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SUMMARY
The evolutionary trajectory of glioblastoma (GBM) is a multifaceted biological process that extends beyond
genetic alterations alone. Here, we perform an integrative proteogenomic analysis of 123 longitudinal glio-
blastoma pairs and identify a highly proliferative cellular state at diagnosis and replacement by activation
of neuronal transition and synaptogenic pathways in recurrent tumors. Proteomic and phosphoproteomic
analyses reveal that the molecular transition to neuronal state at recurrence is marked by post-translational
activation of the wingless-related integration site (WNT)/ planar cell polarity (PCP) signaling pathway and
BRAF protein kinase. Consistently, multi-omic analysis of patient-derived xenograft (PDX) models mirror
similar patterns of evolutionary trajectory. Inhibition of B-raf proto-oncogene (BRAF) kinase impairs both
neuronal transition and migration capability of recurrent tumor cells, phenotypic hallmarks of post-therapy
progression. Combinatorial treatment of temozolomide (TMZ) with BRAF inhibitor, vemurafenib, significantly
extends the survival of PDX models. This study provides comprehensive insights into the biological mecha-
nisms of glioblastoma evolution and treatment resistance, highlighting promising therapeutic strategies for
clinical intervention.
358 Cancer Cell 42, 358–377, March 11, 2024 ª 2023 Elsevier Inc.
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INTRODUCTION
 ure S1A). These recurrent tumors were characterized by genetic
Glioblastoma is themost common and lethal primary brain tumor

in adults with a median survival of less than 15 months, despite

continuous efforts in treatment innovations.1–4 A major road-

block that contributes to such a dismal prognosis is tumor

relapse, which is observed in over 90% of patients.5 While the

standard of care for primary treatment has been largely estab-

lished, recurrent GBM remains therapeutically unresolved due

to the complexity of tumor heterogeneity and limited under-

standing of the evolutionary dynamics after therapy.

To address these challenges, several studies generated

genomic data from two or more longitudinal GBM samples and

characterized the evolution of the molecular profiles in response

to treatment.6–12 These studies showed that recurrent GBMs un-

dergo a complex clonal evolution under therapeutic pressure

driving genetic drifts that follow both neutral and selective evolu-

tionary models.13,14 Whereas emerging knowledge of GBM evo-

lution is covered through the profiling of their genomes and tran-

scriptomes, these platforms have failed to identify consistent

trajectories of evolution that could explain the therapeutic resis-

tance invariably associated with recurrent disease.

When combined with genomics and transcriptomics, prote-

omics provides another paradigm for investigating a hidden

dimension of cancer biology that has gone largely undetected.

The Clinical Proteomic Tumor Analysis Consortium (CPTAC)

has implemented a significant effort to profile a wide spectrum

of malignant tumor types using multiple proteogenomic plat-

forms. This approach has generated tumor classifications and

subgroups that are associated with distinct patient prognoses

and potential therapeutic vulnerabilities.15–26 Here, we per-

formed comprehensive proteogenomic analyses of 123

matched primary and recurrent GBMs and adopted the integra-

tion of genomics and deep proteomics characterization to

extract the significant changes that drive GBM evolution under

therapy. The proteogenomic inspection of the longitudinal

GBM cohort identified the activation of neuronal programs as

the primary mechanism of evolution driving tumor recurrence af-

ter therapy. Integrated multi-omics analyses uncovered the acti-

vation of the WNT/PCP pathway and the BRAF kinase as molec-

ular determinants of neuronal transition in recurrent GBM, thus

offering diagnostic and therapeutic tools tomanage tumor recur-

rence in patients with GBM.
RESULTS

The molecular trajectory of longitudinal glioblastoma
To investigate the underlying mechanisms that drive the com-

plex molecular trajectory of GBM evolution, we collected 123

matched longitudinal GBM specimens from 5 different institu-

tions. Among them, 122 were characterized by whole-exome

sequencing (WES) with 91 having matched blood-derived

normal DNA, 86 by whole-transcriptome sequencing (WTS),

and 105 by mass spectrometry-based proteomics to provide

robust quantification of proteins and phospho-proteins (Fig-

ure 1A; and Table S1).

Among 122 patients with available WES data, 8 patients had

acquired the hypermutator phenotype at recurrence10,27–29 (Fig-
alterations in mismatch repair (MMR) encoding genes, including

MSH3, MSH6, MLH1, and PMS2 and temozolomide (TMZ)-

induced mutation signatures (Figure S1A). Hypermutated recur-

rent tumors had a high mutation load and increased number of

somatic mutations-derived neoantigens30,31 (Figures S1B and

S1C). When we excluded hypermutant tumors, we observed a

significant increase in the tumor mutational burden upon recur-

rence in both isocitrate dehydrogenase 1 (IDH1)-mutant and

IDH1-wild-type GBM, whereas the aneuploidy fraction did not

exhibit a significant difference (Figure 1B).

Next, we investigated the occurrence of major driver muta-

tions and copy number alterations during GBM evolution.

Initially, we focused on the well-recognized drivers that consti-

tute the core oncogenic pathways of GBM, including receptor

tyrosine kinase (RTK)-RAS signaling, phosphoinositide-3-kinase

(PI3K), p53, chromatin modification, and cell cycle pathways.

Mutations in IDH1 exhibited coherent stability during temporal

evolution in agreement with the suggestion that IDH1 mutation

is one of the early glioma-initiating events10 (Figure 1C). Similarly,

chromosomal amplification of EGFR, deletion of CDKN2A, and

somatic mutations of PTEN, ATRX, and TP53 were highly

conserved across untreated and recurrent tumors. However,

we discovered several genetic alterations that were frequently

lost in recurrent tumors, including chromosomal amplification

of CDK6, MDM4, and CCND2 (Figures 1C and 1D). As these

drivers are primarily involved in cell cycle and proliferation ki-

netics, we hypothesized that recurrent GBMs are not sustained

by conventional mechanisms enhancing cell cycle progression

and proliferation.

To assess the functional impacts of copy number variations

(CNVs) on gene expression in cis (functional copy number varia-

tion, fCNV) at different stages of tumor progression, we per-

formed an integrative analysis of mRNA expression and

CNVs.32,33 Overall, we discovered that major GBM driver alter-

ations, including CDKN2A, TP53, EGFR, and PTEN were main-

tained from primary to recurrent tumors. Conversely, several

genes were differentially altered in primary and recurrent GBM.

Among the genes more frequently altered at diagnosis were

CDK6 and MET oncogenes (amplified) and the NF1 tumor sup-

pressor (mutated/deleted) (Figure 1D). Conversely, albeit small

in number, somatic mutations or deletions of PI3KR1were found

at higher frequency in recurrent tumors. When we expanded the

integrative analysis to non-driver genes, we found that functional

amplification of genes that are involved in cell cycle, mitosis, and

DNA repair activities (ERCC2, HUS1, PDGFA, RCF2,

and BRAT1) was significantly enriched in GBM at diagnosis

and depleted at recurrence. In contrast, recurrent GBMs were

marked by functional amplification of neuronal differentiation-

promoting genes, including SGK2, LIN7B, STX1A, and CDK5

(Figure 1E), suggesting that cell proliferation may represent a

driving force behind GBM tumor expansion before treatment.

However, following standard-of-care therapy, recurrent GBM

acquires capabilities distinct from cell cycle and proliferation,

possibly involving co-option of neuronal activities.

Collectively, our results highlight that genetic alterations

remain highly conserved throughout GBM progression and inte-

grative proteogenomic characterization could potentially pro-

vide unprecedented insights into the complex molecular
Cancer Cell 42, 358–377, March 11, 2024 359
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structure of GBM evolution that were largely hidden from geno-

mics or transcriptomics alone.
Impact of EGFR genomic alteration on downstream
signaling in recurrent GBM
Previous studies have identified recurrent genomic aberrations

in the core oncogenic pathways of GBM that constitute complex

canonical signal transduction.28 Among them, chromosomal

amplifications in genes encoding RTKs have been frequently

identified.34–37 When we investigated these key oncogenic

signaling pathways at the protein level during GBM evolution,

we discovered that FGFR2/3, NTRK2/3, and BRAF proteins

were predominantly enriched in recurrent tumors, while the

abundance of EGFR, CDK4, and CDK6 proteins was increased

in primary tumors (Figure 2A). The accumulation of these onco-

genic proteins was not associated with corresponding changes

in gene copy number and/or mRNA levels, which points toward

post-transcriptional mechanisms of regulation of these protein

kinases during GBM evolution. Genomic alterations in EGFR

are among the major contributors to GBM oncogenesis.38–40

As such, many clinical trials have been initiated to assess the

therapeutic efficacy of EGFR-mediated therapy. While the ma-

jority of the studies have demonstrated the significance of the

functional role of EGFR in primary GBM, its role in driving GBM

recurrence remains elusive. Thus, we analyzed the dynamics

of EGFR genomic alterations in matched primary-recurrent

GBM samples. We identified three distinct groups of patients;

one group exhibited EGFR alteration in both primary and recur-

rent tumors, while in the other two groups, EGFR alteration was

either lost or gained in the recurrent tumor (Figure 2B). As ex-

pected, loss of EGFR alterations at recurrence was associated

with the decrease of EGFR protein (Figure 2C). Strikingly, reduc-

tion of EGFR abundance and phosphorylation was also detected

in those tumors that maintained EGFR alterations at recurrence,

suggesting that post-translational mechanisms operate during

evolution to abate EGFR signaling (Figures 2D and S2).

EGFR executes oncogenic activities via two primary down-

stream signaling, the PI3K-AKT-PTEN-mTOR and the RAS-

RAF-MEK-ERK pathways.41–43 To investigate the impact of

EGFR genomic alterations on these signals, we interrogated pro-
Figure 1. The molecular trajectory of longitudinal glioblastoma

(A) Summary of profiling platforms and number of matched longitudinal GBM pa

matched samples not profiled by the indicated platform. SNU, Seoul National U

CNU, Chonnam National University; NCC, National Cancer Center.

