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Abstract

Glioblastoma (GBM) is the most aggressive and malignant type of primary brain tumor, with a median survival time of less
than two years and a uniformly poor prognosis, despite multimodal therapeutic approaches, which highlights an urgent need
for novel therapeutic targets. In this study, by integrative multi-omics analysis from CPTAC database, DepMap database
and seven independent GBM cohorts, four hub genes (CD44, SURF4, IGSF3 and RALGAPA1) were identified as essential
genes regulated by cancer driver genes with robust prognostic value. GBM multi-omics data from public and in-house cohorts
validated that CD44 and SURF4 might be synthetic lethal partners of loss-of-function tumor suppressor genes. Analysis for
immune-related pathway activity revealed complex regulation relationships of the four hub genes in tumor microenvironment
(TME). Further investigation on SURF4 in pathway activity, immune therapy response and drug sensitivity proposed that
SURF4 emerged as a promising therapeutic target for GBM, even for pan-cancer. Pan-cancer multi-omics exploration sug-
gested that RALGAPA1 may be a tumor suppressor gene. By screening the first-generation and second-generation DepMap
database, four genes (CCDC106, GAL3ST1, GDI2 and HSF1) might be considered as synthetic targets after mutation of
RALGAPAL as a tumor suppressor gene.
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Introduction

Glioblastoma (GBM) is one of the most lethal and recur-
rence-prone brain tumors [1], accounting for 49% of pri-
mary central nervous system (CNS) malignancies and 57%
of all gliomas. The median survival of GBM is less than
two years [2], while the first-line treatment is surgery fol-
lowed by a combination of radiotherapy and the alkylating
chemotherapeutic agent temozolomide (TMZ) [3]. How-
ever, the standard treatment currently in GBM fails to
achieve effective recovery, including unintended relapse,
worse progression and poor survival. Due to intratumoral
heterogeneity and therapeutic resistance, which contribute
to the poor outcomes of numerous clinical trials, GBM
remains non-curative to date and new therapeutic options
are urgently required [4]. Advances in molecular targeted
therapy and immunotherapy have led to more possibili-
ties of cancer treatment while the vast majority of GBM
clinical research has focused on therapeutic targeting of
receptor tyrosine kinase (RTK) signaling pathways, other
avenues for targeted therapy include epigenetics, metabo-
lism and immune-targeted therapies, which have received
less attention [5]. The limitations of existing targets such
as drug resistance, low coverage, inability to eradicate
cancer stem cells, the presence of the blood—brain barrier
(BBB) and challenges in clinical practice such as transient
efficacy, toxicity and lack of markers together constitute
the “ceiling” of GBM treatment [6]. The exploration of
new targets is not only to fill the existing gaps, but also to
advance the treatment from “prolonging survival for sev-
eral months” to “long-term control or even cure” through
multi-mechanism collaboration, technological innovation
and precision stratification. Therefore, the identification
of predicting response to immunotherapy and screening
for potentially intervenable targets is highly warranted.

The effect of specific genomic alterations on down-
stream pathway signaling is nonlinear and not always pre-
dictably consistent with genotype. Rapid advancement of
next-generation sequencing has led to a bright insight into
cancer research. Integrating and analyzing multi-omics
data help to evaluate the flow of information from one
omics level to the other and bridge the gap from genotype
to phenotype. GBM was one of the earliest subjects of
deep genomic, transcriptomic, epigenomic and proteomic
analysis. These data possess the potential to discover ther-
apeutic and diagnostic target candidates and advance the
understanding of this lethal tumor. Apart from large-scale
projects such as The Cancer Genome Atlas (TCGA) [7]
and the Clinical Proteomic Tumor Analysis Consortium
(CPTAC) [8], few studies have integrated multi-omics data
to search for new therapeutic targets.
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The identification of pan-cancer or cancer-specific
dependency is a central goal of cancer research. CRISPR-
Cas9 screening is capable of offering similar targeted loss-
of-function outcomes in hundreds of cancer cell lines, which
has identified essential genes in heterogeneous cancer cell
models [9]. The combined efforts of the Sanger Institute and
the Broad Institute have led to the Cancer Dependency Map
(DepMap). The second-generation DepMap [10] announced
recently integrated previous approaches, targeting a total of
17,647 genes in cancer cell lines derived from 27 cancer
types, and included more cancer models, clinically relevant
genomic, transcriptional, metabolic and proteomic data,
providing new opportunities for screening novel targets for
GBM. DepMap serves as a powerful community resource
to accurately identify how essential one gene is across hun-
dreds of different cancer cell lines and cancer types with the
final goal of providing personalized treatments for patients
based on their molecular characteristics [11].

By integrating multi-omics data from 99 GBM patients
in CPTAC database, DepMap database with CRISPER-Cas9
screening on 67 GBM cell lines and prognostic meta-anal-
ysis on 890 GBM patients from 7 GBM cohorts, we identi-
fied four genes (CD44, IGSF3, RALGAPA1 and SURF4) as
essential genes regulated by cancer driver genes with robust
prognostic value. We then evaluated the four hub genes
from aspects of GBM multi-omics data in public and in-
house cohorts, immune-involved pathways and pan-cancer
multi-omics. Taken together, SURF4 and RALGAPA1 were
emerged as under-explored but promising therapeutic targets
for GBM, even for pan-cancer.

