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Machine learning model reveals the role e
of angiogenesis and EMT genes in glioma
patient prognosis and immunotherapy
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Abstract

Gliomas represent a highly aggressive class of tumors located in the brain. Despite the availability of multiple
treatment modalities, the prognosis for patients diagnosed with glioma remains unfavorable. Therefore, further
exploration of new biomarkers is crucial to enhance the prognostic assessment of glioma and to investigate
more effective treatment options. In this research, we utilized multiple machine learning techniques to assess
the significance of genes related to angiogenesis and epithelial-mesenchymal transition (EMT) in the context of
prognosis and treatment for glioma patients. The random forest algorithm highlighted the significance of CALU,
and further analysis indicated that the effect of CALU on glioma progression may be regulated by MYC. Different
machine learning approaches were employed in our investigation to uncover crucial genes associated with
angiogenesis and EMT in glioma. Our findings verify the connection between these genes and the prognosis of
patients with glioma, as well as the results of immunotherapeutic interventions. Notably, through experimental
verification, we identified CALU as a new prognostic marker for glioma, and inhibiting the expression of CALU can
impede the progression of glioma.
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Introduction

Gliomas represent a class of highly aggressive tumors
located in the brain [1]. Despite a variety of treatment
modalities—including surgical intervention, radiothera-
peutic measures, chemotherapy, and immune-based
therapies—the prognosis for those diagnosed with gli-
oma remains unfavorable [2]. The challenges in achieving
significant success with immunotherapy can be attrib-
uted to the complex characteristics of the tumor micro-
environment and the variety of strategies that allow for
immune evasion [3]. In recent years, various immuno-
therapeutic strategies for glioma, such as immune check-
point inhibitors and CAR-T cell therapies, have been
gradually implemented; however, their effectiveness is
still hampered by several factors [4]. Progress in molecu-
lar biology has improved our comprehension of glioma
origins and has unveiled related genetic abnormalities
in a clinical context. It is essential to identify further
immune-related molecular markers to enhance prognos-
tic assessments for glioma and to investigate more effec-
tive therapeutic alternatives.

Studies suggest that this microenvironment contains
a high density of immunosuppressive cells, including
regulatory T cells (Tregs) and tumor-associated mac-
rophages (TAMs) [5, 6]. These immune cells disrupt
anti-tumor responses through the secretion of numer-
ous inhibitory substances. For instance, recent stud-
ies have demonstrated a significant correlation between
TAM proliferation and tumor aggressiveness, which may
offer new clinical markers for evaluating tumor progno-
sis [7]. Moreover, the tumor immune microenvironment
not only affects tumor progression but also plays a vital
role in how tumors respond to immunotherapy [8—10].
Another critical aspect of glioma growth and advance-
ment is angiogenesis. Glioma cells enhance angiogen-
esis by releasing factors like vascular endothelial growth
factor (VEGEF), which is crucial for delivering the neces-
sary oxygen and nutrients to fuel tumor expansion [11].
For instance, research by Ishikawa et al. highlights that
elevated VEGF levels are strongly linked to patient out-
comes, and treatments targeting VEGF have demon-
strated encouraging clinical results [12]. Additionally,
the link between angiogenesis and tumor invasiveness
and metastasis has led to significant interest in devel-
oping therapeutic strategies that focus on inhibiting
angiogenesis.

Another important line of inquiry in glioma research is
the epithelial-to-mesenchymal transition (EMT), which
entails the conversion of tumor cells from an epithelial
configuration to a mesenchymal one, thereby increasing
their ability to migrate and invade [11]. Recent studies
have demonstrated a close relationship between EMT
and the prognosis of glioma. Specifically, research indi-
cates that the activation of the EMT process in glioma
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cells enhances their migratory capabilities and confers
drug resistance [13]. Moreover, the interplay between
angiogenesis and EMT has garnered increasing attention,
with evidence suggesting that these two processes may
interact to promote tumor invasion and metastasis [14].
Additionally, studies have revealed a significant correla-
tion between angiogenic activity and the expression lev-
els of EMT markers in glioma patients, underscoring the
importance of considering angiogenesis when investigat-
ing the biological characteristics of glioma and EMT [15].
This understanding could provide a theoretical founda-
tion for the development of new treatment strategies.
The utilization of machine learning techniques in the
realm of biomedical research has experienced a consis-
tent rise in recent years [16, 17]. The strong capabilities of
these methods in data processing and pattern recognition
empower researchers to glean essential features from a
wide range of gene expression datasets. As a result, lever-
aging machine learning technology to pinpoint genes
linked to angiogenesis and EMT provides an innovative
strategy for the early identification of glioma, tracking
disease progression, and formulating personalized immu-
notherapy approaches. In this investigation, we employed
a variety of machine learning algorithms to assess the rel-
evance of genes associated with angiogenesis and EMT
in the prognosis and treatment of glioma patients. The
random forest algorithm underscored the crucial sig-
nificance of CALU, and further experiments validated its
substantial predictive value for glioma prognosis.

