intracranially implanted into the right striatum in mice (4 x 10° cells/mouse). To measure the levels of sGluc,
6 uL of blood was collected from the tail vein and immediately mixed with 50 mM EDTA to prevent coagulation. sGluc activity was
obtained by measuring chemiluminescence after injection of 100 uL of 100 uM coelentarazine (Nanolight) in a 96-well plate, as
described before.*

Genetic manipulations

Lentivirus particles used for genetic manipulation were produced by transfection of 293-FT cells (Thermo) with Lipofectamine 2000
(Invitrogen). Virus particles were collected 48 h after transfection. The CDKN2A shRNA guide sequences used to knockdown p14 and
p16 TRCN0000255853 and TRCN0000255849 in the Vector backbone pLKO (Addgene, plasmid 10878). Mission pLKO.1-puro Non-
Mammalian shRNA Control (Sigma-Aldrich, SHC002) was used as the shRNA scramble control (shC). GPX4 CRISPR-Cas9 gene
disruption was performed with the LentiCRISPR V2 vector (Addgene, plasmid 52961) using the following oligonucleotide sequences:

Forward (5’ > 3’) Reverse (5’ > 3)
sgGPX4-1 caccgttaacctggacaagtaccgg aaacccggtacttgtccaggttaac
sgGPX4-2 caccgtgcacgagttttccgccaag aaaccttggcggaaaactcgtgcac
sgGPX4-3 caccgaagtaaactacactcagctc aaacgagctgagtgtagtttacttc

Cells were spinfected with lentivirus generated from LentiCRISPR V2 non-targeting (NT) control, sgGPX4-1, sgGPX4-2, or
sgGPX4-3 (500 uL lentivirus, 1 million cells plated in 1 mL media in a 6-well plate, 1 ug/mL Polybrene) at 800g for 1 hour and 30 minutes
(82C). Cells were immediately transferred into normal gliomasphere media and subjected to puromycin selection (1uM puromycin).
Post-spinfection, cells were continuously cultured in 1uM ferrostatin-1 (refreshed every 2-3 days) until experimentation or implanta-
tion into mice.

CRISPR-Cas9 mediated CDKN2A disruption, as well as addback of p16, were performed as previously described.* Cells were
infected with pEN35-CDKN2A-Ex2-R, pEN35-CDKN2A-Ex2-L, and pHDR-CDKN2A-Ex2-CMV-EGFP cDNA (1 ug of cDNA per
construct per 1,000,000 cells). Cells were allowed to expand and were then sorted via FACS isolation. After validation of CDKN2A
knock-out with Western blotting, cells were then infected with pHIV-INK4A-mOrange2 cDNA (1 ug of cDNA per 1,000,000 cells),
expanded, and then sorted via FACS isolation.

Immunoblotting

Cells were collected and lysed in RIPA buffer (Boston BioProducts) containing Halt Protease and Phosphatase Inhibitor (Thermo
Fisher Scientific). Lysates were centrifuged at 14,000 x g for 15 min at 4°C. Protein samples were then boiled in NUPAGE LDS Sample
Buffer (Invitrogen) and NuUPAGE Sample Reducing Agent (Invitrogen), separated with SDS-PAGE on 12% Bis-Tris gels (Invitrogen)
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and transferred to nitrocellulose membranes (GE Healthcare). Immunoblotting was performed per the antibody manufacturers’ spec-
ifications, as mentioned previously. Membranes were developed with the SuperSignal system (Thermo Fisher Scientific).

Exogenous fatty acid addition - shotgun lipidomics
For Figure 4A, cells were plated at a density of 5 million cells in 50 mL media and treated with the following conditions (in triplicate) for
24 hours prior to collection for shotgun lipidomics analysis: Vehicle (DMSO), 75 uM arachidonic acid (AA), or 20 pM DGAT1
inhibitor+10 pM DGAT2 inhibitor+75 uM AA for 24 hours.