Materials and methods
Data acquisition and processing

All the public-available data were listed in Table S1. A
total of 890 GBM patients with RNA-seq data and complete
survival information in our discover cohort were collected
from 7 independent cohorts. These cohorts includes the
Cancer Genome Atlas Program (TCGA, https://portal.gdc.
cancer.gov), Chinese Glioma Genome Atlas (CGGA, http://
www.cgga.org.cn/index.jsp)(CGGA693 and CGGA325)
[12], Gene Expression Omnibus (GEO, https://www.ncbi.
nlm.nih.gov/geo/)(GSE121720 and GSE147352) [13], The
Glioma Longitudinal AnalySiS (GLASS, http://www.synap
se.org/glass) [14] and Clinical Proteomic Tumor Analysis
Consortium (CPTAC, https://pdc.cancer.gov/pdc/). RNA-seq
data of 1817 patients with diffuse glioma in our validation
cohort were obtained from TCGA, CGGA (CGGA693 and
CGGA325) and GLASS. Microarray data of 1151 patients
with diffuse glioma in our validation cohort from GEO
(Rembrandt and Gravendeel), ArrayExpress (https://www.
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ebi.ac.uk/biostudies/arrayexpress) (Kamoun), and CGGA
(CGGA301) and the Affymetrix® GPL8542 platform (Grav-
endeel cohort) were obtained from the GEO database.

The multi-Omics and clinical data for pan-cancer analyses
were obtained from LinkedOmicsKB (https://kb.linkedom-
ics.org), TCGA database and GTEx Portal (https://www.
gtexportal.org/home/). RNA-seq data and response to ICIs
of immunotherapy cohorts were accessed from GSE78220
[15] and PRJEB23709 [16], both of which focused on anti-
PD-1 treatment in melanoma.

The raw read count data from RNA-seq experiments
were converted into Transcripts Per Kilobase Million
(TPM), followed by log-2 and z-score transformation. This
transformation was performed to align the gene expression
measurements with those obtained from microarrays and
to improve the comparability between samples. Moreover,
the raw microarray data from GEO were processed using
the robust multiarray averaging (RMA) algorithm imple-
mented in the Affy package. The “ComBat” function from
the “sva” package was utilized to merge different datasets
into a meta cohort and adjust for batch impacts caused by
non-biological technical biases in each dataset using an
empirical Bayes framework [17]. Additionally, we calcu-
lated the risk score for each patient in the meta cohort using
the following formula.

Risk Score =
k

(Coef * x;)
1

n

Characterization of GBM subtypes via multi-omics
integration with MOVICS

In our research, we have identified the optimal number of
clusters using the “getClustNum” function from the MOV-
ICS package [18]. This function combines the Clustering
prediction index (CPI) with Gaps-statistics to determine the
most suitable quantity of subgroups within the data. The
“getMOIC” function from the MOVICS package was uti-
lized to perform clustering analysis. Nine distinct clustering
algorithms (CIMLR, ConsensusClustering, SNF, iCluster-
Bayes, PINSPlus, moCluster, NEMO, COCA and LRA)
were employed by specifying them within the “methodslist”
parameter. The default parameters provided by the MOVICS
package were used for this analysis. Subsequently, we gener-
ated clustering outcomes for each individual method. Fol-
lowing the computation of clustering results using the nine
methods, we employed the “getConsensusMOIC” function
to integrate the outcomes derived from diverse algorithms.
This integration approach, based on the concept of consen-
sus clustering, aimed to enhance the stability and reliability
of the clustering results.

CRISPRi screening for essential genes in GBM cell
lines

The essential genes were identified through the second-
generation DepMap database (https://cellmodelpassports.
sanger.ac.uk/downloads). This database uses CRISPR-Cas9
technology to systematically knock out each gene in 930
cancer cell lines [10]. In this study, we obtained transcrip-
tomic and proteomic data from the database. We used a
strategy based on the fitness score of cell lines to identify
essential genes. Specifically, we first defined cell lines with a
fitness score of 1, which indicates that knockout of genes in
these cell lines has a substantial negative impact on cellular
survival and proliferation. We subsequently identified genes
with elevated expression in cell lines with a fitness score of
1 compared to those with a fitness score of 0. We postulate
that a gene whose expression is significantly upregulated in
cell lines with a fitness score of 1 and whose deletion signifi-
cantly impairs cell viability is essential for normal cellular
function and survival. Accordingly, we define these genes,
which exhibit both elevated expression levels and a fitness
score of 1, as essential genes. Genomic and transcriptomic
data from the first-generation DepMap database (https://dep-
map.org/portal/download/all/) were integrated to validate the
essentiality of these genes.

Meta-analysis for prognostic genes in glioma

We utilized the “meta” package [19] to conduct the meta-
analysis. In order to mitigate heterogeneity among cohorts,
we standardized gene expression by performing a log-2
transformation and converting it into z-scores across
patients. Through univariate Cox regression analysis, we
obtained the Benjamini-adjusted hazard ratio (HR) and
95% confidence interval (CI) for each gene within individual
cohorts, based on which we performed the meta-analysis.
The summary statistic HR and 95% CI were calculated using
the random-effect model, and significance was determined
by a p-value < 0.05.

Comprehensive analysis of immunogenomic
molecular characterization

The IOBR package [20] was used to assess the infiltra-
tion level of immune cells in the TME. Various algorithms
are used to quantify the level of immune cells, including
quanTIseq, MCP-counter, CIBERSORT, xCell and EPIC.
In addition, we used the Immune Cell Abundance Identi-
fier portal (ImmuneCellAl, http://bioinfo.life.hust.edu.cn/
ImmuCellAl#!/) [21] to estimate the frequencies of 18 T cell
subtypes and six other immune cell types within the TME
and used the Tracking Tumor Immunophenotype portal (TIP,
http://biocc.hrbmu.edu.cn/TIP/) [22] to analyze the activity
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of antitumor immune pathway of the Cancer-Immunity
Cycle. From previously published articles, we have identi-
fied key pathways related to immune regulation [23-28].
Pre-calculated T cell dysfunction scores and the correlation
between cytotoxic T lymphocyte levels and gene expression
were obtained from the Tumor Immune Dysfunction and
Exclusion portal (TIDE, http://tide.dfci.harvard.edu/) [29].

