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Abstract

Genome-wide CRISPR-Cas9 knockout screens have emerged as a powerful
method for identifying key genes driving tumor growth. The aim of this study was
to explore the phagocytosis regulators (PRs) specifically associated with lower-
grade glioma (LGG) using the CRISPR-Cas9 screening database. Identifying
these core PRs could lead to novel therapeutic targets and pave the way for
a non-invasive radiogenomics approach to assess LGG patients’ prognosis and
treatment response. We selected 24 PRs that were overexpressed and lethal
in LGG for analysis. The identified PR subtypes (PRsClusters, geneClusters,
and PRs-score models) effectively predicted clinical outcomes in LGG patients.
Immune response markers, such as CTLA4, were found to be significantly
associated with PR-score. Nine radiogenomics models using various machine
learning classifiers were constructed to uncover survival risk. The area under the
curve (AUC) values for these models in the test and training datasets were 0.686
and 0.868, respectively. The CRISPR-Cas9 screen identified novel prognostic radiogenomics biomarkers that correlated well
with the expression status of specific PR-related genes in LGG patients. These biomarkers successfully stratified patient survival
outcomes and treatment response using The Cancer Genome Atlas (TCGA) database. This study has important implications for
the development of precise clinical treatment strategies and holds promise for more accurate therapeutic approaches for LGG
patients in the future.

Impact Statement

Genome-wide CRISPR-cas9 knockout screens
have emerged as an outstanding approach to
characterize tumor growth driver genes. This
study aimed to investigate the core genes linked
to lower-grade glioma (LGG)-specific phagocytosis
regulators (PRs) using the CRISPR-cas9 screening
database DepMap, which could lead to new targets
for LGG therapy and serve as the basis for devel-
oping a non-invasive radiogenomics approach to
assess LGG patients’ survival outcomes and treat-
ment response.
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LGG patients develop high-grade gliomas or relapse and die
within 10 years.? Therefore, identifying new glioma biomark-
ers may result in new information about risk and prognosis.

Most regulators of macrophage phagocytosis undergo
a high enrichment in immunological responses, inflamma-
tory disorders, and macrophage phagocytosis. It has been
used recently in several studies. Immunohistochemistry
(IHC), mesenchymal scoring, and cell density were used
to evaluate inflammatory cell density and mesenchymal
infiltration in tumor tissue.® In many types of cancer, they
have been linked to poor clinical outcomes.” Macrophages
are involved in tissue remodeling, immunity, and local and

Introduction

Lower-grade gliomas (LGGs) represent around 43.2% of
central nervous system (CNS) gliomas, with 6500-8000 new
cases diagnosed annually in the USA.!? LGG is a heteroge-
neous group of neuroepithelial tumors resulting from the
malignant transformation of oligodendrocytes or astrocytes,?
which includes glioma tumors of World Health Organization
(WHO) grade III (intermediate grade) and grade II (diffuse
lower grade). Although LGG patients have a better clini-
cal prognosis than grade IV tumors, their survival duration
ranges from 1 to 15years,* following surgical excision, fol-

lowed by radiation and chemotherapy. In addition, 70% of
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systemic inflammation. They carry out several functions,
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including antigen presentation, microbial cytotoxic defense,
cytokine and complement components secretion, and phago-
cytosis.® Tumor-associated macrophages (TAMs) are critical
for tumor progression and metastasis in the tumor microen-
vironment. It is widely present in a variety of tumors.’ They
are integrally engaged in immunosuppression, angiogenesis,
and profibrotic activities in malignant and normal tissues.?
TAM may promote tumor progression, infiltration, metasta-
sis, and drug resistance.! The protumor effects of TAM on
tumor initiation, metastasis, angiogenesis, antitumor immu-
nosuppression, and treatment resistance have been stud-
ied.’”? Macrophages have two polarization activation stages,
according to conventional concepts: the classical activation
phase (M1, produced by lipopolysaccharide and interferon
[IFN]) and the replacement activation phase (M2, induced
by IL-13 or IL-4).1% As per the results of earlier studies, TAM
possesses an M2-like phenotype that suppresses the immune
system and promotes tumor growth.! Depleting M2-like
TAMs or causing them to change their phenotype to that of
Mi-like TAMs might therefore directly increase their cyto-
toxicity. Indirect cytotoxic T cell activation to kill tumor cells
is one potential antitumor immunotherapeutic approach.!>16
Several action mechanisms of TAM in tumor immunosup-
pression have been elucidated, and recent clinical studies
of possible therapeutic agents targeting the aforementioned
novel targets have been conducted.'”!® In addition, some
recent research has focused on phagocytosis, a critical activ-
ity of macrophages, and the reactivation of antitumor immu-
nity through the CD24/Siglec-1075, CD47/SIRP, and PD-1/
PD-L1 pathways. Each of the following strategies will be
effective, thereby bringing cancer immunotherapy to the
forefront of research.

Recent advances in genetics have enabled extensive
genomic and transcriptomic investigations to identify the
underlying molecular mechanisms of cancer. Radiology is
another new technology that can identify important imag-
ing features that cannot be captured by any other method
and use the capabilities of digital imaging. Radiology can
transform biological images into quantifiable variables that
may then be analyzed to increase the efficacy of preoperative
expectations, tumor categorization, prognosis prediction,
and therapy response.!” Radiogenomics is a new interdis-
ciplinary research that combines radiology and genomics.
It is the most fundamental way for retrieving sophisticated
genomic information. It has recently been developed to link
radiology to wider biological characteristics, including pro-
teomics and metabolomics.?’ Previous research has used
non-invasive digital imaging characteristics to investigate
tumor mutation burden, tumor gene expression, methyla-
tion patterns, and subtypes.?!-2? Furthermore, the integration
of radiology and genomics has aided in the improvement of
clinical prediction efficiency in certain cancers.?*?> Therefore,
radiogenomics may aid in comprehending the molecular
characteristics of distinct malignancies and enable real-time
monitoring for specific patient clinical care.