Shotgun lipidomics

After removal of cell culture media, cells were resuspended in 200 uL of ice-cold PBS and collected in glass tubes. Samples were
prepared for shotgun lipidomic analysis at the UCLA Lipidomics Core (detailed protocol published by Hsieh W.Y. et al).“® In short,
amodified Bligh and Dyer extraction was performed on all samples.*” Prior to extraction, a 13-class lipid class Lipidizer Internal Stan-
dard (AB Sciex, 5040156) was added to each sample. After two extractions, the pooled organic layers were dried down in a Genevac
EZ-2 Elite, and lipid samples were resuspended in 1:1 methanol/dichloromethane with 10 mM Ammonium Acetate. Samples were
analyzed on the Sciex Lipidyzer Platform for targeted quantitative measurement of 1100 lipid species across 13 classes. Differential
Mobility Device on Lipidyzer was tuned with SelexION tuning kit (Sciex 5040141). Instrument settings, tuning settings, and MRM list
available upon request. Data analysis was performed according to the workflow published by Su, B. et al (2021).%®

Annotating lipid species characteristics

For results examining acyl tail characteristics of lipid species, monoacyl species were annotated based off their one fatty acyl tail
(e.g., LPC 14:0 — carbon number: 14; number of double bonds: 0). Diacyl species were annotated based off their two fatty acyl tails
(e.g., DG18:0_18:3 counted as two different acyl tails, one with 18 carbons and 0 double bonds, and another with 18 carbons and
3 double bonds). Triacyl species are fragmented into multiple species, with each species representing a different acyl tail, and
were annotated based off their one detectable fatty acyl tail per species (e.g., TG 49:2-16:1 counted as having one acyl tail with
16 carbons and 1 double bond). For results examining lipids at the molecular species level, TAG length and double bond numbers
were based on the single detected tail and saturation was determined based on information on both the number of double bonds on
the detected tail and total number of double bonds detected across all three tails (e.g., TG52:5-16:0 counted as PUFA because there
must be at least two double bonds on one of the other acyl tails). For results examining TAG species characteristics, double bonds
and total carbons were determined by looking at the overall number of double bonds and overall number of carbons present in the
TAG species.

Fatty acid analysis

Fatty Acid analysis was carried out as described previously.*® Briefly, cells were collected and counted for normalization. Nonade-
canoic methyl ester internal standard (N-19-M, Nu-Chek Prep) was added to derivatization mixture. Total fatty acids methyl esters
were prepared by acid methanolysis reaction carried out for 12-16 hours at 45C. Resulting FAMEs were extracted in hexane. Sam-
ples were analyzed with an Agilent 7890B/5977A GC-MS using a 30m UI-DB-WAX column (Agilent 122-7032Ul). GC oven and MSD
settings available upon request. Fatty acids were identified by retention time and parental ion m/z. Relative amounts were normalized
to internal standard.

Quantifying lipid peroxidation with BODIPY 581/591 C11

Lipid peroxidation was assessed using the lipid peroxidation probe C11 BODIPY 581/591 from Thermo Fisher (D3861). To assess
lipid peroxidation in vitro, gliomaspheres (non-GFP transduced) were split and cultured for 24 h in previously described gliomasphere
medium except the B-27 supplement is without antioxidants (Gibco, 10889038). After 24 h, the cells were collected, dissociated with
trypsin, and re-suspended as single cells in Hank’s Buffered Salt Solution (HBSS) containing the C11 BODIPY 581/591 (1:1000) and
Hoechst nuclear stain (1:1000). Cells were incubated for 15 minutes in the dark in solution on a Cell-tak treated coverslip to enable cell
adhesion. Coverslips were then washed once in HBSS and inverted onto a slide with 100 ul HBSS and parafilm spacers, and then
sealed with Valap to enable live cell confocal microscopy. Images were acquired on a confocal LSM880 microscope at 63x magni-
fication to capture DAPI (405/462), non-oxidized C11 (594/667), and oxidized C11 (488/554). Quantification was performed as fol-
lows: .czi files were opened in ImageJ FIJI°® and the red and green channels were merged. ROIls were drawn around 30 represen-
tative cells, and values were generated on a cell-by-cell basis for both red and green channels. Oxidation was quantified as (green
average intensity)/ (red average intensity+green average intensity). Representative images were generated by merging red, green,
and blue channels in ImageJ and adjusting brightness/contrast for visualization (same parameters applied to all images being
compared to one another).

Cell death kinetics - Incucyte

Opaque-sided clear bottomed 96-well plates or 384-well plates were laminin-coated for 1 hour and then washed two times with neu-
robasal media. Gliomaspheres were dissociated into single cell suspension, filtered, plated at 20,000 cells per well (96-well) or 5,000
cells per well (384-well), and allowed to attach for 4 to 12 h. Once cells were attached, media was briefly removed and replaced with
medium containing antioxidant-free B27 and CellTOX cell death green fluorescent dye (1:1000) (Promega, G8741) and nuclear red
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fluorescent dye (1:1000) (Sartorius, 4632) as well as the required compounds. The plate was then set in an Incucyte live-cell imaging
system (Sartorius) which acquires images every 2 h for up to five days. Incucyte software image analysis was performed using top-hat
image normalization (Satorius Incucyte User Manual), and percent cell death was calculated using percentage of green objects/mm?
over red objects/mm?.