Exploration of drugability

A dataset of inhibitory concentration 50 (IC50) values for
746 small molecules tested across 1861 cancer cell lines,
along with their corresponding mRNA gene expression pro-
files, was compiled. The dataset of the GSCA online web-
site (http://bioinfo.life.hust.edu.cn/GSCA/#/drug) [30] was
sourced from two significant databases: the Genomics of
Drug Sensitivity in Cancer (GDSC) and the Genomics of
Therapeutics Response Portal (CTRP), providing IC50 data
for 265 and 481 small molecules in 860 and 1001 cell lines,
respectively. By merging the drug sensitivity and mRNA
expression data for each cell line, we conducted a com-
prehensive investigation into the correlation between gene
expression and drug sensitivity.

Transcriptome- and proteome-based inference
of pathway activity

At the transcriptomic level, we utilized the decoupleR pack-
age [31] to calculate the activity of 14 pathways, which uses
a gene set-based approach to infer pathway activity from
transcriptomic data. At the proteomic level, we obtained
50 pathway activity data from ProTrackPath (http://pancan.
cptac-data-view.org/) [32] and 10 pathway activity data from
The Cancer Proteome Atlas (TCPA, https://www.tcpaportal.
org/tcpa/) [33]. We calculated the single-sample gene set
enrichment analysis (ssSGSEA) scores to quantify the activity
of immune-related pathways at the protein level.

Single-cell transcriptome sequencing analysis

The expression profile of SURF4 at the single-cell level
was obtained from the Tumor Immune Single-cell Hub 2
(TISCH2, http://tisch.comp-genomics.org/) [34], a sScRNA-
seq database dedicated to investigating the TME. TISCH2
provides comprehensive cell-type annotations at the single-
cell level, allowing for the exploration of the TME across
various cancer types. Specifically, the expression of SURF4
in single-cell level of glioma samples was extracted from 12
datasets, including GSE102130, GSE131928, GSE135437,
GSE138794, GSE148842, GSE70630, GSE89567,
GSE163108, GSE131928, GSE139448, GSE162631 and
GSE84465.
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Identification of synthetic lethal partner

Due to the absence of RALGAPA1-mutated glioblastoma
cell lines in DepMap, we employed mRNA expression levels
as a surrogate marker for RALGAPA 1 mutation status, with
low-expression indicative of mutation and high expression
suggestive of normal function. Through the application of
Wilcoxon rank-sum tests to the first-generation DepMap
dataset, we identified 375 genes with significantly dimin-
ished chronos gene effect scores within the cell lines exhib-
iting low RALGAPA1 expression, thereby suggesting the
potential for synthetic lethality. Similarly, in the second-
generation DepMap dataset, Wilcoxon rank-sum test was
conducted on the fitness scores and identified 71 genes with
significantly more fitness scores of 1 in the low-expression
group than in the high-expression group, denoting them as
potential synthetic lethal partners for RALGAPAL.

Transcriptome sequencing

For RNA sequencing, we collected glioma tissues from the
Gusu in-house dataset, with tissue samples processed to
powder under liquid nitrogen, all under a protocol approved
by the Ethics Committee of the First Affiliated Hospital of
Soochow University. Total RNA was extracted using TRIzol
reagent and quality assessed using a NanoPhotometer and
the RNA Nano 6000 Assay System to ensure tissue integ-
rity for sequencing. Library construction was performed
using 1 pg of RNA per sample, including mRNA isola-
tion, cDNA synthesis, end repair, dA-tailing and adaptor
ligation. Indexed libraries were sequenced on an Illumina
HiSeq/Novaseq/MGI2000 platform using a 2x 150 PE con-
figuration, and gene expression levels were determined using
FPKM values.

Immunohistochemistry

From the Gusu in-house dataset, part of glioma samples ini-
tially utilized for RNA sequencing were selected for IHC
staining. These samples were prepared by fixation in 4%
paraformaldehyde (PFA) followed by paraffin embedding.
Sections were obtained from the paraffin blocks and stained
with hematoxylin, employing a reagent (cat. no. G1005; Ser-
vicebio). Immunohistochemistry staining of SURF4 (1:200;
cat. no. 11599-1-AP; Proteintech) and GARNL1 (1:200; cat.
no. 29847-1-AP; Proteintech) was executed following the
manufacturer’s protocols for the immunohistochemical assay
kit (cat. no. PK10006; Proteintech).

Statistical analysis

All data processing, statistical analysis and visualization
were conducted in R 4.3.2 software. Correlations between
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two continuous variables were assessed via Spearman’s
correlation coefficients. The Wilcoxon rank-sum test was
applied to compare continuous variables between different
groups. For the univariate cox regression and multivariate
cox regression, we utilized the coxph function from the
survival package [35]. The ssGSEA algorithm of GSVA
package [36] was used to characterize the activity of path-
ways within tumor cells by calculating the enrichment of
collected gene lists. All statistical tests were two-sided and
p value < 0.05 was regarded as statistically significant.
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genes with robust prognostic value. To achieve a more
accurate unification between transcriptome and proteome,
we performed correlation analysis between mRNA and
protein expressions in CPTAC database. CD44, IGSF3,
RALGAPA1 and SURF4 with high correlation (p <0.05)
were identified as potential targets for GBM treatment
(Fig. S1).