(B) Comparison of tumor mutational burden and aneuploidy fraction between ID

span from the first to third quartiles, middle line represents median, and whiske

Wilcoxon rank-sum test.

(C) Somatic genomic landscape of GBM driver genes grouped by oncogenic path

were ordered according to progression-free survival (PFS, months). Genomic a

alterations are in yellow (primary specific) or purple (recurrent specific); in red a

represents the overall frequency rate of each shared or private genomic alteratio

(D) Bubble plot illustrating the frequency of fCNVs and non-synonymous mutati

recurrent (purple, right axis), and shared (green, upper axis) between primary and

recurrent pairs are represented. Red and blue gene labels denote oncogenes an

number of patients harboring the corresponding genetic alterations.

(E) Bubble plot illustrating the frequency of fCNVs and non-synonymous mutation

(purple, right axis), and shared between primary and recurrent GBM (green, upper

in neuronal differentiation, cell cycle, mitosis, and DNA repair are indicated.

See also Figure S1 and Table S1.
teomics data to determine the correlation between EGFR and

signaling effector molecules. We found a statistically significant

positive correlation between EGFR and GAB1 with AKT1 and

AKT2 proteins but a negative correlation with BRAF and

MAPK1/3 proteins (Figure 2E). When we investigated the phos-

phorylation status of EGFR and GAB1, the docking factor for

EGFR-mediated PI3K-AKT activation,42 we found that phos-

pho-EGFR (Y1197, S1166) was significantly reduced in recurrent

tumors that maintained EGFR genetic alterations as well as in

those in which lesions were lost at recurrence (Figure 2D).

Concordantly, phospho-GAB1 (S402, T503) was significantly

decreased at recurrence (Figures 2F and S2). Together, our re-

sults suggest that EGFR signaling is largely deactivated in recur-

rent GBM, likely as a consequence of EGFR protein reduction

during evolution.
Proteogenomic characterization of longitudinal GBM
reveals increased neuronal activities at recurrence
To identify biological features active in recurrent GBM, we inter-

rogated the differential proteome and phospho-proteome of

matched GBM pairs. We uncovered 377 proteins and 1,820

phospho-proteins that were increased in recurrent GBMs,

including SNAP25, TUBB4A, NELF, DAAM1/2, STMN1, and

MBP (Figure 3A). Pathway enrichment analysis revealed that

recurrent tumors were characterized by the elevation of proteins

and phospho-proteins functionally involved in neuron structure

and function and synapse formation (both pre- and post-synap-

tic activities). Examples of biological pathways significantly

overrepresented in recurrent GBM were ‘‘Ion channel activity,’’

‘‘Action potential,’’ ‘‘Synaptic plasticity,’’ ‘‘Neurotransmitter

transport,’’ ‘‘Neuron projection,’’ ‘‘Neuron differentiation,’’ and

‘‘Axon.’’ These pathways include either key structural neuronal

proteins or proteins involved in neuron activities, namely the

transmission of electrical and chemical signals. On the other

hand, GBM at diagnosis was primarily enriched with activation

of DNA replication, cellular proliferation, and mitogen-activated

protein kinase (MAPK) regulation as well as extracellular matrix

functions and EGFR signaling (Figures 3B, 3C, and S3A;

Table S2). Next, to investigate the relevance of protein regulation

in comparison with transcriptional control for GBM progression,
tient samples analyzed by each molecular platform. The color white indicates

niversity; PS, Hôpital de la Pitié-Salpêtrière; SMC, Samsung Medical Center;

H mutant and IDH wild-type primary and matched recurrent GBMs. Boxplots

rs represent the 1.5x interquartile range. The p values were calculated by the

ways. IDH mutant samples are grouped on the right side of the panel. Patients

lterations shared between primary and recurrent tumors are in green, private

re shared alterations with mutation replacement). The bar graph on the right

n.

ons of GBM driver genes in exclusively primary (yellow, left axis), exclusively

recurrent GBM. GBM driver genes with genetic alterations in at least 4 primary

d tumor suppressor genes, respectively. The size of each node represents the

s of all the genes in exclusively primary (yellow, left axis), exclusively recurrent

axis) GBM tumors (Fisher’s exact test, p < 0.10). Representative genes involved
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Figure 2. Impact of EGFR genomic alteration on downstream signaling upon recurrence

(A) Analysis of up-regulated protein in key oncogenic GBM pathways including RTK-RAS, p53, cell cycle, and chromatin modification. The pie charts show the

percentage of primary (yellow) and recurrent (purple) samples showing up-regulated proteins. Selected phosphosites are indicated and color-coded according to

elevation in primary or recurrent tumors.

(B) Somatic genomic landscape of EGFR alterations, including amplification (Amp),mutation (Mut), EGFRvIII, and Fusion (Fus). Patients have been categorized as

‘‘Shared’’ if EGFR alterations are shared between primary and recurrent tumors (green), ‘‘Loss’’ (blue) if EGFR alterations are lost at recurrence, or ‘‘Gain’’ (Red) if it

was gained in the recurrent tumor.

(legend continued on next page)
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we integrated transcriptomic, proteomic, and phospho-proteo-

mic data to identify proteins and phosphoproteins differentially

abundant in recurrent versus primary tumors showing concor-

dant/discordant changes in mRNA.While most proteins in recur-

rent GBM had a concordant change of corresponding mRNAs

(n = 8,207, PLP1, GFAP, FBXO2, STMN4), numerous molecules

showed mRNA-protein dissociation (SYT4/11, DAAM1/2, BRAF,

EGFR, and its substrate, GAB1) (Figure 3D). The biological

pathway enrichment analysis revealed that proteins and phos-

pho-proteins increased at recurrence were significantly associ-

ated with synapse formation, GTPase activity, and oxidative

phosphorylation. Conversely, proteins and phosphoproteins

implicated in cell division, mRNA processing, and transcription

were more abundant in primary GBM (Figure 3E).

We then explored the functional impact of genetic alterations

on global and phosphoprotein abundance, both cis-acting

(cognate gene product) and trans-acting (other gene products)

at recurrence. We found a strong effect in cis for EGFR, with sig-

nificant decreases at recurrence in total protein and phosphory-

lation abundance at multiple sites (S1071, S1166, and T693)

(Figures 3F and 3G). These results suggest that EGFR alterations

in GBM contribute to tumor initiation but are no longer required

for tumor evolution. At the trans-acting level, recurrent tumors

harboring multiple GBM driver genetic alterations (e.g., EGFR,

PDGFRA,PTEN, and TP53) exhibited elevated protein and phos-

phoprotein levels of members of the RAS pathway (NTRK2/3,

BRAF, and MAP2K1/2), WNT pathway (DAAM1/2) and proteins

involved in synapse formation (PRKCZ, SNAP25, SYN1, and

GRIA2) (Figures 3F and 3G). Collectively, our results demon-

strate that recurrent GBMs are uniquely characterized by

neuronal signaling programs, which may be driven by activation

of RAS and WNT signaling and contribute to disabling the cell

proliferation mechanisms essential for the expansion of primary

GBM.

Integrative multi-omics subtyping reveals enrichments
of the neuronal GBM subtype at recurrence
We explored genomics, transcriptomics, proteomics, and phos-

phoproteomics and clustered matched primary and recurrent

GBM pairs using the recently described pathway-based GBM

classifier.32,33 The classifier distinguishes four tumor subtypes

grouped into two functional branches, neurodevelopment (prolif-

erative/progenitor, PPR and neuronal, NEU) and metabolism

(glycolytic/plurimetabolic, GPM and mitochondrial, MTC). We

found that each platform provided an enrichment of the molecu-

lar elements defining each functional subgroup and recapitu-

lated the predominant biological activities of each GBM subtype

(Figure 4A). Then, we quantified the frequency of subtype transi-

tion in matched primary and recurrent tumors and discovered
(C) Comparison of EGFR protein abundance between matched primary (P) and re

first to third quartiles and middle line represents median. The p values were calc

(D) Violin plots of the phosphorylation abundance in EGFR sites between primary a

by the Wilcoxon rank-sum test.

(E) Correlation plot of EGFR protein abundance with key regulators of PI3K-AKT

Correlation Coefficient (PCC) is indicated once each protein abundance was nor

(F) Dots plot showing the changes of phosphorylation abundance in EGFR su

calculated by the Wilcoxon rank-sum test.

See also Figure S2.
that recurrent GBM exhibited a significantly lower frequency of

PPR and a higher frequency of NEU subtypes (Figure 4B). To

determine the potential impact of genetic changes, we

compared driver and non-driver genetic alterations between pri-

mary non-NEU and recurrent NEU GBM pairs. Major GBM

drivers such as CDKN2A/B, EGFR, TP53, and PTEN occurred

similarly in both primary and recurrent tumors. Recurrent tumors

acquired fCNV amplification of genes involved in neuronal differ-

entiation and synaptic activity such as BRAF, STX1A, KCNN1,

SCN1B, and ACTL6B and fCNV deletion of genes involved in

cell cycle, mitosis, and DNA repair, including CHEK2, ASPM,

CENPW, CDK1, and MDC1. Conversely, primary tumors mainly

harbored preferential fCNV gain of genes involved in cell cycle,

mitosis, and DNA repair functions and fCNV loss of genes con-

trolling neuronal differentiation and specialized neuronal func-

tions (Figure 4C). We then integrated the global proteome and

phospho-proteome to identify phosphorylation sites that are

differentially modified in the absence or presence of correspond-

ing protein changes. NEU recurrent GBM showed elevated

phosphorylation of neuronal proteins (STX4-S36, DLGAP4-

S405/S156/T915, and CAMK2D-S338/S276) without significant

change in the corresponding protein (neutral). Proteins whose

phosphorylation and global abundance were significantly

increased in recurrent NEU tumors were involved in neuronal

structure/functions and the BRAF/MAPK pathway (Figure S3B).