Clustered conventional interspatial short palindro-
mic repeat-associated protein 9 (CRISPR/Cas9) is a newly
discovered and developed gene-editing method.?¢ In this
method, a single-guide RNA (sgRNA) guides the Cas9 endo-
nuclease precisely to the target site, where it causes a DNA
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double-strand break and site-specific genomic changes.
Compared to conventional gene-editing techniques, such as
transcription activator-like effector nucleases and zinc fin-
ger nucleases, CRISPR/Cas9-mediated gene editing is more
adaptable, effective, and accurate.?” CRISPR/Cas9 technol-
ogy has been intensively investigated since its first use in
mammalian cells in 2013,%%?° and its applications have moved
beyond gene editing in cells to biology.3* One of the hottest
topics in cancer-treatment schemes is CRISPR/Cas9 due to
its potential use in gene-related therapy. Several CRISPR/
Cas9-mediated cancer therapeutic approaches have been
developed for many cancer types, including tumor immu-
notherapy, tumor research modeling, tumor-associated gene
manipulation, and anticancer drug resistance overcoming.3!
By employing CRISPR/Cas9, researchers can selectively tar-
get and modify specific genes involved in these processes to
better understand their functional significance. For instance,
the loss or mutation of certain tumor suppressor genes, such
as TP53 or PTEN, has been associated with poor prognosis in
LGG patients. Cas9’s ability to bind to specific DNAlocations
via directing RN A and protospacer adjacent motif (PAM) is a
critical characteristic. Thus, a catalytically dead Cas9 (dCas9)
without endonuclease activity may be linked to transcrip-
tional activators and repressors to regulate gene expression
throughout the genome. CRISPR interference (CRISPRIi) is a
kind of transcriptional suppression relying on dCas9. When
dCas9 is co-expressed with sgRNA, it hinders the regula-
tion of transcription start complexes and transcriptional
expansions. CRISPRi can not only successfully inhibit the
expression of numerous target genes in Escherichia coli at the
same time but its effects are also reversible and do not seem
to spread beyond the target.> CRISPR activation, however,
uses dCas9 linked to an activation effector for the purpose of
recruiting RNA polymerase and transcriptional machinery
to trigger the target gene’s expression.® The CRISPR system,
by modifying the sgRNA sequence, provides an editable
DNA-binding platform for recruiting appropriate proteins
to the target DNA sequence, exposing the tool’s ability to
precisely regulate gene expression.3*

Therefore, the establishment of a novel non-invasive tech-
nique is of utmost importance for aiding clinicians in making
informed decisions while reducing unnecessary invasive
tests. This study sought to develop a non-invasive radiomics
technique capable of identifying macrophage phagocytosis
regulator (PR) signatures and predicting survival outcomes
in patients with LGG. Genomic data from 481 LGG cases
were collected and subsequently analyzed by integrating
a previously reported CRISPR-Cas9 screen focused on reg-
ulators of cancer cell phagocytosis. In addition, the study
combined differentially expressed genes (DEGs) between
LGG tissue and normal tissue in The Cancer Genome Atlas
(TCGA) and the CRISPR-Cas9 screen for | CERES| >0.5 on
genes vital for the proliferation and survival of LGG cell
lines. This integration aimed to identify specific lethal and
overexpressed PRs in LGG. In our final genomic investiga-
tion, we successfully identified genes that serve as predictive
markers for PRs. Furthermore, we developed a PRs-score
system that uses gene expression levels to evaluate the PRs
status of samples. Regarding radiomics, we acquired 120
complete digital image samples from The Cancer Imaging



Archive (TCIA) database. Following the extraction of image
characteristics using radiomics, we employed the PRs-score
system classification to construct image prediction models.

Materials and methods
Identification of LGG-specific PRs

Regulators of cancer cell phagocytosis were identified by
conducting CRISPR-Cas9 screens on a set of 730 genes
described in previous study.®® The CRISPR-Cas9 methodol-
ogy allowed for the precise targeting and manipulation of
genes. The CERES computational method,? which accounts
for copy number specificity effects, was used to estimate
gene-dependent levels from the CRISPR-Cas9 screens. To
do this, the Cancer Cell Line Encyclopedia (CCLE) database
was searched to retrieve gene mutation, copy number, and
expression data from 16 primary non-metastatic LGG cell
lines. The CERES package was used to analyze input files
obtained from the DepMap database, providing insights
into the genes essential for proliferation and survival in
each LGG cell line. Genes with negative scores indicated that
knocking out these genes inhibited cell line survival, while
genes with positive scores suggested that knocking them out
promoted cell line survival and proliferation. A threshold
of | CERES | > 0.5 was applied to include all genes for further
analysis. Differential analysis was performed on 491 LGG
specimens from the TCGA database and 103 normal corti-
cal specimens from the Genotype-Tissue Expression (GTEX)
project. Using screening thresholds of | logFC | >1 and | adj.
P value| <0.05, DEGs were identified. These DEGs repre-
sented genes that exhibited significant differences in expres-
sion between LGG and normal cortical tissues. Overall, the
identified genes from the three steps described above were
then intersected to determine specific PRs in LGG. These
PRs are genes that play a role in the regulation of cancer cell
phagocytosis and were found to be essential for survival,
proliferation, and exhibited differential expression in LGG
compared to normal cortical tissues.