Cell death kinetics - Trypan blue exclusion

Gliomaspheres were dissociated into single cell suspension, filtered, and plated at 200,000 cells per well in a 12-well plate. Cells
plated in triplicate per condition in DMEM/F12+antioxidant free B27+glutamax+Pen/strep with either DMSO vehicle or 2.5uM
RSL3. After 72 hours, cells were collected, split with TrypLE for 3 minutes, and resuspended in 1 mL media. Cells were then counted
with the Countess 3 Automated Cell Counter at a 1:1 ratio of trypan blue: cell suspension. Brightfield was used to capture total cell
count, Dead Cells (%), and Live Cells (%).

Quantifying MDA levels with immunofluorescent microscopy - Tissue

Tumor tissues were fixed in 4% PFA and paraffin-embedded, and slices were mounted onto slides. Slides were incubated at 60C for
30 min, then deparaffinized in xylene (100%, 3x5 min). Slides were then rehydrated in graded alcohols (100%, 100%, 95%, 80%,
70%, 50%, 2 min each). Antigen retrieval was performed in antigen retrieval solution (100 mM Tris, 5% (w/v) urea, pH 9.5). Blocking
was done with 10% BSA in TBST for 5 minutes. Slides were incubated overnight at 4°C with 1:500 goat anti-MDA primary antibody
(Abcam ab27644) followed by secondary incubation with 1:1000 donkey anti-goat Alexa 647 (Abcam ab150131). Coverslips were
mounted to the slides using the ProLong Gold antifade reagent with DAPI (Invitrogen, P36935). Confocal microscopy on the
LSM880 microscope at 20x magnification was used to capture tissue sections (MDA (633/697), GFP (488/546), and DAPI (405/
498)). Average intensity of MDA was quantified in ImageJ Fiji,°° and images were converted to JPEG files using the Zen Blue software.
To quantify MDA intensity, the threshold was set based off of a representative, high MDA image. This threshold was then used for all
images being compared to one another. For image visualization, the Alexa-647 far red channel was changed to orange.

Quantifying MDA levels with immunofluorescent microscopy - Cells

Cells were plated at a density of 200K per well in a 12-well plate and incubated for 24 hours in DMEM/F12+glutamax+P/S+B27
without antioxidants. Cells were collected, pelleted, washed with PBS, pelleted, then resuspended in 100 uL PBS and added to
Cell-Tak’d coverslips. After 1 hour, cells were fixed with 4% PFA and incubated for an additional 15 minutes. PFA was washed three
times with PBS and were permeabilized with 0.5% Triton X-100 in PBS. After 15 minutes, cells were washed three times with PBS and
were blocked with 10% BSA in PBS for an hour. After blocking, cells were washed three times with PBS and incubated in primary
antibody overnight at 4C (goat anti-MDA primary antibody diluted 1:500 in 1% BSA in PBS). The next day, cells were washed three
times with PBS to remove primary antibody. Cells were then incubated for 1 hour in the dark with secondary antibody (donkey anti-
goat Alexa-647 secondary antibody diluted 1:1000 in 1% BSA in PBS). Cells were washed three times with PBS to remove excess
secondary, washed one time with distilled water to remove PBS, then mounted to slides with ProLong Gold antifade reagent with
DAPI. Confocal microscopy on the LSM880 microscope at 60x magnification was used to capture at least 30 cells (MDA (633/
697), GFP (488/546), and DAPI (405/498)). Average intensity of MDA was quantified in ImageJ Fiji,”° and images were converted
to JPEG files using the Zen Blue software. To quantify MDA intensity, the threshold was set based off a representative, high MDA
image. This threshold was then used for all images being compared to one another. For image visualization, the Alexa-647 far red
channel was changed to orange.