Materials and methods

Datasets and patient samples

This research employed the TCGA-GBM+LGG data-
set to pinpoint genes linked to angiogenesis and EMT.
Furthermore, the analysis incorporated RNA sequenc-
ing data along with clinical details derived from the
TCGA-GBM+LGG dataset. Prognostic models were
constructed and evaluated using data obtained from the
TCGA-GBM+LGG, GSE43378, and GSE83300 datas-
ets. The TCGA-GBM+LGG dataset comprised a total
of 665 samples, including 153 patients with GBM and
512 patients with LGG. Among these, 247 patients had
died, while 418 survived. Additionally, the GSE43378 and
GSEB83300 datasets each included 50 samples from their
respective groups for the study.

WGCNA algorithm identifies metastasis-related genes

Employing the “WGCNA'’ package, we first evaluated the
TCGA-GBM+LGG dataset for any missing data and per-
formed sample clustering to pinpoint outlier samples. We
then selected optimal power values to create a proximity
matrix, ensuring that the gene distribution based on con-
nectivity conformed to a scale-free network model. Fol-
lowing this, we computed topological overlap matrices,
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carried out gene clustering, recognized dynamically
spliced modules, and combined similar modules, each
containing at least 100 genes. In the end, we determined
correlation coefficients and p-values for various modules
alongside their clinical characteristics, which allowed us
to analyze the connections between these modules and
their respective genes, identifying those most closely
linked to angiogenesis and EMT.

Subgroup analysis

The expression profiles obtained from RNA sequencing,
along with relevant clinical data for GBM and LGG, were
extracted from the TCGA dataset. A consistency analy-
sis was conducted utilizing the ConsensusClusterPlus R
package (version 1.54.0), allowing for a maximum of 6
clusters, and sampling 80% of the complete set of samples
across 100 iterations. The clustering technique employed
was ‘hc; using the ‘ward.D2’ linkage function. Clustering
heatmaps were created with the pheatmap package in R
(version 1.0.12).

Correlation analysis of immune infiltration and
immunotherapy

To ensure a reliable evaluation of immune score results,
we utilized the immunedeconv R package [18]. Each algo-
rithm within this package has been extensively validated
and offers distinct advantages. In this study, we chose the
XCELL method because of its capability to assess a wider
range of immune cell types.

Building prognostic models

To create a diagnostic model for glioma that is both pre-
cise and reliable, we employed a range of machine learn-
ing algorithms in various pairings. The training dataset
was sourced from TCGA-GBM+LGG, while validation
was conducted using the GSE43378 and GSE83300 data-
sets. Each algorithmic pairing was assessed using the
Area Under the Curve (AUC) metric, allowing us to pin-
point the combination with the highest average AUC as
the most successful model.

Cell culture and transient transfection

Cell lines HA, U87, and U251 were acquired from Beijing
Bena Biotechnology Co. located in Beijing, China. The
cells were maintained using DEME F-12 medium with
10% EBS (Gibco, USA). For the negative control (NC) and
siRNA targeting CALU or MYC (Sagon, China), trans-
fection into the cells was conducted with Lipofectamine
2000 (Invitrogen, Thermo Fisher, USA). Interference
sequences of small interfering RNA can be found in Sup-
plementary Table 1.
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Quantitative real-time polymerase chain reaction (qRT-
PCR)

Total RNA was extracted from HA, U87, and U251 cell
lines using the TRIzol reagent (Thermo Fisher, USA). A
c¢DNA synthesis was performed from 500 ng of RNA with
the HiScript II SuperMix (Vazyme, China). The qRT-PCR
was conducted on the ABI 7500 System (Thermo Fisher,
USA) utilizing SYBR Green Master Mix. The amplifica-
tion conditions for PCR included 45 cycles set at 94 °C
for 10 min, followed by 10 s at 94 °C, and then 45 s at
60 °C. GAPDH served as the internal control. The list
of primer pair sequences for the targeted genes can be
found in Supplementary Table 2.