A gene was defined as exhibiting a strong cis effect if
it was mutated in a way that significantly influenced the
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downstream products it corresponded to, including RNA,
protein and phosphorylation. By associating genetic altera-
tions—mutations, copy number variations (CNVs), fusions
and structural variations (SVs) with transcriptome, proteome
and phosphoproteome (Fig. 2A), we obtained six genes
(TP53, RB1, PDGFRA, NF1, EGFR and ATRX) of strong
cis effects as cancer driver genes of GBM. Among them,
EGFR and PDGFRA showed significant increases in corre-
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in patients with alterations. Tumor suppressors RB1, NF1
and ATRX demonstrated satisfying concordances between
genetic alterations and decreased RNA, protein and phos-
phorylation levels of their respective gene products. We
independently identified six subtypes from nine multi-omics
ensemble clustering algorithms (Fig. 2B), and the cluster-
ing results were further combined through the consensus
ensemble approach with distinctive molecular patterns of
expression across genome, transcriptome and proteome
from CPTAC database (Fig. 2C). Mutations in PDGFRA
and EGFR were more frequent in cancer subtype 2 (CS2)
and CS6 and were accompanied by higher levels of RNA and
protein expression, while the other four CSs were the oppo-
site. Therefore, patients were divided into proto-oncogene
alteration hot (Onco-Hot) group and tumor suppressor gene
alteration hot (TS-Hot) group. Subsequently, differential
analysis between two groups identified 3976 differentially
expressed genes (DEGs) (Table S2) and 760 differentially
expressed proteins (DEPs) (Table S3). Among the nine hub
genes, the expression of CD44, NUAK?2, RHOA and SURF4
was significantly downregulated in Onco-Hot group, while
FGFBP3, IGSF3, RALGAPA1, SLC29A4 and ZNF680 were
upregulated in Onco-Hot group (Fig. 2D).

Essential genes that affected GBM cell survival
in the DepMap database

The consequences of alterations in the DNA of cancer cells
and subsequent vulnerabilities have not been fully under-
stood. The second-generation DepMap, known as Sanger
Project Score DepMap, aims to assign a dependency to every
cancer cell in a patient which could be exploited to develop
new therapies. Through CRISPR KO fitness score data,
where a score <0 indicated a statistically significant effect
on cell fitness, we obtained a total of 144 fitness genes at the
transcriptome level (Table S4) and 33 fitness genes at the
proteome level (Table S5) by differential analysis between
essential and nonessential groups (Fig. 3A). Among the nine
hub genes, knockdown in GBM cell lines with high mRNA
expression of CD44, FGFBP3, IGSF3, NUAK2, RAL-
GAPAL1, SLC29A4 and SURF4 and high protein expression
of ZNF680 and RHOA could significantly inhibit cancer cell
survival (Fig. 3B). The first-generation DepMap, known as
Broad DepMap database, is a cancer dependency dataset
composed of CRISPR-Cas9 loss-of-function screens per-
formed in 1086 cancer cell lines to identify coessential gene.
We further verified the four hub genes in the Broad DepMap
database at the genomic level and transcriptomic level. The
CNVs and mRNA expression of CD44 were negatively cor-
related with CRISPER effect in most cancers. For SURF4,
mRNA expression had a greater impact on A variety of can-
cer cell survival (Fig. 3C). Unexpectedly but surprisingly,
SURF4 played an essential role both in diffuse glioma (DG)

and GBM cell lines separately, even more significant than
CD44 (Fig. 3D).

Genes with robust prognostic value obtained
from the meta cohort

Batch-size removal of seven cohorts was performed using
log-transformed data (top half of Fig. 4A) and z-transformed
data (bottom half of Fig. 4A) methods, respectively, where
the latter was found to be superior, so we removed batch
effects based on z-transformed transcriptomic data and
clinical information before performing the prognostic meta-
analysis. A total of 890 GBM patients in seven independ-
ent cohorts were included (Table S1), and 4073 genes were
identified as genes with robust prognostic value (Table S6).
Among the nine hub genes, FGFBP3 and RALGAPA1
were identified as favorable prognostic factors while CD44,
IGSF3, NUCK2, RHOA, SLC29A4, SURF4 and ZNF680
were risk factors (Fig. 4B). We subsequently validated our
findings in four DG RNA-seq cohorts (Fig. 4C) and four
DG microarray cohorts (Fig. 4D), and most of the results
were consistent with prior findings. Detailed HRs for CD44,
IGSF3, RALGAPAL1 and SURF4 are displayed in Fig. 4E.

GBM multi-omics data from public and in-house
cohorts validated the four hub genes as promising
targets

We explored whether the four hub genes we identified
could be used as potential targets to treat GBM at the multi-
omics level. At the genomic level, in the TCGA cohort and
CPTAC database, the CNVs of SURF4 and IGSF3 in over
half patients were amplified, which may be related to their
upregulation in GBM and the high frequency of mutations
in RALGAPA1 and IGSF3 suggested their potential roles in
glioma driving (Fig. 5A). The findings of CNVs were also
supported by GLASS cohort (Fig. 5B). CD44 was widely
proven to be upregulated in GBM, but the result of CNV
suggested that its DNA fragment was deleted. CNV could
not necessarily explain the expression of mRNA and protein
levels, a limitation of single Omics. There were multiple
mechanisms that revealed the phenomenon behind it, includ-
ing compensatory upregulation, posttranscriptional regula-
tion, epigenetic changes, etc. At the transcriptomic level,
we calculated the risk score for individual patients, and by
associating mRNA expression of the four hub genes with
clinical characteristics including gender, age, IDH mutation,
1p/19q codeletion and MGMT methylation, IDH mutation
and 1p/19q co-codeletion were mainly distributed among
patients with lower risk score (Fig. 5C). CD44, SURF4 and
IGSF3 were unfavorable prognostic factors, while RAL-
GAPA1 was identified as a favorable prognostic factor
(Fig. 5D left panel). Risk score based on the four hub genes
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Fig. 3 Identification of potential targets for GBM in DepMap data-
base. A The numbers of fitness genes identified from transcriptomic
and proteomics data of 67 GBM cell lines in the Sanger Project Score
DepMap database. B Differential analysis between the expression of
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were more predictive than individual genes in multivariate
Cox regression (Fig. 5D right panel). In transcriptomic and
proteomic data of CPTAC database, the expression of CD44
and SURF4 was upregulated with NF1 and RB1 alteration,
thus we proposed that CD44 and SURF4 might be synthetic
lethal partners of loss-of-function tumor suppressor genes
(Fig. 5E). In our in-house cohort (Table S7), there was a ten-
dency for higher expression of SURF4 together with CD44
in Grade IV compared to Grade II/III, while RALGAPA1
exhibited a trend of lower expression in Grade IV than in
Grade II/III (Fig. 5SF). However, due to the limited sample
size in our cohort, significant results could not be observed.