Lipid droplet imaging and quantification

Lipid droplets were assessed using HCS LipidTOX™ Deep Red neutral lipid dye. Cells were collected and trypsinized following stan-
dard procedure for gliomasphere cultures. The cell pellet was then re-suspended in media containing the LipidTOX™ dye (1:1000).
Cells were distributed onto a coverslip pre-treated with Cell-tak to enable rapid cell adhesion. Cells were allowed to attach to the
coverslip for 30 min before the addition of 4% PFA to fix the cells. Coverslips were washed in HBSS and then water and mounted
onto a slide using Invitrogen Prolong Gold Antifade mounting reagent with DAPI. Confocal microscopy on the LSM880 microscope
at 63x magnification was used to capture the lipid droplet (488/563) and DAPI (405/453). Lipid droplet area and number per cell was
quantified using ImagedJ F1J1.°° To quantify lipid droplet area, the threshold was set based off of a representative, high LD image (only
masking punctate signal). This threshold was then used for all images being compared to one another. Particles were then analyzed,
summed per image, then divided by the number of cells (at least 30 cells) captured in that image. For image visualization, the color of
the far-red channel was switched to green on ImageJ, and the far red and blue channels were merged into a composite image.

Whole exome and RNA sequencing

Prior to January 21st 2021, whole exome libraries were prepared using the SeqCap EZ Human Exome Library V3 kit and sequenced
on the lllumina HiSeq 3000 or Novaseq 6000 systems (paired-end, 150bp). Afterwards, libraries were constructed using the KAPA
HyperExome enrichment kit and sequenced on the NovaSeq 6000 system. On average, 120-fold (100~150 fold) exome-wide target
coverage was achieved for all sequenced tumor and normal blood and peripheral blood mononuclear cell (PBMC) samples. Tran-
scriptome libraries were constructed from poly(A) selected RNA using the Nugen Universal Plus mRNA-seq library prep kit and
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sequenced on the HiSeq 3000 or Novaseq 6000 systems (paired-end, 150bp). Gliomas were RNA sequenced and achieved an
average read depth of approximately 35 million mapped deduplicated reads per sample.

Whole exome QC and mapping

For WES, adapter trimming was performed with Cutadapt,”’ with minimum read length after trimming 20 and mean quality value
before trimming of 20. To remove potential mouse contamination from sequenced library, we mapped trimmed reads to mouse
(mm10) and human (GRCh38) genomes simultaneously with BBsplit from the BBtools package.®® After removing contaminant
and ambiguous reads, alignment to the hg38 human reference genome was carried out with BWA 0.7.17-r1188.°% We followed
GATK v4.2.0.0 best practices to mark duplicate reads and perform base quality score recalibration with ApplyBQSR.>*

t51

RNA-seq QC and mapping

For RNA sequencing, reads unambiguously aligning to the mouse genome were removed with the same mapping strategy as for
WES, using Seal from the BBtools package. Filtered reads were then processed through the UCSC Toil RNA sequencing pipeline>®
for quality control, adapter trimming, sequence alignment, and expression quantification. Briefly, sequence adapters are trimmed
and sequences are then aligned to human reference genome (GRCh38) using STAR v2.4.2a°° and gene expression quantification
is performed using RSEM v1.2.25.°” Expression values are output as raw counts and transcripts per million (TPM) for downstream
analysis.

Somatic mutation and copy number alteration calling
For tumor samples with a sequenced matched normal, Mutect2 v4.2.0.0°® MuSE v1.0rc,”® and Varscan2°® were used to call muta-
tions. To avoid potential false positive variants, variants with minimum coverage of 20 reads and identified by at least two mutation
callers were selected for further analysis. For samples without matched normal sequencing, variants were called using Mutect?2 in
tumor-only mode. Variants were compared against the matched normal sample when available, as well as a constructed panel of
normal samples following GATK best practices. Variants were then filtered based on occurrence frequency in COSMIC database®"
(>7 occurrences in CNS tumors) or annotated as “likely oncogenic” or “oncogenic” by OncoKB.%? CNVkit was used to detect copy
number changes from whole-exome sequencing data.®®

EGFR" calls were generated based on alternative transcript splicing of EGFR detected in RNA sequencing data. EGFR" calls
were determined by calculating the fraction of reads mapping to the junction between exons 7 and 8 and the aberrant junction be-
tween exons 1 and 8 (indicative of an in-frame deletion of exons 2-7) to generate EGFR"" transcript allele frequencies (TAFs). Sam-
ples with TAFs > 10% were considered positive for EGFR"" variant.