Conversely, non-NEU primary GBM of the matched NEU tumors

exhibited elevated levels of phosphorylation in a variety of pro-

teins involved in chromatin remodeling and DNA damage/repair,

without changes in global abundance. Consistent with global

proteome analyses, EGFR phosphorylation at Y1197, S1071,

and T693 residues were among the top differentially increased

phosphosites in non-NEU primary tumors. Together, these re-

sults indicate that the evolutionary transition toward the neuronal

state in recurrent GBM is regulated by both genetic and post-ge-

netic molecular events that include de-activation of EGFR and

activation of BRAF-MAPK signaling pathways.

We sought to orthogonally confirm the pattern of GBM evolu-

tion through the unsupervised clustering of matched primary and

recurrent GBM pairs using our multi-omics data cohort. The

analysis returned three distinct tumor clusters. Cluster 1 (C1)

was associated with epithelial-to-mesenchymal transition,

inflammation, and response to interferon-g and was enriched

with tumors classified as GPM and mesenchymal by the

pathway-based and transcriptional GBM classifiers, respec-

tively32,44 (Figures S3C and S4A). Cluster 2 (C2) samples were

characterized by enrichments of neuronal features, aligned

with coherent activation of proteins and phospho-proteins that

were associated with neuron projection, synaptic plasticity,

and neurotransmitter activity. Accordingly, C2 exhibited
current (R) tumors in the corresponding patient groups. Boxplots span from the

ulated by the Wilcoxon rank-sum test.

nd recurrent GBMpatients in the ‘‘Shared’’ group. The p valueswere calculated

-PTEN-mTOR and the RAS-RAF-MEK-ERK downstream pathways. Pearson

malized across samples.

bstrates when comparing recurrent and primary GBMs. The p values were
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enrichment with tumors classified within the NEU subtype

(Figures S3C and S4A). Cluster 3 (C3) tumors demonstrated

increased cell cycle and chromosomal remodeling activities,

were largely composed of Ki-67-positive tumors and were

mostly classified as PPR by the pathway-based and proneural

by the transcriptional GBM classifiers (Figures S3C and S4A).

To determine the effects of the treatment on the identified clus-

ters during GBM progression, we quantified the extent of sub-

type transition in matched primary and recurrent tumors. While

primary GBMs were mainly enriched for C1- and C3-type tu-

mors, recurrent GBMs were largely composed of C2-type

tumors (16% at diagnosis to 63% at recurrent) (Figures S4B–

S4D), thus independently validating the finding that recurrent

GBMs exhibit increased neuronal functions.

In an effort to further investigate the biological components

that were associatedwith subtype transition and treatment resis-

tance at recurrence, we analyzed the protein abundance of key

molecules that regulate DNA repair mechanisms. Chemoresist-

ance in GBM is largely attributed to the inhibition of demethylat-

ing enzyme O6-methylguanine-DNA methyltransferase (MGMT)

expression by the methylation of MGMT promoter.45,46 Expres-

sion and abundance of MGMT gene and protein, respectively,

were decreased in MGMT-methylated primary GBM (Fig-

ure S5A). In agreement with previous reports, DNA methylation

of MGMT was highly associated with prolonged survival47,48

(Figure S5B). Moreover, when patients were classified according

to MGMT protein abundance, patients harboring tumors with

high MGMT expression exhibited decreased survival, despite

having MGMT methylation (Figure S5C). Conversely, patients

with unmethylated MGMT showed no significant difference in

survival.

When we asked whether MGMT-methylated or MGMT-unme-

thylated primary GBM exhibited preferential transition toward a

specific functional subtype at recurrence, we found that 48.6%

of MGMT-unmethylated primary GBM recurred as neuronal tu-

mors (Figure S5D). Consistently, C2-subtype tumors at recur-

rence demonstrated increasedMGMT protein and down-regula-

tion of MMR proteins, including MSH2, ML1, and PMS2

(Figure 4D). Conversely, tumors that relapse as either C1- or

C3- subtype, demonstrated no significant difference

(Figures S5E and S5F). While previous studies indicate that

MMR deficiency, primarily caused by loss-of-function muta-
Figure 3. Proteogenomic characterization of longitudinal GBM reveals

(A) Volcano plot representation of proteins (upper panel) and phosphoproteins

median expression between primary and recurrent GBMs; y axis indicates the sta

protein and phospho-protein were calculated by the Wilcoxon rank-sum test.

(B) Single sample Gene Set Enrichment Analysis (ssGSEA) analysis of proteins a

available in the MSigDB. The p values were calculated by the Wilcoxon rank-sum

(C) Comparison of major synaptic pathway activities betweenmatched primary an

75th quantiles. The p value was calculated by the Wilcoxon rank-sum test.

(D) Scatterplot showing the ratio of mRNAs, proteins, and phosphoproteins expre

Red and blue dotted-line quadrants indicate upregulated and downregulated pr

values were calculated by the Wilcoxon rank-sum test.

(E) GO enrichment analysis of proteins and phosphoproteins from the red and blue

method.

(F and G) Cis and trans effects of major genomic alterations including mutations a

each genomic alteration were categorized into primary-specific (yellow), recurren

values were calculated by the Wilcoxon rank-sum test.

See also Figure S3 and Table S2.
tions,49 leads to TMZ resistance during GBM progression, our

findings suggest that protein inactivation, possibly through pro-

tein degradation, may also be a significant mechanism contrib-

uting to GBM recurrence (Figure 4E).
Single-cell analysis and functional experimental models
reveal enrichments of neuronal activity in recurrent
tumor cells
To assess whether the enrichments of neuronal and synaptic ac-

tivities at recurrence were tumor cell-intrinsic and not derived

from the microenvironment, we conducted single-cell RNA

sequencing on four paired primary and recurrent tumor tissue

specimens. We first distinguished 4,228 malignant cells and

12,258 non-malignant cells based on large-scale chromosomal

CNVs in each cell inferred by inferCNV (Figures 5A and

5B).50,51 Dimensionality reduction (UniformManifold Approxima-

tion and Projection, UMAP) revealed eight major non-malignant

cell types with high expression of distinct marker genes including

oligodendrocytes, myeloid, T cells, astrocytes, oligodendrocyte

progenitor cells (OPCs), endothelial, pericytes, and neurons (Fig-

ure 5C). The comparative analysis of the tumor microenviron-

ment (TME) between primary and recurrent GBM revealed that

oligodendrocytes and neurons increased in recurrent tumors at

the expense of myeloid and T cells (Figures 5D and 5E). As far

as tumor cell states were concerned, we analyzed the evolu-

tionary trajectory of recurrent GBM based on pathway-based

functional states32 and found that GBM evolution was marked

by a reduction in PPR (from 14.2% to 10.5%) and MTC (from

23.8% to 16.8%) and gain of NEU states (from 36.2% to

49.0%; Figure 5F, upper panel). On the contrary, the other glioma

cell state classifier, which includes NPC-like, OPC-like, AC-like,

and MES-like states52 did not uncover significant changes be-

tween primary and recurrent GBMs (Figure 5F, lower panel).

Computation of the PPR and NEU cell state activity confirmed

the global increase of neuronal functions at the expense of

stem/progenitor-like activities (Figure 5G). Finally, we calculated

a ‘‘simplicity score’’ for each single cell as a continuous measure

of the strength of the state within a four-quadrant plot corre-

sponding to the four transcriptomic states.32 The quadrant/state

clustering of tumors indicated that neuronal activity is the domi-

nant biological feature of recurrent tumors (Figure 5H).
increased neuronal activities in recurrent GBM

(bottom panel) with differential abundance. x axis indicates the difference of

tistical significance derived fromWilcoxon rank-sum test. The p values for each

nd phosphoproteins between primary and recurrent GBMs using all genesets

test for each geneset between primary and recurrent tumors.

d recurrent tumors. The lines within each violin plot represent the 25th, 50th, and

ssion/abundance significantly changed between recurrent and primary GBMs.

oteins, and phosphoproteins, respectively without any mRNA changes. The p

quadrants in (D). The q values were calculated using the Benjamini-Hochberge

nd CNVs on protein (F) and phosphoprotein (G) levels. Cis and trans effects of

t-specific (purple), or shared (green); see the track on the left of the panel. The p
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Figure 4. Integrative multi-omics clustering reveals the transition of GBM at diagnosis toward neuronal state at recurrence

(A) Heatmap of multi-omic features significantly associated with each subtype according to the proteomic-based functional classification of primary and

recurrent GBM. Upper track, functional classification; bottom track, tumor type. Columns are individual tumors and rows are features. First panel, mutation calls

are in green (p < 0.10, Fisher’s exact test). Second panel, fCNV gain or amplification calls are in red and orange (p < 0.05, Fisher’s exact test), respectively. Third

panel, fCNV heterozygous or homozygous deletion calls (p < 0.05, Fisher’s exact test) are in blue and cyan, respectively. Fourth and fifth panels, 150 highest

scoring genes/proteins in the gene/protein expression/abundance ranked list of each of the four GBM subtypes (MWW-GST test). Sixth panel, significant outlier

phosphorylated proteins in each functional GBM subtype (p < 0.05, BlackSheep). Biological pathways significantly enriched (Fisher exact test, p < 0.05) and

representative genetic alterations specific to each GBM subtype are indicated on the right.

(B) Proteomic-based functional subtyping of primary and recurrent GBM. The transition plot of functional subtypes in primary and recurrent GBM shows an

increased frequency of the NEU subtype at recurrence (p = 0.0099, c2 test).