Expression of the four hub genes correlates
with immune-involved pathways

The interaction between tumor cells and immune cells forms
a complex TME, which affects not only the proliferation
and migration of tumor cells, but also their response to
chemotherapy and radiotherapy. There was a strong posi-
tive association trend between SURF4 and immune modula-
tion in line with CD44, while the other two genes showed
negative trend (Fig. 6A). ICAM-1 as an Ig-like cell adhesion
molecule plays a role in inflammatory processes and in the
T cell-mediated host defense system. Similarly, CD44 is a
cell surface glycoprotein, which plays an important role in
cell adhesion, migration, signal transduction and other pro-
cesses, so their expressions were significantly synergistic.
Similarly, the expressions of CD44 and SURF4 were also
associated with high activity of immune hallmark pathway,
and the other two genes were conversely (Fig. 6B), which is
consistent with the trend observed in immune modulation
(Fig. 6A). Among the negative correlation of RALGAPAI,
the expression of RALGAPA1 was positively correlated
with IFNy pathway activity, so it is reasonable to speculate
that increased expression of RALGAPA1 promotes the pro-
liferation and differentiation of cells that can produce IFNYy.
Given the association of the four hub genes identified with
antitumor immunity, we next evaluated the infiltration lev-
els of various immune cells using abundant deconvolution
algorithms (Fig. 6C). Macrophage was enriched in patients
with high CD44 expression, and stromal cell was enriched
in patients with high SURF4 expression. IGSF3 and RAL-
GAPA1 were positively correlated with the level of den-
dritic cell infiltration. By tracking tumor immunophenotype,
we explored which step in antitumor immunity was more
closely related to four genes (Fig. 6D). Among antitumor
immune seven step activity, the relationship between the
expression of SURF4 and RALGAPA1 with cancer-immu-
nity cycle showed heterogeneity among individual cohorts.
Eosinophil recruiting was thought to be positively associated
with the expression of CD44 across individual cohorts and
Step3 priming and activation was thought to be positively

associated with the expression of IGSF3 across individual
cohorts. In conclusion, our study revealed complex regula-
tion relationships of the four hub genes in TME, especially
the widely demonstrated CD44 and the under-characterized
SURFA4.

Assisted validation of the four hub genes
from pan-cancer multi-omics

We further evaluated the four hub genes as potential targets
at the pan-cancer and multi-omics level. At the genomic
level, the waterfall plot presented 496 samples that at least
had one single nucleotide variant (SNV) (Fig. 7A). RAL-
GAPA1 showed SNVs in 50% of all patients, while SURF4
only showed SNVs in 9% of all patients, which was con-
sistent with the results in GBM, and variations in all four
genes were dominated by Missense mutations. A genome
that was not significantly altered indicated that SURF4 prob-
ably was not involved in driving tumor and may be in the
downstream of tumor development and progression. UCEC,
SKCM, COAD, STAD and LUAD showed the highest del-
eterious mutation frequencies among 29 cancer types, while
SNV frequencies of the four hub genes in GBM and LGG
were general (Fig. 7B). At the transcriptomic level, CD44
and IGSF3 showed a tendency to act as prognostic risk fac-
tors in about a half cancer types and as prognostic protective
factors in the other half. RALGAPA1 was a protective fac-
tor in 5 cancer types, and its lower expression led to a trend
toward poorer survival in more than 50% of cancer types.
SURF4 was a risky factor in 11 cancer types and its higher
expression led to a trend toward poorer survival in more
than two-thirds cancer types (Fig. S2A). mRNA expression
of the four genes also demonstrated significant differences
between tumor and normal tissues in pan-cancer, among
which CD44, IGSF3 and SURF4 showed higher expression
of tumor tissue in most cancer types (Fig. S2B). At the pro-
teomic level, protein expression of all four genes consist-
ently differed between tumor and peritumor tissues, which
was nearly upregulated within tumor in CD44, IGSF3 and
SURF4, and was downregulated in RALGAPA1 (Fig. 7C).
Given the high mutation frequency in pan-cancer and the
low level of expression in tumor center, we inferred that
RALGAPA1 might be a tumor suppressor gene. Based on
TIDE algorithm, large heterogeneity among cancer types
was observed in the correlation with cytotoxic T lymphocyte
(CTL) and contribution to T dysfunction, which illustrated
the complexity of four genes involvement in immune regula-
tion, and the deeper relationship was still worth exploring
(Fig. 7D). Cancer-related pathways, including apoptosis,
cell cycle and endothelial mesenchymal transition (EMT)
pathways exhibited discernible correlations with the expres-
sion of SURF4, CD44 and IGSF3, all of which were associ-
ated with malignant degree of tumor (Fig. 7E). The higher
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«Fig. 4 Identification of potential targets for GBM by prognostic meta-
analysis. A Comparison for batch effects using log-transformed data
and z-transformed data from seven independent cohorts. B Robust
prognostic value of nine hub genes using meta-analysis of seven
GBM RNA-seq cohorts. C Robust prognostic value of nine hub genes
using meta-analysis in four DG RNA-seq cohorts. D Robust prognos-
tic value of nine hub genes using meta-analysis in four DG microar-
ray cohorts. E The HRs of four hub genes in seven independent GBM
RNA-seq cohorts and meta cohort