Integrated CDKN2A status based on whole exome and RNA sequencing

To generate a final call of CDKN2A status for all patient tumors, we combined information from our whole exome and RNA
sequencing pipelines. First, segment level copy number values were manually reviewed for consistency with copy number ratios
calculated within each 5 kilobase window overlapping CDKN2A. Cases with discordant bin-level and segment-level copy number
estimates were manually adjusted based on the average of bins. Patient tumor samples with CDKN2A deep deletions based on
WES were typed as CDKN2A null. Samples with CDKN2A shallow deletions or diploid copy number based on WES combined
with greatly decreased CDKN2A RNA expression (log, TPM < 2.5) and copy number deletions detected in their matched patient-
derived models were typed as CDKN2A null. All other samples with shallow deletions, diploid copy number, or copy number gains
of CDKN2A based on WES without further evidence of deletion were CDKN2A wild type.

Lipidome-transcriptome correlation analysis

For patient tumors, matched lipidomic profiling (% of total, n=918 species overlapping in patient and gliomasphere profiling) and
gene expression data (log, TPM+1) from 84 patient tumor samples were integrated to evaluate relationships between variation in
gene expression and lipid composition. Gene expression data were filtered to genes annotated in a Gene Ontology, KEGG, or Re-
actome term related to lipid metabolism with average expression above 0.5 log, TPM+1 (n = 999).°*~°¢ Pearson’s correlation coef-
ficients were then calculated for each lipid-gene pair. Correlation values were hierarchically clustered based on Euclidean distance
using Ward’s method. Clusters of lipids and genes were defined using static tree cutting of hierarchical clustering results.

For gliomaspheres, lipidomic profiling (% of lipid class, n=985 species) and gene expression data (log, TPM+1) from 43 samples
were used. Gene expression data were first filtered to protein coding genes with average expression above 0.5 log, TPM+1. Genes
and lipids were further filtered to remove the bottom 20% and 10% of low variance features respectively (10,778 remaining genes,
835 remaining lipid species). Pearson’s correlation coefficients were then calculated and the top 25% of genes (n=2,695 genes) with
most variable correlation values were selected for downstream analysis and plotting based on their ability to preserve patterns
observed globally.

Correlation cluster annotation and lipid-gene cluster co-enrichment

Lipid clusters defined in the patient lipid-gene correlation analysis were annotated based on their enrichment for specific lipid clas-
ses, saturation levels, and chain length categories based on hypergeometric p-values calculated through comparison of each
cluster to the background of all analyzed lipid species. Hypergeometric p-values for each category were adjusted using the
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Benjamini-Hochberg procedure. Gene clusters were annotated with their enriched lipid metabolic features based on geneset over-
representation analysis run on Gene Ontology Biological Process (GO BP) terms using the PANTHER Classification System.®” GO BP
results were filtered to terms involved in the metabolism or biosynthesis of detectable lipid classes (i.e. excluding terms including
“negative regulation” or “catabolism”) with adjusted p-value < 0.05 and then sorted based on fold enrichment to identify enriched
lipid metabolic terms.

Co-enrichment scores quantifying the relationships between pairs of lipid and gene clusters were calculated based on the average
of two two-sample Kolmogorov-Smirnov statistics: one statistic calculated on genes ranked based on their correlation with lipids of a
given lipid cluster, and another statistic calculated on lipids ranked based on their correlation with genes of a given gene cluster. The
first statistic quantifies the specificity of gene cluster correlations for each lipid cluster while the second statistic quantifies the spec-
ificity of lipid cluster correlations for each gene cluster. P-values were adjusted using the Benjamini-Hochberg procedure and cluster
pairs with adjusted p-values < 0.05 for both gene-wise and lipid-wise enrichment as well as congruent directionality (positive or nega-
tive enrichment) were deemed significant co-enrichment results.

Genetic alteration - lipid cluster enrichment scoring

To quantify whether lipid species in each lipid cluster are enriched positively or negatively with a given genetic alteration, a log odds
ratio was calculated between the fraction of significantly over-abundant lipid species within a lipid cluster and the fraction of signif-
icantly under-abundant lipid species within the same cluster (Student’s t-test p-value < 0.05). Fisher’s exact test, with Haldane-
Anscombe correction (adding 0.5 to each cell to avoid zeroes), was carried out on counts of the significantly different lipid species
inside or outside of a given lipid cluster for a given genetic alteration. This test was performed for each pair of lipid clusters and genetic
alterations and p-values were adjusted using the Benjamini-Hochberg procedure.®®

Gene cluster scoring and genomic association testing

Single sample GSEA (ssGSEA)®° was used to score individual samples for their enrichment for gene sets defined in correlation an-
alyses in patient tumors and gliomaspheres. For gliomaspheres, a composite score was defined as the difference between the
enrichment scores for the two gene clusters and was used to test for associations with genomic alterations.