(legend continued on next page)
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To experimentally validate our findings regarding the essential

components of recurrent GBMs, namely neurogenesis and syn-

apse formation, we developed in vitromodels using a co-culture

system. In this system, we co-cultured matched primary and

recurrent GBM patient-derived tumor cells (PDCs) labeled with

GFP alongside mouse cortical neurons. Our results demon-

strated that recurrent GBM cells, compared to primary tumors,

are characterized by an increased number of pre-synapses

when evaluated through quantitative immunofluorescence and

immunoblot analysis for synapsin-1 (a pre-synapse marker) (Fig-

ure 6A). Moreover, recurrent tumor cells generated a large num-

ber of synapses per cell and displayed longer neurites compared

to cells derived from primary tumors (Figure 6B). Furthermore,

we performed double immunofluorescence analysis of matched

primary and recurrent GBM samples, using markers against

SOX2 (GBM tumor marker) and DAMM1 (neuronal develop-

ment). Based on the previously reported neuronal transformation

at the periphery of primary GBM,32 we selected areas from both

the core and infiltrative periphery of primary tumors. Interest-

ingly, the expression of DAMM1 was almost undetectable in

both areas of the primary tumor, regardless of the regions

analyzed. In contrast, recurrent tumors exhibited higher levels

of DAMM1 expression in the tumor core, with a marked increase

observed at the infiltrative edge (Figures 6C, 6D, and S6). These

results provide additional evidence supporting the role of neuro-

genesis and synapse formation as key hallmarks of recur-

rent GBM.

Modeling of neuronal transition at recurrence using
in vivomodel system and pre-clinical testing of BRAF as
a therapeutic target
To investigate the dynamic regulation of the transcriptome, pro-

teome, and phosphoproteome during the evolutionary trajectory

of neuronal recurrent GBM, we generated a PDXmodel using tu-

mor cells from a patient who underwent neuronal transition after

therapy. Figure 7A outlines the experimental procedure, which

mimicked the patient’s clinical course, from tumor assessment

by magnetic resonance imaging (MRI) after intracranial injection

of PDCs in mice. Mice were then treated with TMZ or vehicle

andGBMtissue specimenswere collected atmultiple timepoints

(from day 7–41) for proteogenomic analysis. Tissue collection

was based on MRI results that represent the recurrence status

of the GBM model. Consistent with previous reports,3,53–55

TMZ treatment significantly prolonged the overall mouse survival

(Figure 7B). To characterize each time point, we interrogated

transcriptomics, proteomics, and phospho-proteomics data to

identify unique multi-omics features. The initial time points (T7,

T18, and T27) exhibited increased stemness activities, cell prolif-

eration, and chromatin remodeling (Figure 7C). At T34, (34 days

after the start of TMZ treatment) we observed the strongest

enrichment of neuronal features, particularly related to synaptic
(C) Bubble plot frequency of primary non-neuronal to recurrent neuronal matched

recurrent tumors (Fisher’s exact test, p < 0.05). (D) Comparison of MGMT, MSH2,

tumors that transition into C2-type. Boxplots span from the first to third quartiles an

rank-sum test.

(E) Graphical illustration of the down-regulation of mismatch repair (MMR) enco

neuronal; GPM, glycolytic/plurimetabolic; MTC, mitochondrial; CL, classical; ME

See also Figures S3–S5.
structure and organization. Similar patterns were also observed

in a separate PDXmodel that was treatedwith TMZand collected

andanalyzedat serial timepoints (FigureS7A). Thephospho-pro-

teome at this stage also showed activation of MAPK kinases. An

independent analysis using unsupervised co-regulation clus-

tering revealed twodistinct clusters of proteins andphosphosites

that diverged significantly at T34 (Figures 7D and 7E). C1,

reduced at T34, was significantly enriched in cell cycle proteins,

oxidative phosphorylation, MYC, and E2F targets. Conversely,

C2, which became abundant at T34, showed enrichment in pro-

teins and pathways involved in neuronal functions, such as

neurotransmitter release, dopaminergic synapse, and calcium

signaling (Figures 7D and 7E). Immunofluorescence analysis

confirmed increased expression of DAMM1 at T34 in TMZ-

treated PDXs compared with vehicle-treated tumors (Figure 7F).

To identify potential therapeutical targets driving the neuronal

transition in recurrent GBM, we reconstructed a primary-recur-

rent GBM-specific kinase-phosphosite interaction network

using SPHINKS, a recently developed tool that integrates prote-

omics and phospho-proteomics profiles to build an interactome

of kinase-phospho-substrate pairs that are scored according to

the strength of their interaction across all samples.33 We imple-

mented single-sample Master Kinase analysis33 to explore the

dynamic interplay between kinase activity and its phospho-sub-

strates. Serine/threonine-protein kinase BRAF emerged as

among the most active kinases in both multi-omics-based clus-

ter C2, mainly composed of neuronal recurrent GBM, and func-

tional classifier-based NEU subtype (Figures 8A and 8B).

Considering the availability of BRAF inhibitors that have shown

treatment efficacy in patients with various cancer types

harboring BRAF alterations,56–58 we evaluated the therapeutic

effect of two BRAF inhibitors, vemurafenib and dabrafenib, on

neurite growth in GBM cells. Treatment with BRAF inhibitors at

a concentration of 1 mM resulted in collapsed neurites in recur-

rent GBM cells (Figure 8C). A spreading assay further confirmed

that vemurafenib reduced neuronal cell migration, with the effect

being most prominent in recurrent GBM cells (Figures S7B–

S7D). Moreover, vemurafenib markedly reduced MAPK1/3

phosphorylation in recurrent GBM cells but had no effect in pri-

mary tumor cells (Figure 8D). Additionally, the combination of ve-

murafenib with TMZ significantly extended the overall survival

and reduced the tumor size of GBM PDX models (Figures 8E

and 8F). These findings collectively suggest that BRAF drives

neuronal attributes during GBM evolution toward the neuronal

state and that BRAF inhibitors can serve as useful therapeutic

tools to prevent neuronal transformation associated with drug

resistance in recurrent GBM.

In conclusion, our analysis of matched primary-recurrent hu-

manGBM, PDXmousemodels, and in vitro experiments demon-

strate that GBM evolution under therapy primarily involves a

transition toward the neuronal cellular state with the acquisition
pairs of GBM harboring fCNV in genes significantly associated with primary or

MLH1, and PMS2 protein abundance between matched primary and recurrent

dmiddle line representsmedian. The p valueswere calculated by theWilcoxon

ding proteins leading to TMZ resistance. PPR, proliferative/progenitor; NEU,

S, mesenchymal; PN, proneural.
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of synapse hallmarks. This transition is associated with multi-

level activation of WNT/PCP signaling, a significant contribution

of DAMM1, and dominance of BRAF activity (Figure S8).

DISCUSSION

In this study, we present a large dataset of matched primary and

recurrent GBM profiled by multi-omics platforms. The primary

innovation of the study is the application of proteomics and

phospho-proteomics to investigate the evolutionary trajectory

of GBM. Recent work by the Glioma Longitudinal AnalySiS

(GLASS) consortium defined the transcriptional changes sus-

tained by recurrent glioma.59 The limited correlation between

mRNA and protein levels with more than 60% variance between

protein levels and corresponding mRNA left unanswered key

questions related to the protein effectors of GBMevolution under

therapy. Our work uncovers the proteomic and phosphoproteo-

mic changes leading to GBM recurrence and provides insights

that can be used for diagnostics and precision therapeutics to

prevent and/or delay drug resistance.

Consistent with previous reports, we found that themain chro-

mosomal arm-level alterations (gain of chromosome 7 and loss

of 10), which are known to drive GBM initiation, are highly

conserved from diagnosis to recurrence, further supporting

that genomics is not an adequate platform to inform on molecu-

lar targets driving the evolution of GBM after therapy. The para-

digm for this conclusion is that de-activation of EGFR signaling at

recurrence is consequent to the loss of EGFR protein and phos-

phorylation and independent of the status of the EGFR gene. Be-

sides reinforcing the notion that protein level changes are better

predictors of the evolutionary trajectory of GBM than genetic al-

terations, our observation suggests that EGFR amplification may

be required for glioma initiation but is no longer necessary for tu-

mor maintenance under therapeutic pressure. It is tempting to

speculate that failure of EGFR targeting in recurrent GBM is

caused by loss of EGFR dependency of GBM cells after expo-

sure to standard-of-care treatment. We found that GBM evolu-

tion under therapy is marked by the collapse of the cell cycle,

mitosis, and DNA damage/repair activities sustained by the

loss of the genetic alterations and reduced abundance of the

proteins involved in these functions. Conversely, recurrent tu-

mors acquire neuronal and synaptic functions correlating with
Figure 5. Single-cell analysis reveals increase of tumor-intrinsic neur

rent GBM

(A) UMAP plot of single cells from matched primary and recurrent tumors (4 pa

populations (left panel) and primary or recurrent status (right panel).

(B) UMAP plot of single cells colored according to the median of the copy num

predicted by inferCNV as hallmarks of glioblastoma.

(C) UMAP plot of single cells colored according to themalignant and non-malignan

genes (right panel). OPC, oligodendrocyte progenitor cells.

(D) Bar plots showing the cell type composition in each tumor analyzed.

(E) Enrichment of non-malignant cell types between primary and recurrent GBM. A

index of the statistical significance and strength of the association.

(F) Tumor cell type distribution based on functional pathway (upper panel) and

standardized residuals above 2.5 as index of the statistical significance and stre

(G) Boxplots showing neuronal and proliferative-progenitor state enrichment score

colored according to the neuronal (blue) or proliferative-progenitor (cyan) state enr

1.53 interquartile range (Wilcoxon test).

(H) Two-dimensional plot of functional tumor cell state enrichment scores. Each qu

reflects the relative subtype-specific NES of each cell as indicated on the x and
the gain of neuronal transition-promoting genes, thus qualifying

them as drivers of recurrence with the potential to be included

as novel biomarkers for targeted therapy.