RALGAPAL expressed, the more EMT pathway was inhib-
ited. The EMT pathway is closely associated with the path-
ological processes of cancer metastasis and inflammatory
response, which further suggested that RALGAPA1 may be
a tumor suppressor gene.

SURF4 was emerged as an under-explored
but promising therapeutic target for GBM, even
for pan-cancer

In the previous assessment of the four hub genes, we found
unique advantages of SURF4. SURF4, which was consistently
upregulated in glioma and pan-cancer, was identified as an
essential gene regulated by cancer driver genes, predicting a
poor prognosis, and showed amplified CNVs but rare muta-
tion. Further investigation into the tumor immune microen-
vironment (TIME) showed that high expression of SURF4
correlated with a hot phenotype, which supported the poten-
tial of SURF4 to overcome the immunosuppressive micro-
environment of GBM. Therefore, the next step was to carry
out further studies on SURF4 from pathway activity, immune
therapy response and drugability. At the transcriptomic level,
we found that SURF4 was mainly involved in the activation
of VEGF, TNFa and TGFp, which were closely related to
the proliferation, differentiation, growth and metastasis of
tumor cells (Fig. 8A). At the proteomic level, we consistently
observed the activation of TNFa and TGF pathways as the
expression of SURF4 increased (Fig. 8B). We explored the
potential of SURF4 as an immunotherapy response marker in
several cohorts treated with ICIs. Patients with lower expres-
sion of SURF4 were more likely to respond to anti-PD-L1
immunotherapy in GSE78220 and PRJEB23709 (Fig. 8C),
which contradicted our previous finding that high SURF4
expression was associated with stronger antitumor immunity.
We speculated that this was because these two cohorts were
in melanoma, whereas our findings were primarily found in
glioma, where the same gene may have different functions in
different cancers. The result of immunohistochemistry (IHC)
showed that the expression of SURF4 protein in high-grade
glioma was significantly increased compared with low-grade
glioma (Fig. 8D). By integrating the relationship between
Genomics of Drug Sensitivity in Cancer (GDSC)/The Can-
cer Therapeutics Response Portal (CTRP) drug sensitivity
and mRNA expression, SURF4 showed a higher correlation

compared with other genes, which supported the higher druga-
bility of SURF4 (Fig. S3A and S3B). We further explored the
expression of SURF4 at a single-cell resolution. The expres-
sion was consistently high in all types of cells in the TIME,
which confirmed that SURF4 had a complex function in TIME
(Fig. S4). In conclusion, SURF4 was associated with cancer
signaling pathways like VEGF, TGFf and TNFa, can pre-
dict the response to immunotherapy, and had strong druga-
ble capacity. In conclusion, all results provide a rationale for
SURF4 as a promising therapeutic target for GBM, even for
pan-cancer.

Four genes were proposed to act as synthetic
targets after mutation of RALGAPA1 as a tumor
suppressor gene

We hypothesized that RALGAPA1 is a potential tumor sup-
pressor, its mutation might lead to the downregulation of
its mRNA and protein expressions, and the expression of
synthetic lethal partnership will be upregulated correspond-
ingly at this point. If we take action to intervene oncogenes,
then it can contribute to killing tumor cells. Because there
were no GBM cell lines with RALGAPAT1 alterations in the
DepMap, the mRNA expression of transcriptome was used
to find the synthetic lethal partners of RALGAPAI, with low
RALGAPAL expression representing RALGAPA1 muta-
tion, and high expression representing normal gene func-
tion. In the first-generation DepMap, CRISPER effect of all
genes was compared between RALGAPA 1-high group and
RALGAPA1-low group, and those with significantly lower
CRISPER effect in RALGAPA1-low group were considered
as synthetic lethal partners of RALGAPAL. In the second-
generation DepMap, RALGAPA1-high group and RAL-
GAPA1-low group compared binary classification of fitness
score of all genes, and those in RALGAPA1-low group with
more significant 1 were considered as synthetic lethal part-
ners of RALGAPA1 (Fig. 8E). Therefore, we collected 375
synthetic lethal partners in the first-generation DepMap and
71 synthetic lethal partners in the second-generation Dep-
Map (Table S8). After taking the intersection of the two,
four genes (CCDC106, GAL3ST1, GDI2 and HSF1) were
obtained (Fig. 8F and G). In addition, IHC showed that the
expression of RALGAPAL protein decreased with increas-
ing grade (Fig. 8H). They were proposed to act as synthetic
targets after mutation of RALGAPA1 as a tumor suppressor
gene.