Western-blot

Total protein from cells or tissues was extracted using
RIPA buffer. After quantification, equal amounts of pro-
tein were separated by 10% SDS-PAGE and transferred
onto the PVDF membrane. After blocking with 5% skim
milk for 2 h, the antibodies was incubated overnight at
4 °C, respectively. Subsequently, the membrane was incu-
bated with a secondary antibody at room temperature
for 2 h. Immunoblotting was visualized using an ECL kit
(Beyotime, Shanghai) and observed with Chemilumines-
cent Imaging (Tanon 4600 SE, China). The list of antibod-
ies can be found in Supplementary Table 3.

EdU (5-Ethynyl-2’-deoxyuridine) assay

EdU detection was performed using the Kit (BeyoClick™
EdU-594, Beyotime, China). After washing with PBS,
cells were cultured with the EdU solution for 2 h, fol-
lowed by staining of the cell nuclei with DAPI solution.
After washing, cells were observed under an inverted
microscope (Lecial, Germany).

Cell counting Kit-8 (CCK-8) assay

Cell viability was measured using the CCK-8 assay (Beyo-
time, China). Cells were seeded at a density of 1x10"4
cells per well in a 96-well plate for different treatments.
CCK-8 solution was applied at specified time points.
After incubating at 37 °C for 2 h, each well’s optical den-
sity (OD) at 450 nm was measured using a microplate
reader (Thermofisher, USA).

Tube formation assays

Tube formation assays were performed using Matrigel
basement membrane matrix (Corning Incorporated,
356234, USA). First, Matrigel was added to 96-well plates
using an ice-cold pipette tip at approximately 40 uL per
well and incubated at 37 C to solidify. Then, 1.2x104
HUVECs were seeded into the solidified Matrigel.
After 3 h versus 12 h of incubation, the cells were pho-
tographed using an inverted light microscope (Lecial,
Germany).
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Statistical analysis

The Wilcoxon rank-sum test was utilized to assess the
expression levels of genes linked to angiogenesis and
EMT in both glioma tissues and normal tissue samples.
For the purpose of evaluating prognosis, the log-rank test
was performed. A p-value of less than 0.05 was consid-
ered statistically significant.

Result

Identification of key regulatory genes for angiogenesis and
EMT in gliomas

Initially, we calculated the angiogenesis and EMT scores
for glioma samples from the TCGA database using the
ssGSEA method, subsequently grouping the samples
based on the median score. Prognostic analysis revealed
that both the high angiogenesis score group and the
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high EMT score group exhibited poor patient progno-
sis (Fig. 1A-B). The analysis of gene co-expression net-
works aims to identify co-expressed gene modules and
investigate how gene dynamics correlate with specific
phenotypes of interest. The datasets TCGA-GBM and
LGG comprise 153 GBM samples and 513 LGG samples,
respectively. To ensure adherence to the ideal proper-
ties of scale-free network distributions, it is essential to
select appropriate parameter values for the adjacency
matrix weights, referred to as ‘powers’ This power value
is determined to range from 1 to 30 when calculating the
corresponding correlation coefficient and average net-
work connectivity. In this study, a power value of 22 was
employed (Fig. 1C-D). To evaluate the correlation coef-
ficients between the characteristic genes and module
traits, the Pearson correlation algorithm was utilized.