Genomics, proteomics, and phosphoproteomics all indepen-

dently captured significant upregulation of specialized neuronal

and synaptic signaling programs in recurrent GBM. The enrich-

ment of neuronal programs in a specific subtype of GBM and in

recurrent tumors has been recently highlighted by a novel GBM

classification that was guided by single-cell transcriptomic anal-

ysis and encapsulated biological activities as fundamental traits

for the classifier.32 Using the large longitudinal multi-omics

cohort of GBM originally presented in this study, we determined

that the most frequent functional subtype at recurrence was the

C2 subtype that closely resembled the previous neuronal cellular

states. Although the activation of a similar neuronal program has

been recapitulated at the T34 stage in GBM xenograft models

treatedwith TMZ,wealso observed a shift toward amoremesen-

chymal phenotype at the T41 time point, in agreement with previ-

ous studies indicating that gain of mesenchymal featuresmay be

associated with glioma progression, possibly steered by the tu-

mor’s microenvironment.13,14,60–62 However, the basis for the

MES shift in recurrent GBM is not completely understood.

The proteomics approach and longitudinal analysis allowed us

to trace mechanistically how evolving GBM executes the transi-

tion toward the neuronal state. Activation of neuronal programs

coincides with activation at multiple levels of the RAS-MAPK

pathway. Specifically, activation of neuronal attributes/functions

coincided with elevation and hyperphosphorylation of RAS,

BRAF, andMAPK proteins. Thus, we propose that in a large frac-

tion of GBM acquiring resistance to standard-of-care and tran-

siting toward the neuronal state, a pro-proliferation EGFR medi-

ated signaling is converted to ‘‘pro-neuronal transition’’ activities

via elevation of neurotrophic receptors (NTRK2/3) and the RAS-

BRAF-MAPK pathway. We experimentally showed that the

BRAF kinase is required to maintain axon projection and tumor

cell migration in GBM cells as inhibition of BRAF led to the

collapse of both attributes specifically in cells from recurrent tu-

mors. The BRAF-MAPK signaling cascade operates in parallel

with the non-canonical WNT pathway, which is similarly medi-

ated by an increase in protein and phosphorylation of two main

regulators, DAAM1 and DAAM2 that promote cytoskeletal rear-

rangement via RHOA promoting axonal outgrowth and cellular
onal state and neurons and oligodendrocytes in the TME of recur-

tients, 8 tumors), colored according to malignant or non-malignant cell sub-

ber of genes in chromosome 7 (left panel) and chromosome 10 (right panel)

t cell types (left panel) and averaged gene expression of correspondingmarker

sterisks indicate chi-squared test derived standardized residuals above 2.5 as

glioma cell state (lower panel). Asterisks indicate chi-squared test derived

ngth of the association. AC, Astrocyte.

s (NES) in each individual tumor cell from primary and recurrent GBM. Cells are

ichment score. Boxplots span from the first to third quartiles andwhiskers show

adrant corresponds to one GBM subtype, and the position of dots (tumor cells)

y axes; cells are colored according to primary and recurrent status.
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Figure 6. Functional validation of enhanced synaptic activity in recurrent GBM

(A) Co-culture of paired patient-derived GBM cells (primary and recurrent) and mouse cortical neuron cells. Expression of MAP2, synapsin-1 in paired GBM cells

was measured by immunoblot analysis. The number of presynapses was analyzed. Data are represented as mean ± SD from triplicate wells. Statistical sig-

nificance was assessed using Student’s t test.Scale bars: 20 mm.

(B) Immunofluorescence stains with MAP2 (red), synapsin-1 (green), and human-specific nuclei (white) antibodies in the co-culture condition of (A). The neurite

length of GBM cells and the number of the synapse was analyzed by counting colocalized punta of synapsin-1 and MAP2. Data are represented as mean ± SD

from triplicate wells. Statistical significance was assessed using Student’s t test. Scale bars: 20 mm.

(C andD) Representative images (C) and quantification (D) of immunostaining withDAAM1 (red) and SOX2 (green) antibodies in patient GBM tissue specimens. The

ratio of DAAM1+ cells among SOX2+ cells is shown in primary-recurrent paired GBM tissues whole sections from 4 patients. Scale bars: 40 mm.

See also Figure S6.
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motility.63–66 Indeed, the DAAM1 protein is up-regulated at

recurrence in the GBM neuronal subtype and could be used as

a marker for patient classification.

The link between axonal extension by neuronal tumor cells, the

establishment of synaptic connectivity, and enhanced invasive-

ness are in line with recent reports showing that the acquisition of
370 Cancer Cell 42, 358–377, March 11, 2024
specialized neuronal functions is associated with the ability of

GBM cells to invade the normal brain.7,32,67 We experimentally

demonstrated that increased neurite length and activation of

synapse formation are both specific hallmarks of recurrent GBM.

The identification of increased phosphorylation and protein

level of the BRAF kinase underscores MAPK signaling as the



(legend on next page)
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main driver pathway of the non-neuronal to neuronal subtype

switch during GBM evolution. It is a long-standing knowledge

that BRAF kinase plays a crucial role in neuronal differentia-

tion.68,69 BRAF controls pre-natal and postnatal neuronal

morphogenesis and axon regeneration in injured mature CNS

via the classical cell autonomous RAF-MEK signaling,68–70 but

also regulates synaptic transmission via the same MEK–ERK

pathway.71 Moreover, mutation or dysregulation of BRAF

signaling impacts neuronal development and is associated

with various neurodevelopmental disorders.71,72 We speculate

that the physiological functions of BRAF are hijacked by glioma

cells promoting axon growth and synaptogenesis, therefore

driving glioma invasion and connectivity with normal brain cells

and affecting patient outcome.73,74 Our results support the

notion that BRAF blockade may reverse these changes, thus

introducing BRAF inhibitors as a potential therapeutic option

for recurrent GBM. Phase 2 studies and VE-BASKET trials sug-

gested that the use of the second generation of selective

BRAF inhibitors vemurafenib and dabrafenib, targeting the

downstream MAPK signaling pathway, may be effective for the

treatment of GBM aswell as other cancer types.75 The proteoge-

nomic characterization, at multi-omics levels, of longitudinal

GBM presented here has allowed us to address biological ques-

tions on this lethal disease that remained unexplored. The bio-

logical mechanisms underlying the subtype transition from

non-neuronal at diagnosis to the neuronal subtype at recurrence

have been uncovered through the exceptional profiling of multi-

omics data of a large number of matched GBM pairs. The iden-

tification of DAAM1 as a potential biomarker of GBM evolution

and BRAF as a therapeutically actionable target offers unex-

pected opportunities to manage recurrence in GBM patients.
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Antibodies

GAPDH(14C10) Cell signaling Cat# 2118S; RRID: AB_561053

P38 MAPK Cell signaling Cat# 9212; RRID: AB_330713

MAP2 R&D systems Cat# MAB8304;RRID: AB_2814693

MAP2 Synaptic Systems Cat# 188 004; RRID: AB_2138181

Synapsin-1 Synaptic Systems Cat# 106 011; RRID: AB_2619772

HuNu Sigma-aldrich Cat# MAB1281; RRID: AB_94090

DAAM1 proteintech Cat# 14876-1-AP; RRID: AB_2089444

Phospho-p44/42 MAP

kinase(Thr202/Tyr204)

Cell signaling Cat# 4370; RRID: AB_2315112

SOX2 R&D systems Cat# AF2018; RRID: AB_355110

KPL Affinity purified antibody Peroxidase

labeled Goat anti-Mouse IgG

Seracare Cat# 5450–0011; RRID: AB_2687537

Alexa Fluor 488 conjugated

secondary antibody

Thermo-Fisher Scientific Cat# A21206; RRID: AB_2535792

Alexa Fluor 568-conjugated

secondary antibody

Thermo-Fisher Scientific Cat# A10037; RRID: AB_2534013

Alexa Fluor 647-conjugated

secondary antibody

Thermo-Fisher Scientific Cat# A21447; RRID: AB_2535864

Biological samples

Human GBM tumor tissue samples

and blood samples

National Cancer Center, Seoul National

University College of Medicine,

Samsung Medical Center,

Chonnam National University Hwasun

Hospital, Hôpital de la Pitié-Salpêtrière

See Table S1 for details

Mouse tumors and samples

for the PDX

National Cancer Center

Chemicals, peptides, and recombinant proteins

Quant-IT RiboGreen Invitrogen R11490

Dithiothreitol Thermo Scientific R0861

Iodoacetamide Sigma-Aldrich I6125

Phosphoric acid Sigma-Aldrich 695017

Trypsin/Lys-C Mix, Mass Spec Grage Promega V5072

UltraPure 0.5M EDTA, pH8.0 Invitrogen 15575020

Iron (III) chloride Sigma Aldrich 451649

Ammonium hydroxide solution Fluka 17837

Sodium phosphate monobasic Sigma-Aldrich S0751

Sodium phosphate dibasic Sigma-Aldrich S9763

Complete Protease Inhibitor Cocktail Roche 11697498001

PhosSTOP Roche 4906845001

Ni-NTA agarose beads Qiagen 36113

50% Hydroxylamine Thermo Scientific 90115

Phosphatase Inhibitor Cocktail (100x) Gendepot P3200-001

Protease inhibitor cocktail Roche 11836153001

Sodium Dodecyl sulfate Thermo Scientific J75819

Water, with 0.1% (v/v) Formic acid,

Optima� LC/MS grade

Fisher chemical LS118
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1M Triethylammonium

bicarbonate (TEAB)