Discussion
Previous glioblastoma research has predominantly relied

on single-omics data, such as gene expression profiles or
protein levels. While these approaches provide a snapshot

@ Springer



175 Page 12 of 18 Cancer Immunology, Immunotherapy (2025) 74:175

A

CNV Mutation Cohort Gene CNV Gene
[ W | | Wildtype [l TCGA [l cD44 = RALGAPA1 N cb44 = RALGAPA1
-2-101 2 Mutant B cPTAC IGSF3 [l SURF4 -2-101 2 IGSF3 [l SURF4
n|1\||uun‘m| I\}HI\IH‘I 10000 000 00 0 O 0 0 010 0 “"“’"’""“el Cox regression Multivariate Cox regression
IIHHIHH \HI I |1 I [l (1 HH I | . . I
0 g ey [ R [T Risk score 1 —— Risk score ) —_——
|III\I\HHI [T HIIIII\IIIHI\IHIIIIIIIIIIIII\II 1] III\I\IIIIIHH\III A ||||IIII\\II\IIII\IHII\IIHI\IIHII\IIIIII\II\I 1
MGMT Methylation coas| 1 -o— cpaa| L
B Methylated 1 |
Unmethylated | 1
1p/19q codeletion Risk Score |
I Codel 4 surrs| | o SURF4| -—
Non-codel 2 1 1
SURF4 IDH Mutation 0 1 1
I Mutant -2
Wildtype l—4 1 1
-6 IGSF3 -0 IGSF3| —p—
Age Group !
IGSF3 Z score
Older 1 1 1
™ Younger
Gender 0.5 ! |
0 RALGAPA1|-®] RALGAPA1- -9
RALGAPA1 Female ~05
M Male : 1 1
-1 L T
10 12 14 10 12 14 16
E F Hazards Ratio (HR)
Transcriptome CD44 IGSF3 RALGAPA1 SURF4
T [ [ . NS, Ns. NS NS.
CD44 ,_i‘:' 1 1 1
[[[ SURF4 .
IGSF3 _ =
RALGAPA1 %
P & v
roteome g J ; =R
CD44 3 ¢ ‘ =N
SURF4 k-]
IGSF3
RALGAPA1 ﬁ
Cancer driver genes Direction 2 ﬁ ﬁ
W ATRX Pik3cA  Downregulated - $
M BRAF PTEN M upregulated s
o W e &9 &9 & 3 R
NF1 |l TP53 WHO_Grade

@ Springer



Cancer Immunology, Immunotherapy (2025) 74:175

Page130f18 175

«Fig.5 Evaluation of the four hub genes as potential targets from per-
spective of GBM multi-omics. A SNVs and CNVs of the four hub
genes in genomic data of TCGA cohort and CPTAC database. B
CNVs of the four hub genes in genomic data of GLASS cohort. C
The relationships between clinicopathologic characteristics includ-
ing gender, age, IDH mutation, 1p/19q codeletion and MGMT meth-
ylation ranked in increasing order of risk score in the meta cohort. D
Prognostic value of the four hub genes in univariate Cox regression
analysis (left panel) and multivariable Cox regression analysis of the
four hub genes based on clinicopathological features (right panel) in
the meta cohort. E Differential expression of mRNA and protein of
the four hub genes in 10 cancer driver alterations compared to unal-
tered patients in the CPTAC database. F mRNA expression of the
four hub genes between Grade II/IIl and Grade IV in Gusu Cohort
(in-house data)

of molecular changes, they often overlook the complex
interplay between different molecular layers, limiting a
comprehensive understanding of tumor heterogeneity.
In contrast, patients in our study were divided into two
groups based on six cancer driver genes with strong cis
effects (TP53, RB1, PDGFRA, NF1, EGFR and ATRX)
in glioblastomas using a multi-omics consensus combi-
natorial approach in the CPTAC database. This approach
provides a holistic understanding of the molecular land-
scape and an enhanced understanding of molecular het-
erogeneity. Secondly, previous studies on the necessity of
genes have relied solely on the fitness score [37], which is
straightforward but may not comprehensively reflect the
role of genes in different cellular states. Therefore, we
integrated the fitness score of second-generation DepMap
data to refine the identification of essential genes in can-
cer. The second-generation DepMap, which is the most
comprehensive analysis of cancer dependencies to date,
integrates a larger number of cancer models, including
clinically relevant genomic, transcriptomic and proteomic
data. This expanded dataset provides a more comprehen-
sive perspective on the importance of genes. By correlat-
ing the fitness score with comprehensive transcriptomic
and proteomic profiles, we overcame the limitations of
single-omics analysis. The combination of multi-omics
analysis and the fitness score not only increases the speci-
ficity of gene screening, but also reduces the sensitivity
to false positives, allowing for a more precise and reliable
assessment of gene significance, ultimately strengthening
the validity of our findings across a wide range of can-
cer models. Additionally, in terms of prognostic analysis,
most previous studies have been based on single or limited
cohorts, which may lead to different interpretations of the
prognostic significance of the same gene. We integrated
expression profiles and survival information from multiple
central GBM cohorts and used meta-analysis to system-
atically review and statistically integrate the data. This
approach not only enhances the stability of the prognostic

analysis, but also amplifies the statistical power of our
findings.

Our study found that CD44, IGSF3, RALGAPA1 and
SURF4 might be promising novel targets for gliomas. The
protein encoded by the CD44 gene is a transmembrane gly-
coprotein that acts as a key receptor for hyaluronan (HA), a
glycosaminoglycan that is present in abundance in the cen-
tral nervous system. The interaction between CD44 and HA
is of critical importance for the growth and progression of
glioblastoma multiforme cells, as well as influencing their
response to chemotherapy [38]. Previous studies have identi-
fied CD44 as a cancer stem cell marker in a range of malig-
nancies, including pancreatic, prostate, colorectal, breast and
GBM. The persistence of CD44-marked tumor stem cells
represents a significant factor in tumor recurrence, even in
the context of initial treatment regimens that have success-
fully reduced tumor size [39—41]. This serves to confirm
the essentiality of CD44 as a target for the further under-
standing and combating of cancer resilience and recurrence.
Furthermore, IGSF3 expression was observed to be specifi-
cally increased in human gliomas, and was found to correlate
with a poor prognosis for the patient [42]. To date, the role
of RALGAPAL in glioblastoma or even pan-cancer has not
been investigated in the literature [43]. Previous researches
have shown that SURF4 may be a potential target for stem
cell-based cancer therapy [44]. The expression of BIRC3 in
OCSCs was decreased after SURF4 downregulation. As a
member of the inhibitor of apoptosis protein (IAP) family,
BIRC3 not only regulates apoptosis, but is also closely asso-
ciated with immune regulation [45]. Analyses that are com-
prehensive, multidimensional and supported by the existing
literature lend greater credibility to our findings and help us
to identify promising targets that are potentially clinically
relevant in the treatment of glioblastoma.