Transcriptome data preprocessing

After excluding non-coding RNAs, RNA-Seq data from
TCGA database—contained 491 LGG samples with WHO
classifications II-1II (Level-3 HTseq-FPKM) and RNA-Seq
data from the GTEx project’s 103 normal cortical samples
were used as normal sample controls for conducting the dif-
ferential analysis. Furthermore, 481 samples were excluded
from subsequent modeling due to the following reasons:
repeat sequencing, total survival time < 1 day, unclear WHO
classification, no survival status, and non-primary LGG.
With the aid of the caret package, the TCGA-LGG data-
base—contained 481 samples were randomly classified in a
7:3 ratio; TCGA-LGG-1 served as the modeling cohort, and
TCGA-LGG-2 served as the internal validation cohort. In the
meantime, the GPL570 platform-based GSE16011 dataset
was retrieved from the Gene Expression Omnibus (GEO)
database, and 80 of these LGG patients with WHO classifica-
tions II-III were maintained as the external validation cohort
(GEO-LGG). In addition, as the external validation group,
we downloaded the CGGA-693 project (CGGA-LGG-1, 332

patients) and the CGGA-325 project (CGGA-LGG-2, 162
patients), both of which had the complete survival data of
LGG patients. Finally, we used the TCGA-LGG-1 and TCGA-
LGG-2 cohorts as well as the GEO-LGG, CGGA-LGG-1, and
CGGA-LGG-2 cohorts for modeling, internal validation, and
external validation. Notably, we used the sva package to con-
duct background correction, normalization, and expression
calculation for the genes included in modeling to guarantee
validation comparability while undertaking internal and
external validation.

Enrichment analysis and clustering algorithms

For the annotation of biological processes, cellular compo-
nents, and molecular functions of genes, we used the Gene
Ontology (GO) database. Using the Kyoto Encyclopedia of
Genes and Genomes (KEGG) database, gene pathways were
annotated. The clusterProfiler package was used to conduct
GO and KEGG analyses. Significant enrichment pathways
were defined as per the following criteria: P values <0.05
and g value <0.05. Using the ConsensusClusterPlus pack-
age in 1000 iterations to achieve accurate classification, an
unsupervised clustering analysis was carried out to discover
various patterns according to gene expression. In addition,
using the NMF package in the R software, all TCGA-LGG
cohort’s patients were divided into three sub-consensus
groups depending on certain PRs” expression levels.

Construction of the PRs scoring system

Patients from the TCGA-LGG cohort were divided at ran-
dom (in a ratio of 7:3) into a dataset for internal training and
another for internal validation. To eliminate highly linked
genes, risk models were developed using the Least Absolute
Shrinkage and Selection Operator (LASSO) model. Gene
expression values were integrated with LASSO-Cox coef-
ficient weights to construct risk score equations. The risk
scores’ prognostic significance throughout the whole dataset
and the external validation dataset was evaluated by means
of univariate and multivariate Cox regression analyses. The
predictive accuracy between the risk score and traditional
clinicopathological indicators was compared using time-
dependent receiver operating characteristic (tROC) curves.
The area under the curve (AUC) and ROC curves were gen-
erated using the survivalROC package.

Pan-cancer analysis of signature genes

Using differential expression analysis between tumors and
nearby normal tissue for each cancer type, we first looked at
alterations in gene expression patterns for signature genes
(|log2(FC)| > 1.5, FDR 0.05). We used clinical data from
tumor samples from 33 different cancers, with some uncen-
sored data being excluded, to derive the survival landscape
of signature genes from TCGA analysis of the correlation
between gene expression and patients” survival. Samples
with competing risks of cancer death were filtered out (for
disease specific survival (DSS) and disease free interval (DFI)
data). According to the mRNA expression and clinical sur-
vival data that were combined by sample barcode, tumor
samples were divided into low- and high-expression groups
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using median mRNA values. Then, we fitted survival times
and survival status within the two groups with the aid of
the R package SURVIVAL. For each gene for each cancer,
Logrank tests and Cox proportional hazards models were
conducted. Next, we also retrieved 10,234 samples from 33
cancers with single nucleotide variant (SNV) data from the
TCGA database. Seven mutation types were included in
this study, including In_Frame_Del, Nonsense_Mutation,
Missense_Mutation, In_Frame_Ins, Splice_Site, and Frame_
Shift_Ins. Using percentage heat maps, mutation frequen-
cies for pan-cancer were summarized. In addition, 11,495
samples’ copy number variation (CNV) data in the TCGA
database were examined to identify the cases of significantly
altered CNV amplification or deletion in the patient group.
The copy number alterations of each gene were enhanced
by the heterozygosity and purity of amplifications and
deletions, of which more than 5% were considered high-
frequency CNVs. Conversely, we annotated each gene pro-
moter’s methylation probes. Each gene’s methylation was
compared between tumor and normal samples using the
Wilcoxon signed-rank test. Using a P value cut-off of 0.05,
significantly hypo- or hypermethylated genes were discov-
ered. Finally, 7876 TCGA database samples representing 32
cancer types had their pathway activity scores estimated
using the Reverse Phase Protein Array (RPPA) data from
the cancer protein atlas (TCPA) database. The pathways
addressed are PI3K/AKT, TSC/mTOR, hormone AR, RAS/
MAPK, RTK, DNA damage response, hormone ER, apop-
tosis, EMT, and cell cycle pathways. All of these are recog-
nized cancer-related pathways.?”