Thermo Scientific 90114

10X Phosphate Buffered Saline Corning 46-013-CM

Phosphate-Buffered Saline Welgene LB-001-02

Methanol Honeywell AH230-4

Acetonitrile J.T Baker 9017–03

Water Millipore 1.15333.2500

2-Propanol J.T Baker 9095–03

Acetic acid Merk 1.00063

Formic acid Sigma-Aldrich 5.33002.0050

Trifluoroacetic acid Sigma Aldrich 302031

RIPA Buffer Biochemicals R3001

DMEM/F-12 Welgene LM002-04

B27 Invitrogen 17504–044

EGF R&D Systems 236-EG-01M

bFGF R&D Systems 4114-TC-01M

Papain Worthington LS003120

DNase Sigma D5026-376KU

Zoletil 50 Virbac

MEM Cellgro 10-010-CV

poly-d-lysine Sigma 27964-99-4

skim milk BD 232100

Neurobasal Medium Gibco 10888–022

Recombinant Human OMgp Protein, CF R&D system 1673-OM

Temozolomide (TMZ) Sigma T2577

Vemurafenib Medchemexpress 918504-65-1

Dabrafenib Medchemexpress HY-14660A

Alexa Fluor� 568 Phalloidin invitrogen A12380

GlutaMAX Gibco 35050061

DAPI Sigma D9542

IHC-Tek Antibody Diluent pH7.4 IHCWORLD IW-1000

Critical commercial assays

MagNA Pure 24 Total NA Isolation kit Roche 07658036001

Maxwell� 16 Blood DNA Purification Kit Promega AS1010

TapeStation RNA screen tape Agilent 5067–5576

SuperScript II reverse transcriptase Invitrogen 18064014

TruSeq Stranded mRNA Sample Prep Kit Illumina RS-122-2101

TMT10plex Isobaric Label Reagent

Set plus TMT11-131C

Thermo Scientific A37725

Deposited data

WES and Bulk-RNA seq data

for GBM samples

This paper SRA: PRJNA1051047

(https://www.ncbi.nlm.nih.gov/sra)

Proteome and Phosphoproteome

data for GBM evolution

This paper PDC: PDC000514, PDC000515

(https://proteomic.datacommons.

cancer.gov/pdc)

Experimental models: Organisms/strains

Balb/c-nu orientbio 01142040

CrlOri: CD1(ICR)_TP orientbio

ICR_TP15 DBL
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Software and algorithms

RSEM (v1.55.0) Li et al.76 https://github.com/deweylab/RSEM

HISAT (v2.0.522) Pertea et al.77 https://github.com/DaehwanKimLab/hisat2

ComBat (v3.20.0) Johnson et al.78 https://bioconductor.org/packages/SVA

DreamAI DreamAI https://github.com/WangLab-MSSM/DreamAI

ssGSEA (v1.48.3) H€anzelmann et al.79 https://bioconductor.org/packages/GSVA

BWA (v0.7.17) Li et al.80 https://github.com/lh3/bwa

Samtools (v1.18) Li et al.81 http://www.htslib.org

GATK (v4.2.4.0) DePristo et al.82 https://gatk.broadinstitute.org

Picard Picard https://broadinstitute.github.io/picard

ngCGH ngCGH https://github.com/seandavi/ngCGH

VEP (v106) McLaren et al.83 https://asia.ensembl.org/info/docs/tools/vep

VarScan2 (v2.4.0) Koboldt et al.84 https://varscan.sourceforge.net/

Freebayes Garrison et al.85 https://github.com/freebayes/freebayes

Strelka Saunders et al.86 https://github.com/Illumina/strelka

VarDict Lai et al.87 https://github.com/AstraZeneca-NGS/VarDict

MutationTaster2 Schwarz et al.88 https://www.mutationtaster.org/

PolyPhen2 Adzhubei et al.89 http://genetics.bwh.harvard.edu/pph2/

Provean (v1.1.3) Choi et al.90 http://provean.jcvi.org/index.php

SIFT Sim et al.91 https://sift.bii.a-star.edu.sg/

inferCNV (v1.1.0) inferCNV https://github.com/broadinstitute/infercnv

MSFragger (v3.4) Kong et al.92 https://github.com/Nesvilab/MSFragger/

Philosopher (v4.1.0) da Veiga Leprevost et al.93 https://github.com/nesvilab/philosopher/

R 4.2.2 R Core Team https://www.R-project.org/

ll
Article
RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Jong

Bae Park (jbp@ncc.re.kr).

Material availability
All material generated in this study is available from the lead contact upon request with appropriate material transfer agreements.

Data and code availability
Data generated for this study are available through the Sequence Read Archive (SRA: PRJNA1051047) and Proteomic Data Com-

moms (PDC: PDC000514, PDC000515). The source codes used for all customized computational analyses we performed in this

manuscript are available at GitHub at https://github.com/ablancsong/Longitudinal_GBM, https://github.com/lucgar/MAKINA and

https://github.com/lucgar/GBMstates.

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

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Clinical specimens of glioblastoma
Tumor and blood samples from 123 qualified cases were collected from 5 tissue source sites in strict accordance with the CPTAC-3

protocol with informed consent from the patients. No adjacent tissue was collected as part of this study. This study contained both

males (n = 79) and females (n = 44) from 2 different countries. Histopathologically defined adult glioblastoma tumors were only

considered for analysis, with an age range of 1–84. Clinical data were obtained from the tissue source sites and reviewed for correct-

ness and completeness of data.
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EXPERIMENTAL ANIMAL ETHICS STATEMENT

The mice used in this study were female BALB/c nude mice and ICR mice (for primary Mouse cortical neuron culture). All mice were

handled and treated according to the animal care and handling protocols approved by the Institutional Animal Care and Use Com-

mittee of the National Cancer Center or Seoul National University.

METHOD DETAILS

Genomic and transcriptomic analysis
Cryopulverization of tissue samples

Frozen tissue samples were weighed and washed with cold Phosphate-Buffered Saline (PBS) to remove blood contamination, put

into tissueTUBE (Covaris, Woburn, MA), snap-frozen in liquid nitrogen, and pulverized using cryoPREP Tissue Disruption system

(CP02, Covaris). The pulverized tissue powder was aliquoted from 10 to 20 mg for DNA, RNA, and protein extraction.

Genomic DNA and total RNA extraction and quality check

Genomic DNAwas extracted from cryopulverized tissue powders using aMagNA Pure 24 Total NA Isolation kit with aMagNAPure 24

automated instrument (Roche, Switzerland). Genomic DNA was extracted from the buffy coat using Maxwell 16 Blood DNA Purifi-

cation Kit with Maxwell 16 automated instrument (Promega, USA). Purified gDNA was analyzed for concentration and purity with

Nanodrop 8000 (Thermofisher, USA). The integrity of gDNA was analyzed with 1% gel electrophoresis. DNA quantitation was

analyzed using Qubit dsDNA BR Assay Kit Thermofisher). Total RNA was extracted from pulverized tissue powders using RNeasy

Mini Kit with a QIAcube automated instrument (Qiagen, Germany). Purified RNA was analyzed concentration and purity with Nano-

drop 8000 (Thermofisher). For RNA quality analysis, RNA was analyzed using RNA Nano 6000 Kit with BioAnalyzer 2100 (Agi-

lent, USA).

Whole-exome sequencing

WES of paired-end reads were generated using Illumina NovaSeq for genome sequencing. Genomic DNAwas fragmentation using a

Covaris LE220 instrument (Covaris), and the library kit used Twist Human Core Exome (Twist Bioscience, South San Francisco, USA).

Whole-transcriptome resequencing

Total RNA concentration was calculated by Quant-IT RiboGreen. To assess the integrity of the total RNA, samples are run on the

TapeStation RNA screen tape. Only high-quality RNA preparations, with RIN greater than 7.0, were used for RNA library construction.

A library was independently prepared with 1 ug of total RNA for each sample by Illumina TruSeq Stranded mRNA Sample Prep Kit.

The first step in the workflow involves purifying the poly-A-containing mRNA molecules using poly-T-attached magnetic beads.

Following purification, the mRNA is fragmented into small pieces using divalent cations under elevated temperatures. The cleaved

RNA fragments are copied into first-strand cDNA using SuperScript II reverse transcriptase and random primers. This is followed by

second-strand cDNA synthesis using DNA Polymerase I, RNase H, and dUTP. These cDNA fragments then go through an end repair

process, the addition of a single ‘A’ base, and then ligation of the adapters. The products are then purified and enriched with PCR to

create the final cDNA library. The libraries were quantified using KAPA Library Quantification kits for Illumina Sequencing platforms

according to the qPCR Quantification Protocol Guide (KAPA BIOSYSTEMS, #KK4854) and qualified using the TapeStation D1000

Screen Tape (Agilent Technologies, # 5067–5582). Indexed libraries were then submitted to an Illumina NovaSeq (Illumina, Inc.,

San Diego, CA, USA), and the paired-end (2 3 100 bp) sequencing was performed by Macrogen Incorporated.

Data preprocessing
Mutation analysis

The paired-end sequenced reads from the FASTQ files were aligned on the human genome reference (hg19) and aligned using

Burrows–Wheeler Aligner.94 SAMtools,81 Picard (https://broadinstitute.github.io/picard/), Genome Analysis Toolkit (GATK),82 and

dbSNP95 were used BAM files were preprocessed for handling, sorting, removing duplicate reads, and realigning reads around po-

tential small indels, respectively. Single nucleotide variants (SNVs) were generated by VarScan2,84 Freebayes,85 Strelka,86 VarDict,87

MuTect,96 and SomaticIndelDetector97 were used to predict the confidence for somatic mutations from tumor and matched normal

pairs. Variant Effect Predictor98 was used to annotate somatic mutations with potential functional effects and other significant infor-

mation.83 The functional effect of missense SNVs and in-frame indels was determined using multiple prediction algorithms.

MutationTaster2,88 PolyPhen2,89 Provean,90 and SIFT91 were applied to predict the pathogenicity of missense SNVs.99 A total of

122 longitudinal pair samples were analyzed.

Copy number alteration analysis

Copy number alterations were generated and calculated by ngCGH (https://github.com/seandavi/ngCGH) python package aCGH-

like data using theWES data. Tumors andmatched normal bloodwere used to generate a curated amplification/deletion profile of the

corresponding gene-based read counts. Copy-number thresholds for CN variations (CNV) calls were assessed using GISTIC scores

(�2 homozygous deletion,�1 heterozygous deletion, 0 no change, 1 gain, 2 amplification). Non-protein-coding genes were removed

from the analysis. To select CNV calls that impact gene expression in cis, fCNV analysis was performed as described.32 A total of 122

longitudinal pair samples were analyzed.
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Gene expression analysis

RNA sequencing data were aligned and processed by in-house custom pipelines. Data processing and analysis were performed us-

ing the R/Bioconductor libraries. Normalized gene expression values were calculated using TPM.76 A total of 86 longitudinal pair

samples were analyzed.