o Module-trait relationships
A 1.00 ey C Scale Independence — F 0% - Uni_cox Pvalue Hazard Ratio(95% Cl)
sooe | ¢ osd 202 % | MEgreenyeliow 2055 %
z P 1 (3e725) ©5) o
g H 1416 CALU <0.0001 2.30714(2.07189,2.56911) sl
2 £ 06 048
8 075 @ 10 » MEblue (3e-41) CASP6 <0.0001 2.9162(2.53382,3.35629) ——
o £ 04 9
s 3 031
g H s MEgreen o1 €276 <0.0001 2.71731(2.37218,3.11267) o
2 050 2 52 (8e=17)
a g 7 0.45 0.23
s £ se MEmagenta (2o-36) arsy Los COL4AT <0.0001 1.5336(1.44065,1.63254) L]
9 13
3025 ' 052 013 COL4A2 <0.0001 1.576(1.47213,1.6872) L]
forg s MEpurple (60-50) (50.04)
3 04 EDEM2 <0.0001 3.73225(3.13509,4.44315, —_—
000]P<0001 Fooaq 12 MEblack ) e ¢ )
———T—T— T
0 2000 4600 6000 St 15 2 2 3 FNDC3B <0.0001 2.96856(2.56676,3.43325) —_—
Time (days) Soft Threshold(power) MEbrown &2, 002 Lo
B 1.00 Y . D Mean Connectivity FSTL1 <0.0001 2.0216(1.84697,2.21275) i
- ngiogenesis score _ =
9re9 1 MEyellow (Ugg;) 22
- (6e-09) HEXB <0.0001 3.46207(2.97026,4.03741) —
2 8000 -
ES ; -0.47
3 0.75 . MEpink (8-39) IKBIP <0.0001 3.15458(2.72369,3.65364) —_—
s g oo ME Sz 2229 05 ITGA <0.0001 2.00727(1.83058,2.20101 o
% 020 ¥ N turquoise 655 (s as) 5 (1.83058, )
g 2 4000 | MEred (—12;239) KDELR2 <0.0001 3.20752(2.82581,3.84796) ——
2 g 5
§ 025 -0.18 LAMC1 <0.0001 2.05512(1.85678,2.27463) L
é w00 4 MEtan (26-06)
%, 05 L, PDIA4 <0.0001 2.75855(2.40826,3.1598) i
0.0, P<0-001 N 891012 1416182022 24 26 28 30 MEgrey (86-33) -
c 5 o 15 2 2 30 PLP2 <0.0001 1.86942(1.73378,2.01568)
0 2000, @90 600 Soft Threshold(ponen) G EMTscore  Angiogenesis score
RAB42 <0.0001 2.32734(2.10695,2.57077) -
E ° Cluster Dendrogram MEblue ( )
oo [GPEM2 BLEK2 SERPINH1  <0.0001 1.99758(1.83199,2.17815) ]
@ \ STEAP3 <0.0001 1.86094(1.7235,2.00935) W
S gDIAd Kep \ RTAN1
WDELRE. 5 g TRAM1 <0.0001 3.50224(3.00041,4.3008) ——
= . BALUN ENERAI A N2 _HEXB
23 AN\ A S BABSY 7 TUBAIC <0.0001 2.07416(1.9004,2.26381) ]
= SERPINHEEC T iGis XA TT T T T
o ﬁFf{?‘N"‘g WUELP / 15225 3 35 4 45
s /N et oy @{lau RABAZ  SERPyy, Hazard Ratio
GOL4ATFBAS—~ s SIFE
// s 12/T§EMW§’C§'~, .
o bt 7 psTit MY'-W Ch
R L N\ EaN 1aA1
POPN
Dy"am‘cﬁ%e)c'" |‘||I‘| Ill ‘ | |- QoLan2 e BABA; B0 yeos
G248
M |‘||I‘| Ill ‘ | _ ;
H G gAsPs BKEPO
Normal
. Tumor
10 5 e . -
o 8 - - 3 ]
% (‘ o
6 e
g A S 1 i A
g _ =
& a1 B Y )8
N a ® s
0- T

© \4 Gy A
T W o o (P pe\—":l'
< oS

N3 S Y A
O (o2 S e ¥

<

n o N
ISR CAIRC RS S e RSCaPS

Fig. 1 lllustrates the identification of essential regulatory genes using the WGCNA algorithm. (A-B) Assessment of Angiogenesis Score, EMT Score, and
Patient Prognosis in Glioma cases. (C-D) Specifications for constructing the WGCNA network. (E) The upper part of the figure displays the gene clustering
dendrogram generated from the weighted correlation coefficients, whereas the lower part shows how genes are distributed among different modules.
(F) A heatmap depicting relationships between traits and modules. (G) Map of interactions among genes related to angiogenesis and EMT. (H) Compara-
tive analysis of the expression levels of angiogenesis and EMT-associated genes. (1) Forest plot illustrating the prognosis associated with angiogenesis and