Immunological correlation analysis

To determine the immunological features of LGG samples,
the single-sample gene set enrichment analysis (ssGSEA)
algorithm was applied. Immune checkpoints have a role
in the inhibition of lymphocyte activation and evasion of
immune surveillance of cancer. We analyzed 14 immune
checkpoint gene expression, including CTLA4 and PD-1 in
low- and high-risk groups to determine whether immune
checkpoints are involved in the precancerous activity. Then,
with the aid of the Cmap tool (https://clue.io/), we exam-
ined the action mechanism (MoA) of potential compounds
that were screened targeting PR properties.

Identification of radiomic features from MRI

Using MRIcron software, 120 patients matching the TCGA-
LGG cohort’s MRI images were obtained from the TCIA
database and converted from DICOM to NIFTI formats
for further analysis.?® After mapping the region of inter-
est (ROI) and registering FLAIR, T2W, and TI1CE to the
T1W images following the processing protocol of previ-
ous literature, brain tissue was acquired for the FLAIR,
T2W, and Tlce images using the T1W brain regions as
masks.?* Subsequently, image features were extracted
using PyRadiomics.* After feature extraction, we applied
several downscaling and machine learning techniques to
develop imaging genomics models. The best AUC values
in the test set were used as selection criteria to determine
the optimal technique for developing the final model. In
particular, the data were normalized using the Z-Score and
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Minmax normalization methods; the characteristics were
preprocessed using principal component analysis (PCA)
and Pearson correlation coefficient (PCC) methods; the
most effective features were selected using analysis of vari-
ance (ANOVA), Kruskal-Wallis (KW), and recursive fea-
ture elimination (RFE). Radiogenomics classifier models
were developed using several machine learning classifiers,
including logistic regression, AdaBoost, LR-Lasso, random
forest, plain Bayes, linear discriminant analysis (LDA), and
support vector machine (SVM). A total of 9504 models were
created, with one being chosen as the best model. In addi-
tion, ROC curve analysis, which computed AUC values
using 1000 replicate samples, was used to evaluate the per-
formance of the model. With the aid of Python (3.7.6)-based
FeAture Explorer Pro (FAEPro, V 0.3.7), the aforementioned
feature selection procedure was carried out.*!

Results
Identification of specific PRs in LGG

When monoclonal antibodies are used to treat tumor anti-
gens, the majority of cancer cells are phagocytosed by mac-
rophages, and CRISPR techniques have helped to identify
the key regulators that prevent antibody-dependent cell
phagocytosis (ADCP).% Therefore, to identify particular
PRs in LGG, we first employed differential gene screen-
ing. The limma package analysis of RNA-seq data from the
TCGA-LGG cohort (P <0.05; |logFC | >1) identified 2458
DEGs (Figure 1(A)), including 1449 downregulated and 1009
upregulated genes (Figure 1(B)). To identify key PRs that
could affect LGG cell survival, we scored cell lines depend-
ent on 16 primary glioma cell lines and identified 3053 poten-
tial genes (Figure 1(C)). Ultimately, we overlapped the 730
reported PRs, the DEGs from the differential analysis and the
3053 potentially lethal genes from the CRISPR-Cas9 screen,
and we ultimately identified 24 PRs as specific PRs in LGG
(Figure 1(D)), NDUFV2, NDUFB8, SDHC, NAPA, UBR4
NDUEFES7, NDUFA9, RPUSD3, PSMA4, MRPL33, STARD?,
RPP21, STUB1, ACLY, DDX39B, NDUFS8, CLASRP, RRP9,
NXT1, MYC, STON1, CIT, ACTB, and SYT1. In parallel, we
employed the ssGSEA algorithm. To further explore the rela-
tionship between particular PRs and macrophages, we cal-
culated the number of macrophages in TCGA-LGG tissues.
We discovered that most PRs had a negative correlation with
the number of macrophages, with CIT showing the strongest
negative correlation with DDX39B (Figure 1(E)).

Profiles of specific PRs in LGG

First, we show the locations of specific PRs on 23 chromo-
somes with altered copy number alterations (CNA (Figure
2(A)), then we report that MYC and NDUFA9 had the highest
frequency of CNV amplification while CLASRP and NAPA
had the highest frequency of CNV reduction (Figure 2(B)).
In addition, we performed a correlation analysis on the 24
PRs and found that most of the PRs” expression was corre-
lated, suggesting a potential regulatory role (Figure 2(C)).
Meanwhile, box line plots demonstrated the expression rela-
tionships of the 24 PRs in LGG versus normal cortical samples,
and interestingly, 8 genes were upregulated, such as STARD?,
ACLY, and MYC, while 16 genes were downregulated, such
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Figure 1. Identification of specific PRs in LGG. (A) and (B) Differential analysis of genes between normal and LGG samples (P < 0.05;llogFCI > 1) identified a total of
2458 DEGs, including 1009 upregulated genes and 1449 downregulated genes, (C) Cell line—dependent scoring of 16 primary glioma cell lines identified 3053 potential
genes, (D) Venn diagram showing the identification of 24 PRs as specific PRs in LGG, and (E) Correlation analysis of CIT and DDX39B with macrophage content.

as NDUFPS8, SDHC, and NAPA (Figure 2(D)). However, in
the mutation frequency study of PRs, only UBR4, CIT, and
ACLY had some mutation accumulation in the whole sample
(Figure 2(E)).