Genetic alteration frequency analysis in driver genes during evolution

The association of fCNVs in driver genes with primary and recurrent tumor subgroups was determined by comparing the number of

samples harboring a specific CNV in each group using the two-tailed Fisher’s exact test. Only genes with fCNV calls in at least five

pairs (either primary or recurrent or both specimens) in the dataset were examined. We selected CNVs that scored as statistically

significant according to p < 0.10. A total of 122 longitudinal pair samples were analyzed.

Single-nuclei data processing

Gene expression was derived as counts-per-million (CPM). We divided the CPM values by 10 as the size of single-cell libraries is

estimated to be in the order of 100,000 transcripts. Low-quality cells were filtered out based on the low number of detected genes

(n = 1000) or high expression of mitochondrially encoded genes (a proxy for dying cells; cut-off = 1%). Gene expression was log2-

transformed and lowly expressed genes were filtered out.

Cells were clustered using graph-based clustering (Louvain’s algorithm) of a 2-dimensional UMAP space. Malignant and non-ma-

lignant cells were distinguished by inferring the copy number of chromosome 7 and chromosome 10 (hallmarks of glioblastoma) from

gene expression using inferCNV tool.51Myeloid, T cells, OPC, oligodendrocytes, neurons, astrocytes, endothelial, and pericytes cells

were characterized based on the expression of known marker genes.

Malignant cells were assigned to either pathway-based or previously described transcriptomic states based on the highest signif-

icant score using single sample MWW-GST100 (ssMWW-GST) and the subtype-specific gene signatures reported in original publi-

cations.32,52 The simplicity score for each cell was derived by computing the difference between the NES of the assigned state

and any other state as indicated in the axis labels in Figure 5H. For example, the upper right quadrant is composed of NEU cells

with x axis values computed as NES NEU - NES PPR and y axis values as NES NEU – NES GPM. Association between normal

cell types or tumor cell states and primary and recurrent status was assessed by chi-squared test.

Proteomic and phosphoproteomic analysis
Protein extraction and tryptic Digestion

For TMT11-plex proteomic and phosphoproteomic experiments, cryopulverized tissue powder samples were solubilized in SDS sol-

ubilization buffer (5% SDS, 50 mM TEAB pH 8.5) using S220 Focused-ultrasonicator (Covaris). Proteins were tryptic digested using

S-Trap spin columns (Protifi, Huntington, NY) with the manufacturer’s instructions. The samples were reduced by DTT and alkylated

by iodoacetamide (IAA). After quenching the alkylation reaction, additional SDS and phosphoric acid were added so that the final

concentration was 5% SDS and 1.2% phosphoric acid. Acidified samples were mixed with 90%methanol in 100 mM TEAB, loaded

into the S-Trap micro columns, and incubated with mass spec grade trypsin/LysC (Promega) for 3 h at 47�C. Eluted peptides were

evaporated using a vacuum concentrator and cleaned up using C18 spin columns (Thermofisher).

TMT 11-plex labeling

Desalted peptide samples were reconstituted in 100 mM TEAB, and labeled using TMT11plex reagents. Each prepared TMT reagent

was transferred to the peptide sample, the mixture was incubated for 1 h, quenched by the addition of 8 mL of 5% hydroxylamine,

and incubated for 15 min at room temperature. Differently labeled 11plex peptides were pooled and dried using a vacuum

concentrator.

Peptide fractionation by Mid-pH reverse phase liquid chromatography
The pooled 11plex TMT-labeled sample was separated using the Agilent 1260 Infinity HPLC system (Agilent, Palo Alto, CA).101 Sol-

vents A and B were 10 mM triethylammonium bicarbonate (TEAB) in water (pH 7.5) and, 10 mM TEAB in 90% acetonitrile (ACN, pH

7.5) respectively. The pooled sample was fractionated by Xbridge C18 analytical column (4.6 mm 3 250 mm, 130 Å, 5 mm) with a

gradient from 0% solvent B for 15 min, 0 to 5% solvent B for 10 min, 5 to 35% solvent B for 60 min, from 35 to 70% solvent B for

15 min, 70% solvent B for 10 min, 70 to 0% solvent B for 10 min at a flow rate of 500 mL/min. A total of 96 fractions were collected

everyminute from 15 to 110min andwere pooled into 24 non-continuous peptide fractionswith a stepwise concentration strategy.102

Following desalting with C18 desalting columns (Thermofisher), 5% of each fraction was aliquoted and dried by Speed-vac concen-

trator for global proteome analysis. The remaining 95% concatenated fractions were further combined into 12 fractions, and dried

using a vacuum concentrator for phosphopeptide enrichment.

Phosphopeptide enrichment

Phosphopeptide enrichment was performed using Fe-NTA immobilized metal affinity chromatography method.101 Briefly, Ni-NTA

magnetic agarose beads (Qiagen, Valencia, CA) were washed with deionized water and treated with 100 mM EDTA, pH 8.0 for

30 min with end-over-end rotation. The EDTA solution was removed, and the beads were washed with deionized water and treated

with 10mMaqueous FeCl3metal ion solution for 30min with end-over-end rotation. After the removal of excessmetal ions, the beads

were washed with deionized water, resuspended in 1:1:1 acetonitrile/methanol/0.01% acetic acid solution, and aliquoted into micro-

centrifuge tubes. Fractionated peptide samples were resuspended in resuspension buffer (80% acetonitrile, 0.1% TFA). After

washing the aliquoted Fe3+-NTA beads with resuspension buffer, the resuspended peptide sample was added and treated with

end-over-end rotation for 30 min. The supernatant was collected and dried for future reference, the beads were washed with
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resuspension buffer and the remaining solution was discarded. The enriched phosphopeptide was eluted with 1:1:1 acetonitrile/

2.5% Ammonia water/2 mM phosphate buffer, acidified with 10% TFA solution, and dried using a vacuum concentrator.

LC-MS/MS analysis

TMT-labeled peptides prepared for global proteome and phosphoproteome analysis were resuspendedwith 0.1% formic acid in wa-

ter, separated, and analyzed using a Thermo Scientific Ultimate 3000 RSLCnano system (Thermo Scientific) coupled to a Q Exactive

HF-X hybrid quadrupole-orbitrap mass spectrometer (Thermo Scientific). Solvents A and B were 0.1% FA in water and 0.1% FA in

acetonitrile, respectively. The peptides were loaded onto the trap column (Acclaum PepMap 100, 75 mm 3 2 cm), separated by the

analytical column (EASY-Spray column, 75 mm3 50 cm, Thermofisher) with a gradient from 5 to 24%solvent B for 150min, 24 to 36%

solvent B for 30 min (for global proteome); 5 to 24% solvent B for 170min, 24 to 36% solvent B for 10 min (for phosphoproteome) at a

flow rate 300 nL/min. The Q Exactive HF-X Orbitrap mass analyzer was operated in a top 10 data-dependent method. Full MS scans

were acquired over the rangem/z 350–2000 with a mass resolution of 120,000 (at m/z 200). The AGC target value was 3.00E+06. The

ten most intense peaks with charge state 2–6 were fragmented in the higher-energy collisional dissociation collision cell with a

normalized collision energy of 32 and tandem mass spectra were acquired in the Orbitrap mass analyzer with a mass resolution

of 45,000 at m/z 200.

Mass spectrometry data analysis
Database search and processing

Raw mass spectrometry files were converted to open mzML format using the msconvert utility of the ProteoWizard software suite.

The mzML spectral data were mapped to the human UniProt database (UP000005640.fasta.gz). FragPipe (ver.17.0), including

MSFragger, Philosopher and TMT-integrator program.92 All identified proteins had an FDR of%1%,whichwas calculated at the pep-

tide level. For the global proteome, the search parameters allowed for tryptic specificity of up to two missed cleavages, with carba-

midomethyl-modifications of cysteine as a fixed modification and oxidation of methionine as a dynamic modification. The mass

search parameters for �1, 0, +1, +2, and +3 ions included mass error tolerances of 20 ppm for precursor ions. For the phosphopro-

teome, the search parameters allowed for tryptic specificity of up to two missed cleavages, with modified serine, tyrosine, and thre-

onine as variable modifications. The protein expression was quantified with the isobaric TMT 11 option and normalized to the relative

expression ratio against the global reference pool of each TMT 11 set. Batch corrections were applied to global proteome and phos-

phoproteome abundance data to remove the technical differences between different TMT runs before performing advanced analysis.

To remove batch effects, ComBat, an R library with tumor/normal status adjustment, was applied.78 To impute missing values, the

DreamAI package was used to perform an imputation of the proteins and phosphopeptides with a missing rate of less than 50%. The

resulting global proteome numbering 10,533 and phosphoproteome numbering 13,328were used for downstream analysis. A total of

105 longitudinal pair samples were analyzed for global proteome and a total of 89 pair samples were analyzed for phosphor-

proteome.

Multi-omics clustering using unsupervised classification

We selected the following proteogenomic features for multi-omics clustering: RNA, global protein, phosphoprotein expression. All

data tables were then concatenated and all data with no missing values were used. We used unsupervised clustering of tumor sam-

ples and to identify proteogenomic features that show characteristic expression patterns for each cluster. The median absolute de-

viation is used for the measurement of variance corresponding to the absolute deviation from the median, and genes based on

MAD10were used for clustering.We selected k = 3 to confirm the specific difference between the clustering results and the biological

pathways of multi-omics. A total of 86 longitudinal pair samples with all available datasets were analyzed.