For genome-wide testing, gene-level copy number amplifications (8+ copies), deep deletions (< 0.5 copies), and somatic muta-
tions detected via WES were individually considered for testing. For each gene, samples were grouped by their binary alteration sta-
tus and Welch’s t-test was used to quantify their association with ssGSEA composite scores. Gene-level results for somatic ampli-
fications and deletions were then clustered into locus-level results by grouping genes with genomic coordinates within 1 Megabase
of each other and taking the most extreme test statistic from the set of clustered genes to represent the locus. Locus-level results for
amplifications and deletions were then merged with gene-level results for point mutations and p-values were adjusted using the
Benjamini-Hochberg procedure.

Differential expression analysis

Differential gene expression analysis was carried out using DESeq2 on expected count data from RSEM rounded to whole
numbers.”® Genes were pre-filtered to remove genes with average counts below 100. Fold change estimates were shrunken using
the adaptive shrinkage option IfcShrink(..., type = “ashr”) provided in DESeq2.”°

Principal component analysis and varimax rotation

Principal component analysis (PCA) was carried out using the prcomp() function in R v4.1.0 without scaling features.”' PCA loadings
for PC1 and PC2 were then rotated using varimax rotation without Kaiser normalization using the R package varimax.>’ Rotated
component scores were calculated by multiplying the original PC scores by the varimax rotation matrix.

Differential lipid abundance permutation analysis

To determine the statistical significance of differential lipid abundance results obtained using Student’s t-test, permutation analysis
was performed by randomly shuffling the group labels without replacement and re-running the differential lipid abundance testing
100,000 times. The number of differentially abundant lipids were then counted for various significance levels (o = [0.25, 0.15,
0.05, 0.01, 0.001]) and quantiles of the permutation results (median, top 10%, top 5%, top 1%) for comparison to the observed num-
ber of differentially abundant lipids at the same significance levels. A final permutation p-value was calculated as the fraction of
random permutations with equal or more significantly different lipid species than the observed result at o = 0.05.

TCGA GBM multi-omics data and analysis
Somatic point mutations and copy number alterations for TCGA GBM samples was accessed through CBioPortal (Glioblastoma, Cell
2013)."%727 Gene expression results from RSEM were accessed from the Toil RNA-seq Recompute®® project publicly available
through UCSC XenaBrowser.”* Datasets were then filtered to only include samples present in all datasets (n = 142).

Samples were then scored for their enrichment for each gene cluster defined in the patient correlation analysis using ssGSEA.
ssGSEA scores were then stratified by CDKN2A alteration status (defined as either deletion or somatic mutation with loss of hetero-
zygosity) and statistical testing was performed using Welch'’s t-test for both our cohort and TCGA GBM.
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Gene expression subtyping

Tumors from patients with GBM, orthotopic xenografts, and gliomasphere cultures were scored for their enrichment of previously
defined TCGA GBM subtypes using ssGSEA.”® An empirical distribution of expected ssGSEA scores for each subtype signature
were generated from permutations of the patient tumor expression values generating 1 million simulated ssGSEA scores per sub-
type. These simulated distributions were used to convert observed ssGSEA scores into permutation z-scores and empirical p-values
indicating significance of subtype enrichment as done previously.” In cases where a sample showed enrichment for multiple sub-
types, the sample was called based on its maximum z-score.

QUANTIFICATION AND STATISTICAL ANALYSIS

Comparisons were made with two-tailed unpaired Student’s t-tests, and unless otherwise stated, unadjusted p-values <0.05 were
considered statistically significant. Welch’s t-test was used when comparison groups were observed to have disparate variances. No
further statistical methods or tests assessing the distribution of the data were used. All data from multiple independent experiments
were assumed to be t-distributed. For each experiment, replicates are as noted in the figure legends. Data represent mean + s.d.
values unless otherwise indicated in the figure legends. All statistical analyses were calculated in Prism 9.0 (GraphPad). Sample
size was selected based on previous studies. No samples were excluded. For all figures: p >0.05 = ns; p <0.05 = *; p<0.01 = **;
p<0.001 = ™, p<0.0001 = ***.
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