Molecular typing of PRs mediated by specific PRs

Based on the expression of the 24 specific PRs described
above, the NMF consensus clustering method was used
to initially classify the molecular subgroups, resulting in
three clusters, C1, C2, and C3, in the TCGA-LGG cohort
(Supplemental Figure S1(A)). The heat map demonstrates the
distribution of PRs expression concerning clinical traits across

molecular classifications (Supplemental Figure S1(B)), and it
is also worth mentioning that there was a significant differ-
ence in survival across molecular subtypes (Supplemental
Figure S1(C)). Considering the differences in survival, we
speculated that there are different biological processes
between the different subtypes and thus used the gene set
variation analysis (GSVA) algorithm to enrich gene sets,
which showed that glycolysis, gluconeogenesis, and nitro-
gen metabolism were activated in C1, whereas ribosomes,
spliceosomes, and transforming growth factor (TGF) signal-
ing pathways were activated in C2 (Figure 3(A) and (B)). In
C3, glutathione metabolism, tyrosine metabolism, and pro-
tein metabolism were activated, whereas lysine metabolism,
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Figure 2. Mutations and transcriptome alterations of PRs in LGG. (A) The location of CNV alterations in PRs on 23 chromosomes is shown in a circular diagram,

(B) The CNV frequencies of PRs are given. Red dots represent amplification frequencies, whereas green dots represent deletion frequencies. Numbers indicate the
frequency of variation, (C) Network diagram showing the interactions of the 24 PRs in LGG. The P value for each gene’s impact on survival prognosis is represented
by the size of the circles. Green dots indicate favorable factors, whereas red dots indicate risk factors. The correlation value between genes is represented by the line’s
thickness. Positive and negative gene regulation correlations are depicted by the red and blue lines, respectively, (D) Expression levels of the 24 PRs between tumor
and normal samples. Yellow represents tumor, and blue represents normal. Asterisks indicate statistical P values ("P <0.05; “P <0.01; ""P <0.001), and (E) Mutation

frequency of the 24 PRs in LGG.

endocrine disorders, and the phosphatidylinositol signaling
system were activated in C2 (Figure 3(C) and (D)). Ribosome,
spliceosome, and pyrimidine metabolism were activated in
C3, whereas nitrogen metabolism, calcium signaling path-
way, and gonadotropin-releasing hormone (GnRH) signaling
pathway were activated in C1 (Figure 3(E) and (F)).

Differential genes and genotyping between
different molecular typing

Although the identified PRs-cluster is effective in differenti-
ating LGG patients” prognostic outcomes, the fundamental
transcriptomic alterations in these subtypes remain unknown.
In different molecular subtypes, we investigated the possible
mechanisms of action of specific PRs-related genes. DEGs
in 433 genes of different molecular subtypes were selected
(Supplemental Figure S2(A)). The specific grouping basis
for assigning patients to clusters A, B, and C was determined
using a clustering algorithm (Supplemental Figure S2(B)). To
perform the clustering analysis, we used k-means clustering.

These algorithms automatically partitioned glioma patients
into distinct groups based on the similarity or dissimilarity
of DEGs expression profiles. We classified patients into three
subtypes using an unsupervised clustering approach: gene
clusters A, B, and C (Supplemental Figure S2(C)). Kaplan—
Meier (K-M) survival analysis revealed significant variations
between the genetic subtypes, with gene cluster C having
the best overall survival (OS) and gene cluster A having the
worst OS (Supplemental Figure S2(C)). In addition, we con-
ducted GO enrichment analysis on these DEGs and discov-
ered that enrichment of biological processes was correlated
with ribonucleoprotein complex biogenesis, RNA splicing,
and spliceosome complexes, while KEGG enrichment analy-
sis revealed the presence of ribosomes, spliceosomes, and
mRNA detection pathways. These results further suggest a
significant correlation between PRs-related genes and tumo-
rigenesis (Supplemental Figure S2(D) and (E)). In addition,
the box line plot results demonstrated that the expression
levels of 24 specific PRs differed significantly across various
new gene clusters (Supplemental Figure S2(F)).
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Figure 3. GSVA studied the changes in biological processes between three PRs-clusters. (A) and (B) Comparison of changes in biological processes between C1
and C2, (C) and (D) Comparison of changes in biological processes between C2 and C3, and (E) and (F) Comparison of changes in biological processes between
C1 and C3. The heat map shows the biological processes between each cluster.

Construction of PRs-score risk models expression level) + (-0.9068 X NDUFS7 expression
To quantify the ADCP status potentially mediated by level) + (0.2573 X ACLY expression level) + (0.2573 X NXT1
PRs, we performed Cox-LASSO regression on the TCGA- expression level) + (-0.4669 X MYC expression level). Given
LGG modeling cohort (Supplemental Figures S3 and the importance of tumor mutational burden (TMB) in tumors,
4(A)) and finally screened five PRs for use in construct- we combined the risk and TMB scores and discovered that

ing the risk equation: PRs-riskscore = (0.4810 X NAPA patients with LGG had the worst prognosis when the risk
and TMB scores were both high (Figure 4(B)). Furthermore,
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Figure 4. Relationship between the creation of PRs-score and tumor load mutations. (A) The LASSO regression analysis and partial likelihood deviance on the
prognostic genes, (B) The difference between the TMB subtype and the PRs-score subtype K-M analysis was statistically significant with a Logrank P value <0.001,
(C) SanKey plots with different PRs-clusters, geneClusters, PRs-scores, and clinical outcome groups, (D) and (E) The landscape of tumor somatic mutation in TCGA-
LGG displayed by high (D) and low PRs-score (E). Each column represented individual patients. The upper barplot displayed TMB.

we used Mulberry plots to visualize the distribution of risk
models, PRs-clusters, and gene clustering, and we found that
most C1 subtypes were type A, and most high-risk patients
had a death distribution (Figure 4(C)). Furthermore, we pre-
dicted mutation frequencies in the low- and high-risk groups
and found that TP53, IDH1, and ATRX were significantly
mutated genes (Figure 4(D) and (E)).