Co-expressed gene clustering

To analyze co-regulated global protein and phosphorylation clusters across temporal and treatment conditions in the NCC-772 PDX

model, we used Abu-Jamous and Kelly’s clust algorithm103 on the normalized and imputed global proteome and phosphoproteome

ratio data. This unsupervised clustering algorithm initializes multiple k-means clusters of genes with varying values of k and filters

significant seed clusters using M-N scatterplot selection104 and outlier removal. Clust was run with Z score normalization (parameter

-n 4) and tightness 0.25 (-t 0.25) to generate two clusters of sizes 839 and 540. The differentially expressed genes and biological path-

ways across these clusters were computed with GSEApy (https://github.com/zqfang/GSEApy) against the ‘‘KEGG_2021_Human’’

and ‘‘GO_Biological_Process_2021’’ databases.

Pearson Correlation Coefficient in EGFR-altered glioblastoma

We employed the Pearson correlation coefficients method to measure the relationships between proteins that are associated with

key regulators such as PI3K, AKT, PTEN, andmTOR,with the downstreampathways of RAS, RAF,MEK, and ERK. These correlations

were assessed based on the protein abundance of EGFR. A total of 36 longitudinal pair samples with shared EGFR alterations were

analyzed.

Proteomics-based functional classification of primary and recurrent glioblastoma

Classification of CPTAC-GBM tumors in functional subtypes has been recently reported with the identification of subtype-specific

protein signatures.33 The 50 highest-scoring proteins from these signatures were used to calculate the enrichment of each functional

GBM subtype (normalized enrichment score of subtype activity, NES) for each tumor using single-sample MWW-GST (ssMWW-

GST). Each tumor was assigned to a subtype only if NES was higher than 0.58 and the enrichment significance (FDR) < 0.05, other-

wise the tumor was classified as undefined. If a tumor has shown statistically significant enrichment of multiple subtypes, the subtype
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with the highest score has been assigned. Matched pairs where at least one between primary or recurrent specimens was classified

as undefined have been removed. A total of 105 longitudinal pair samples were analyzed.

Identification of functional subtypes-specific multi-omics features

To define the functional pathways enriched in each GBM subtype, we aggregated the MSigDB c5.bp, c5.mf, c5.cc, Hallmark and

KEGG collections of gene sets, retaining only pathways composed of at least 15 genes, resulting in 5,032 gene sets. Having classified

both primary and recurrent GBM tumors, we then generated the ranked lists of genes and proteins with differential expression/abun-

dance in eachGBM subtype compared to the others using the transcriptomic and proteomics data, respectively, and theMannWhit-

ney Wilcoxon (MWW) test. We defined as subtype-specific gene expression and protein abundance signatures the 150 highest

scoring genes/proteins in the ranked lists. These proteins/genes were used as input features of the pathway enrichment analysis

to define the biological functions significantly active in NEU recurrent when compared to primary tumors (Fisher’s exact test,

p < 0.05). The association of fCNVs with distinct GBM subtypes was determined by comparing the number of samples harboring

a specific CNV in each subtype with the other groups using the two-tailed Fisher’s exact test (for one subtype compared to all others

combined). Only genes with fCNV calls in at least three samples in the dataset were examined. We selected CNVs that scored as

statistically significant according to p < 0.10. Driver genes or genes included in specific biological pathways as representative of

each subtype were listed in the integrative heatmap. We applied BlackSheep’s differential extreme value analysis module to define

the list of outlier phosphorylated proteins in functional GBM subtypes (p < 0.05). To identify only sites whose phosphorylation is not

explained by protein abundance, global protein and phosphorylation abundance was compared between primary non-neuronal and

recurrent neuronal tumor subgroups usingWilcoxon test. Phosphorylation or protein changes were considered significantly different

if they had p < 0.01 and log2(FC) > 0.3.

Identification of subtype-specific master kinases

Using the entire cohort of primary-recurrent GBM, we reconstructed an unbiased interactome of kinases-substrates using SPHINKS,

a recently developed machine-learning method that uses a semi-supervised approach to integrate proteomics and phospho-prote-

omics data and infer active master kinases responsible of the phospho-program in each GBM subtype. The activity of each master

kinase in each sample has been derived as previously described.33 We selected master kinases that showed a significant difference

in activity in one subtype compared to the others using MWW test (effect size >0.3 and p < 0.01).

Cells and cell culture conditions

Human primary GBM cells were maintained in DMEM/F-12 50/50 supplemented with B27, EGF (10 ng/mL), bFGF (5 ng/mL). All cells

were repeatedly screened for mycoplasma.

Primary culture of cortical neurons

Primary cortical neurons dissected from E15 mice as previously reported105 with minor modifications. Cerebral cortices of E15 mice

were dissected out and digested papain diluted in HBSS containing DNase for 40 min at 37�C. Enzyme-digested cortices were

washed three times with MEM and dissociated in MEM. The dissociated neurons were centrifuged to remove the supernatant

and cells were resuspended with a suitable volume of prewarmed Neurobasal Medium supplemented with GlutaMAX and B27

and the neurons were plated on poly-L-lysine-coated plastic dishes. Then the cells were cultured for 10 days. Half-media changes

were performed at DIV 3, 7, and 10 with the respective media types.

Cell spreading assay

Plates (96 wells) were coated with poly-d-lysine followed by OMgp (25 ng). GBM cells (13104) were seeded on each 96-well plate.

After 18 h immunofluorescence staining of phalloidin was performed essentially as described.106 For the counting of normally spread

cells, images were taken from triplicate wells independently (Zeiss) and the length of the cell exceeding 20 mm were considered as

normally spread cells.

Cell migration assay on OMgp coated plate

Plates (96 wells) were coated with nitrocellulose membrane, poly-d-lysine or OMgp (25 mg/mL). After OMgp coating, those well were

coated with fibronectin. Then, primary GBM cells (1x104) were seeded on OMgp + fibronectin coated well and applied real time im-

aging for 24 h with or without vemurafenib or dabrafenib in every 15 min.

Western blot

Proteins were extracted with RIPA buffer with complete protease inhibitors, separated by electrophoresis, transferred to PVDFmem-

branes (Millipore), and blocked with 5% skim milk. Primary antibodies against phospho-p44/42 MAPK (1:1000, 42–44 kDa), p38

MAPK (1:1000, 40 kDa), and GAPDH (1:1000, 37 kDa) were incubated overnight at 4�C. Immunoreactive bands were visualized using

peroxidase-labelled affinity purified secondary antibodies and the detection reagent Amersham ECL prime western blotting detec-

tion reagent (GE Healthcare). In everyWestern blot panel, more than three independent experiments were performed, and one repre-

sentative immunoblot was shown.

In vivo study

We anesthetized mice using Zoletil 50 to perform brain orthotopic injection. For the orthotopic mouse model, cells were first sus-

pended in DMEM and DMEM/F-12 supplemented with B27, EGF (10 ng/mL) and bFGF (5 ng/mL), and then transplanted into the

left striatum of 5-week-old female BALB/c nude mice by stereotactic injection. The injection coordinates were 2.2 mm to the left

of the midline and 0.2 mm posterior to the bregma at a depth of 3.5 mm. The tumors were extracted, pooled for each experimental

group, and mechanically disaggregated using stainless steel operating scissors. The brain of each mouse was harvested and fixed

in 4% PFA for H&E and IHC staining and PBS for proteomics analysis. For therapeutic resistance model by TMZ treatment. TMZ
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(10 mg/kg) treatment for twice a week and vemurafenib (75 mg/kg) treatment for daily b.i.d was orally administered. Survival was

analyzed using GraphPad PRISM software (version 7; GraphPad PRISM, La Jolla, CA, USA).

Immunofluorescence staining

For observation of histological features, mice were anesthetized with isoflurane and killed by transcardial perfusion with 10 mL of

PBS, followed by 10 mL of 4% paraformaldehyde solution. Brains were removed, fixed with 4% paraformaldehyde for 24 h at

4�C. Antigen retrieval was performed by pressure cooking for 5 min in citrate buffer (pH 6.0). The tissue slides were immunostained

for the cancer stem cell markers, SOX2 (1:200) and HuNu (1:500), as MAP2 (1:500), synapsin-1 (1:200), and DAAM1 (1:100) by incu-

bating overnight at 4�C in a humidified chamber with primary antibody, diluted for the working concentration with antibody diluent

buffer (IHCWorld). Immunoreactive proteins were visualized with the appropriate Alexa Fluor 488- or Alexa Fluor 568- or Alexa Fluor

647-conjugated secondary antibody (1:500). Nuclei were stained with 40,6-diamidino-2-phenylindole (DAPI, 1:50000). Fluorescent

slides were scanned using the Vectra Polaris 3.0 (Akoya Biosciences, Marlborough, MA, USA) using 203magnification and auto-esti-

mated exposure times. Whole slide scan was imaged using 4 epi-fluorescent filters (DAPI, Opal 520, Opal 620, Opal 690). High res-

olution fluorescence images were obtained using an LSM 780 confocal laser-scanning microscope (Carl Zeiss).

Identification of multi-omics features in distinct time points after temozolomide treatment in Patient-Derived

Xenograft model of glioblastoma

Genes/proteins/phosphoproteins with fold-change, derived as difference between the expression of each time point and the average

expression of the others, above 0.58 have been defined as differential features. Those genes/proteins/phosphoproteins have been

used to perform enrichment analysis (Fisher’s exact test, p < 0.05).

QUANTIFICATION AND STATISTICAL ANALYSIS

All data were analyzed and processed using R statistical computing environment (version 4.2.2). Details of specific functions and

libraries are provided in the STAR methods sections. Significance was determined by Mann-Whitney U test (Wilcoxon rank-sum

test) and Fisher’s exact test, Student’s t test, Paired t-test, Chi-squared test, Pearson Correlation Coefficient. p values < 0.05 is

considered statistically significant. Survival comparisons were quantified using log rank Mantel-Cox test.
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