Our further analysis revealed that SURF4 and RAL-
GAPA1 might be novel targets for GBM and even pan-can-
cer. SURF4, which was consistently upregulated in glioblas-
toma and pan-cancer, was identified as an essential gene
regulated by cancer driver genes, predicting a poor progno-
sis. Meanwhile, SURF4 was associated with immune-related
pathways like neoantigens generation and IFNy activation
as well as cancer signaling pathways like VEGF, TGFf and
TNFa, and can predict the response to immunotherapy. All
results provide a rationale for SURF4 as a promising thera-
peutic target for GBM, even for pan-cancer. Our study also
reveals that RALGAPAL1 is frequently mutated in gliomas
and across a spectrum of cancers, indicating its potential as
a tumor suppressor gene. Synthetic lethality offers an impor-
tant strategy to address targets that are traditionally difficult
to drug, in particular loss-of-function mutations in tumor
suppressor genes that are critical for cancer initiation. In
this context, our research has identified the genes CCDC106,
GAL3ST1, GDI2 and HSF1 as potential synthetic lethal
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Fig.6 Correlation analysis between mRNA expression and immune-
involved pathways. A Correlation analysis between mRNA expres-
sion of the four hub genes and 73 key immune modulators in the meta
cohort. B Correlation analysis between mRNA expression of the four
hub genes and the ssGSEA score of immune-related pathways in

targets. These interactions, if validated, could offer new
avenues for targeted cancer therapies.

Despite some of the advantages of our study, there are
inherent limitations that need to be considered. Firstly, bulk
RNA-seq captures aggregate gene expression levels across
a heterogeneous cell population, which may dilute the signal
from rare or minority cell types, making it difficult to dis-
cern their expression patterns. And bulk RNA-seq does not
provide information on the precise cellular location or dis-
tribution of gene expression. This impedes comprehension
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seven GBM cohorts. C Correlation analysis between mRNA expres-
sion of the four hub genes and the enrichment of infiltrating immune
cells in the meta cohort. D Correlation analysis between mRNA
expression of the four hub genes and steps of antitumor immunity in
the meta cohort

of the intricate dynamics within the tumor microenviron-
ment and the interactions between disparate cell types in
the context of cancer progression. Secondly, our four-gene
target identification approaches simply taking the intersec-
tion of different biological significance, which may filter out
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Fig. 7 Evaluation of the four hub genes as potential targets from per-
spective of pan-cancer multi-omics. A Count of deleterious muta-
tions (Missense_Mutaton, Nonsense_Mutation, Frame_Shift_Ins,
Splice_Site, Frame_Shift_Del, In_Frame_Del, Multi_Hit) of the four
genes in 29 cancer types. B Frequency of deleterious mutations in 29
cancer types. C Differential protein expression of the four hub genes

many other potential targets. Thirdly, our analysis identi-
fied potential correlations between gene mutations and their
implications in glioblastoma and pan-cancer. It is important
to note that these correlations do not necessarily imply a
causal regulatory relationship. Nevertheless, the relatively
limited sample size of our own cohort may potentially limit
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between tumor and peritumor tissues in CPTAC database and GTEx
database. D Correlation analysis between the level of cytotoxic T
lymphocytes and gene expression and the pre-calculated T cell dys-
function score using the interaction test model in TCGA pan-cancer
cohorts. E Percentage of cancers between protein expression and
caner related pathway activity in TCPA pan-cancer cohorts

the generalizability of our findings. Additionally, although
SURF4 and RALGAPA1 have demonstrated potential
immunogenic properties in our data, these require experi-
mental validation to fully elucidate its role in the context of
cancer immunotherapy.
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Fig.8 Evaluation of SURF4 as a potential target from perspectives
of pathway activity and immune therapy response, discovery of
synthetic lethal partners of RALGAPAI, and immunohistochemi-
cal of the two genes. A Correlation analysis between SURF4 and
14 pathway activity inferred by “DecoupleR” algorithm at the tran-
scriptomic level in the meta cohort. B Pathway activity inferred by
ssGSEA algorithm with significant differences by Wilcoxon test
between SURF4-high group and SURF4-low group at the proteomic
level in CPTAC database. C Proportion of patients in GSE78220
and PRJEB23709 cohorts with immune response in the SURF4-high
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group and SURF4-low group. D Immunohistochemical validation
of SURF4 protein expression between different grades of glioma. E
The numbers of synthetic lethal partners identified from transcrip-
tomic data in the first-generation and second-generation DepMap. F
Differential analysis between high and low RALGAPA1 expression
groups with CRISPER effect of the four genes in the first-gener-
ation DepMap. G Proportion of the four genes with fitness score in
the RAPGAPA1-high group and RALGAPA1l-low group from the
second-generation DepMap. H Immunohistochemical validation of
RALGAPAL1 protein expression between different grades of glioma
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