Validation of the prognostic value of the risk model

The in-progress modeling set and each validation dataset
used the same cut-off values to distinguish between high-
and low-risk patients. K-M survival analysis in the mod-
eling set showed that low-risk group patients had a better
prognosis than the high-risk group patients (P <0.001)
(Figure 5(A)). In the internal validation set, patients belong-
ing to the low-risk group had a better prognosis than those
belonging to the high-risk group, with the high-risk group
having a poor OS (P <0.05) (Figure 5(B)). In addition, mul-
tifactorial Cox regression also showed an independent
prognostic value for this PRs-riskscore (Figure 5(C)). In the
CGGA-LGG-1 cohort, patients belonging to the low-risk
group had a better prognosis than those belonging to the

high-risk group (P < 0.005) (Supplemental Figure S4(A)). In
the CGGA-LGG-2 cohort, patients belonging to the low-risk
group had a better prognosis than those in the high-risk
group (P <0.001) (Supplemental Figure S4(B)). In the GEO-
LGG cohort, patients belonging to the low-risk group had a
better prognosis than those in the high-risk group (P <0.05)
(Supplemental Figure S4(C)). To assess whether the prog-
nostic value of PRs-riskscore was independent of clinico-
pathological variables, univariate and multifactorial Cox
regressions were performed on age, gender, tumor grade,
radiotherapy status, chemotherapy status, IDH1 mutation
status, combined chromosome 1p/19q deletion status, and
PRs-riskscore. The results indicated that PRs-riskscore was
an independent prognostic feature of the CGGA cohort
(P<0.001) (Supplemental Figure S5(A) and (B)). Similarly,
our univariate and multifactorial Cox regressions for age,
gender, IDH1 R132 mutation status, KPS score, Type of sur-
gery, and PRs-riskscore in the GEO cohort showed that
PRs-riskscore was an independent prognostic feature of
the GEO cohort (P <0.05). (Supplemental Figure S5(C) and
(D)). In addition, PRs-riskscore showed good discriminat-
ing validity across clinical subtypes (Supplemental Figure
S6(A) to (L)).
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Figure 5. Evaluation of the prognostic significance of risk score in the training cohort. (A) Survival curves and ROC curves for the TCGA modeling cohort, (B)
Survival curves and ROC curves for the TCGA internal validation cohort and (C) Forest plot of univariate and multivariate Cox regression analysis of PRs-riskscore

and clinicopathological variables in the TCGA cohort.

The pan-cancer landscape for signature genes

The pan-cancer profile and the involvement of these five
signature genes in tumor progression have not been thor-
oughly explored. As a result, it is critical to conduct a thor-
ough investigation of the involvement of these genes in
terms of the prognostic significance, expression signature,
CNYV, SNV, and cancer signaling in various human malig-
nancies. We discovered that most genes are expressed dif-
ferently between cancerous tissues and normal tissues. In
the following study, a total of five signature genes, NAPA,
NDUEFS7, ACLY, NXT1, and MYC, were analyzed. First, we
searched the TCGA database to compare the gene expression

of tumor samples with that of normal samples. We discov-
ered that the expression of the genes ACLY, MYC, and NXT1
was generally upregulated in tumor tissues, whereas the
expression of NAPA and NDUFS7 was generally downregu-
lated (Figure 6(A)). SNV, CNV, and methylation alterations
of these five signature genes, including LGG, were evident.
In most cancers, hallmark genes were differentially methyl-
ated in comparison to normal tissue; in particular, genes,
including MYC, which serves as a representative, were gen-
erally hypermethylated, whereas genes, including NDUFS?,
NXT1, NAPA, and ACLY, were generally hypomethylated
(Figure 6(B)). Substantial CNV deletion was observed
in NDUFS7, whereas substantial CNV amplification was
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Figure 6. The Pan-cancer landscape for signature genes. (A) The graphs show the log FC and FDR of the signature genes in each cancer. Red and blue indicate
genes that are up- and downregulated, (B) Heat map depicting the different methylation of signature genes in malignant tumors; hypermethylated and hypomethylated
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observed in most tumor types in NXT1, NAPA, MYC,
and ACLY (Figure 6(C)); substantial SNV alterations were
observed in NDUFS7, NXT1, NAPA, MYC, and ACLY most
tumor types (Figure 6(D)). The potential effects of these five
signature genes on several bioactive pathways are then dis-
cussed in depth. Briefly, it can be observed that PANoptosis
genes may generally activate pathway activity, such as apop-
tosis, and inhibit RTK pathway activity. Furthermore, Figure
6(E) shows that these five signature genes may be linked to
numerous biologically relevant pathways. Following this,
we created a survival profile of these genes based on the
relationship between TCGA-recorded gene expression levels
and patient survival (Figure 6(F)).

Immune infiltration analysis of risk models and
implications for immunotherapy

To elucidate the pattern of immune cell infiltration, we per-
formed ssGSEA on 28 tumor-infiltrating lymphocytes (TILs)
extracted from the Cancer Immunome Atlas. PRs-riskscore
was found to be positively linked to effector memory CD4
cells, memory B cells, central memory CD4 and CDS8T cells,
and memory B cells (Supplemental Figure S7(A)). This
implies that people with high PRs-risk scores have better
long-term T and B cell-mediated adaptive antitumor immu-
nity. In addition, the high-risk score group showed evidence
of macrophage infiltration, but its function is unknown. We
found that the high-risk score group had a significant Treg
cell infiltration, suggesting an immunosuppressive effect
in high-riskscore tumors. We conducted an ssGSEA on the
relationship between riskscore and the cancer-immune cycle
to test this hypothesis. Riskscore linked negatively to Thl
helper cells and positively to Th2 and Treg cell recruitment,
as was hypothesized (Supplemental Figure S7(B)). In LGG
tumors with high riskscores, Th1/Th2 helper cell imbalance
and Treg cell recruitment showed reduced antitumor immu-
nity. Since the high-risk score group was immunosuppressed,
we compared immune checkpoint marker levels across
the two groups to see if immune checkpoints contributed
to their immunosuppression. In the high-risk score group,
we observed a substantial elevation of the expression levels
of VSIR, NPR1, and TNFSF9 genes (Supplemental Figure
S8(A)). The heat map (Supplemental Figure S8(B)) showed
that this group had a lot of PD1 receptors. This suggests
that treatment for immune checkpoints could target these
markers. In addition, we conducted CMap analysis to find
prospective compounds that target genes that are expressed
differentially in MS groups and their underlying processes.
Phenothiazine and brinzolamide are two carbonic anhydrase
inhibitors that we discovered (Supplemental Figure S8(C)).
These findings offer LGG patients having high riskscores
with promising therapy options.

Construction of an optimal radiomic profile

We developed 9504 models using the AUC values of the clas-
sifier test group as the best selection criteria by integrating
several material methods. We were able to identify the best
imaging genomics models for prediction using Z-score nor-

malization (Figure 7(A)), the recursive feature elimination
(RFE) method (Figure 7(B)), and the PCA method (Figure 7(C))
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for dimensionality reduction and preprocessing, and finally,
nine imaging optimal features (Figure 7(E)) created using the
AB method (Figure 7(D)). For the internal validation dataset,
we discovered that these nine features resulted in the model
with the highest AUC value. AUC degrees for the model on the
training and test datasets were 0.868 and 0.686, respectively, at
this point (Figure 7(F)).

Discussion

LGG is a prevalent malignant tumor affecting the CNS.
Reliable treatment targets may have the potential to improve
the survival of patients with LGG. Tolerance, initiation, and
M1 or M2 activation are macrophages’ classical adaptive
responses.*243 Macrophages generate crucial immunosup-
pressive mediators, such as prostaglandins, IL-10, and
arginase (enzymes involved in amino acid metabolism)
and T- and NK-cell immune checkpoint inhibitory triggers
(e.g. PD-L1, VISTA).* Macrophage phagocytosis is a critical
component of immune system regulation, and severe mac-
rophage disorders contribute to tumor growth and develop-
ment. Phagocytosis is involved in the expulsion of cell debris
following injury, the clearing of apoptotic cells, cell regenera-
tion, tumor surveillance, and other disease processes.®> In
addition, autoimmune and developmental abnormalities can
occur when phagocytosis is out of balance.* Furthermore,
phagocytes use different surface receptors and signaling cas-
cades to phagocytose different types of particles.#” Notably,
the removal of cancer cells occurs following macrophage
phagocytosis, which is triggered by monoclonal antibody
treatment that targets tumor antigens.® It is now crucial
to identify the regulators linked to antibody-dependent
cytophagocytosis to treat tumors. The macrophage phago-
cytosis factors are critical components of the complex gene
network that regulates macrophage activation, polarization,
and adaptability.*8 Combining macrophage phagocytosis
factors with novel immunotherapy regimens for cancer treat-
ment is a very promising technique.®

Therefore, it is crucial to find macrophage phagocytosis
factor-related biomarkers to identify LGG patients for early
intervention or treatment. We know that various inhibitory
and stimulatory signals influence cancer cell phagocyto-
sis and immune recognition, which needs to be addressed
to optimize the antitumor response. Fortunately, modern
genetic screening tools may be used in the oncological
immune milieu to uncover PRs under physiological settings
and non-tumorigenic pathology. For example, the recently
popular CRISPR-Cas9 gene-editing technology has given
gene editing a major boost as the first tool in biomedical
history to efficiently, precisely, and programmatically mod-
ify the genome. CRISPR has emerged as a unique tool for
oncology drug target discovery and can be used to mutate,
suppress, or activate any targeted human gene. CRISPR-
Cas9 screening systems based on sgRINA libraries can help
us understand gene function and gene expression’s effect on
cells. The advancement of CRISPR-Cas9-based gene-editing
methods represents a significant breakthrough in biology.>5!
CRISPR-Cas9 libraries are an excellent resource for iden-
tifying critical genes involved in cancer cell survival and
therapy.>?



2300 Experimental Biology and Medicine

Volume 248 December 2023

0.5 1 0.5 |
0.4 - 0.4 |
O
3 0.3 1 Q 0.3 1
< 3
0.2 1 0.2 |
0.1 0.1
B cv_val B cv val
00 = —_ 0 0 m *
MinMax Zscore " ANOVA REE
0.5 1 0.5 |
0.4 1 0.4 1
O
S 0.3 1 © 0.3
< 2
0.2 1 0.2 1
0.1 0.1 -
B cv_val N cv vaI
0.0- —— 0.0 -
PCA pCC SVM LDA RF LRLRLassoAB DT NB
E Receiver operating characteristic curve
PCA feature 3 P
PCA_feature_24 N
(]
PCA feature 25 P §
PCA_feature_20 N <
E=
PCA_feature_55 P S
(]
PCA feature 16 N 2
PCA_feature_56 P
PCA_feature 37 P ,#° === cv_train (AUC = 0.868)
e === cv_val (AUC = 0.686)
PCA_feature_46 N 0.0 . . . .
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate
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In this study, we combined previously reported CRISPR-
Cas9 screens for genes that differ in expression between
normal and LGG tissues in TCG, regulators of cancer cell
phagocytosis, and CRISPR-Cas9 screens for | CERES | >0.5
that are crucial for the survival and proliferation of LGG
cell lines. Based on the above 24 specific PRs, we provided
a comprehensive analysis of expression differences, CNV,
SNV, and prognostic features. However, the NMF con-
sensus clustering approach was used to first categorize
molecular subgroups and then identify three PRs in the
TCGA-LGG cohort clusters, namely, C1, C2, and C3, and
the GSVA algorithm was used to comprehend variations in
TME across the three PRs-clusters. Because TME is critical
for immune evasion, local treatment resistance, and distant
tumor metastasis, its composition influences cancer immu-
nophenotypes and patient prognosis.>® Even though the
detected PRs-cluster can successfully predict the prognosis
of LGG patients, the underlying transcriptome alterations
in these subtypes are unknown. To this end, we were able
to establish three genetic subtypes, genecluster A, B, and
C, using DEGs across the three PRs-clusters. We show that
macrophage phagocytosis factor expression is strongly
related to prognosis and TME in LGG. Most importantly,
we developed and validated prognostic risk profiles for five
signature genes (NAPA, NDUFS7, ACLY, NXT1, and MYC),
classifying LGG patients into high- and low-risk groups.
NSF attachment protein alpha (NAPA) is a ubiquitous and
essential component of the membrane fusion machinery.
In the embryo, NAPA deletion is fatal. However, minor
changes in NAPA expression levels are linked to a variety
of pathological conditions, including several neurological
diseases, type 2 diabetes, and aggressive neuroendocrine
tumors.>**> NDUFS7 (NADH: Ubiquinone Oxidoreductase
Core Subunit S7) is an ATP citrate lyase (ACLY). It is a key
enzyme in cellular metabolism and is a major source of
acetyl coenzyme A, an important precursor for the biosyn-
thesis of fatty acids, cholesterol, and isoprene, and is also
involved in protein acetylation.5 Its expression has been
shown to be linked to hyperlipidemia and cardiovascular
disease. Other studies have highlighted its importance for
cancer progression®” and lipid-related diseases.® Several
other experimental studies have that elevated ACLY
expression level that is found in many different tumors and
that upregulation of ACLY expression regulates the prolif-
eration, growth, and invasiveness of cancer cells, includ-
ing gastric adenocarcinoma,” hepatocellular carcinoma,®
breast cancer,®! and colon cancer.®> Nuclear transport factor
2 like export factor 1 (NXT1) shuttles between the nucleus
and cytoplasm of postnatal animal cells and contributes
to the nuclear export of a variety of RNAs, but the genetic
profile of these molecules has not been thoroughly charac-
terized.®® MYC is critical in circulating progenitor cells born
from the proliferative zone during embryonic development
and in all proliferating cells after birth since the discovery
of the oncogene carried by the avian acute leukemia virus
MC29 in myeloblastomatosis® and its clone.®® In some cell
types and environments, MYC deletion results in cell cycle
exit or cell death, whereas MYC amplification or overex-
pression enhances cell proliferation and is present in many
malignancies.

Furthermore, PRs-riskscore is also an independent LGG
prognostic biomarker with high predictive value for OS and
immunotherapy, among others. Finally, to better serve the
clinical management, we attempted to distinguish high-risk
and low-risk LGG patients early based on their preoperative
head MRI images using multiple machine learning classi-
fiers, including plain Bayes, logistic regression, random for-
est, SVM, AdaBoost, LR-Lasso, and LDA for radiogenomics.
When the classifier model had nine features, it had AUC
degrees of 0.868 and 0.686 for the training and test datasets,
indicating high diagnostic efficacy. It is unclear how these
phagocytic regulators influence professional phagocytes’
tumor cell clearance at different stages of tumorigenesis and
in different cancers. More investigation is required from a
clinical perspective to ascertain how phagocytic checkpoint
blockers/stimulators might be added to the present cancer
immunotherapy paradigm. First, to maximize antitumor
responses, phagocytic checkpoints should be targeted in
addition to T cell immune checkpoint inhibitors now in use.
Tumors with low PD-L1 levels, for example, are less sensitive
to PD-1/PD-L1 axis blockade and may be more sensitive to
CD47-SIRPa interference. Similarly, adaptive immunother-
apy is based on the generation of specific T cell clones that
recognize tumor-associated neoantigens, which is correlated
with the degree of genomic alteration in tumor cells, and
phagocytic checkpoint blockade appears to be effective in
cancers with low mutational burden (e.g. AML). As a result,
a comprehensive PR analysis is required for immunotherapy
and prognostic prediction in patients with LGG.

This study, however, only collected data from the public
databases TCGA and CGGA to develop the model and was
not conditioned to collect our data to verify the PRs signa-
ture, which is a drawback of our work. We also limited our
attention to PRs in LGG cell lines, and further experimen-
tal verification is required. To further validate our immune
assessment results, we plan to conduct IHC experiments to
investigate the expression of specific immune-related mark-
ers, such as CD3, CD8, PD-L1, and others. These experiments
will allow us to visualize and quantify the presence and
localization of immune cells within the tumor tissues.

Conclusions

We developed an accurate and robust PR signature for pre-
dicting the prognosis of LGG patients. We discovered an
interaction between the tumor microenvironment and LGG
patient-specific PRs as a result of this. Different risk groups,
in particular, may represent different ADCP states in LGG
patients. Most importantly, our proposed radiogenomic
model is a non-invasive predictive approach combining
radiomic and genomic features and has shown effective and
sufficient performance in predicting treatment response and
survival outcomes in LGG patients. Further interdisciplinary
studies combining medicine and electronics are yet to be
explored.
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