EMT-related genes. (J) Analysis of correlations among the genes linked to angiogenesis and EMT
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Notably, genes within the blue module demonstrated the
strongest correlation with angiogenesis and EMT scores,
with correlation coefficients of 0.79 and 0.48, respectively
(Fig. 1E-F). Subsequently, we collected the top 50 genes
from the blue module for interaction analysis (Fig. 1G).
Among these 50 key regulatory genes, 20 were found to
be highly expressed in TCGA-GBM and LGG and exhib-
ited predictive value for prognosis (Fig. 1H-I). We also
analyzed the correlation among these genes (Fig. 1J).

Functional analysis of key regulatory genes for
angiogenesis and EMT

Initially, we utilized KEGG and GO analyses to explore
the possible roles of genes that regulate angiogenesis
and EMT. The findings from the KEGG analysis showed
that these genes were linked to ECM-receptor interac-
tions, focal adhesions, human papillomavirus infections,
and the PI3K-Akt signaling pathway. Additionally, the
GO enrichment analysis demonstrated that these genes
were connected to the endoplasmic reticulum, tissue
development, angiogenesis, and the response to growth
factors (Fig. 2A-B). The CancerSEA database interprets
various functional states of cancer cells at the single-cell
level and serves to examine the roles of these 20 genes
in gliomas. Our findings indicated that these genes play
a role in metastasis, angiogenesis, invasion, and epithe-
lial-mesenchymal transition (EMT) (Fig. 2C). Further-
more, via the GSCA database, we found that these genes
were mainly linked to the activation of the PI3K-Akt
signaling pathway, processes related to the cell cycle,
and EMT (Fig. 2D). The objective of our analysis was to
construct gene interaction networks through a friend
analysis, applying network topology to evaluate the sig-
nificance of genes and identify key players. Importantly,
CALU was identified as the central gene within this net-
work (Fig. 2E). Subsequently, we constructed a heat map
illustrating the co-expression relationships among these
genes (Fig. 2F). Finally, we analyzed the expression differ-
ences of these 20 genes across various stages. Our results
indicated that all genes exhibited significant differences
across different grades, with higher expression levels cor-
responding to higher grades (Fig. 2G).

Consistent clustering analysis based on angiogenesis and
EMT related genes

A thorough clustering analysis was conducted to examine
the expression levels of genes associated with angiogen-
esis and EMT within the datasets from TCGA-GBM and
LGG. An important technique employed in consensus
clustering involves determining the optimal number of
clusters, known as the K value. The analysis of the cumu-
lative distribution curve, along with the area under this
curve, demonstrates that the internal consistency of the
clustering reaches its maximum when K is set to 2. This
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indicates that the clustering structure is optimally cate-
gorized into two groups. In addition, detailed clustering
heatmaps were generated for the scenario where K equals
2, which visually represents the relationships and differ-
ences in gene expression associated with the two identi-
fied clusters (Fig. 3A-D). In this context, samples from
TCGA-GBM and LGG were divided into two distinct
clusters: cluster 1 comprises 225 samples, whereas cluster
2 consists of 441 samples. Significant differences in the
expression levels of all genes associated with angiogenesis
and EMT were observed between the two clusters, with
every gene exhibiting markedly elevated levels in cluster
1 (Fig. 3E). The occurrence of angiogenesis and EMT is
often associated with a worse prognosis for patients. As a
result, we conducted an analysis to compare overall sur-
vival, progression-free survival, and disease-free survival
outcomes between the two groups. Our results indicated
that individuals in Group 1 exhibited consistently worse
prognoses in terms of overall survival, progression-free
survival, and disease-free survival (Fig. 3F-H). In order
to explore the fundamental causes and mechanisms
that lead to the marked prognostic disparities observed
between the two patient groups, we performed KEGG
set enrichment analysis. Our results reveal that cluster 1
samples show significant enrichment for Epstein—Barr
virus infection, ECM —receptor interaction, and the TNF
signaling pathway. Conversely, cluster 2 samples exhibit
significant enrichment for Neuroactive ligand—recep-
tor interaction, the Calcium signaling pathway, and the
MAPK signaling pathway (Fig. 3I-J). Components in the
ECM, such as collagen, fibronectin, and matrix mem-
brane proteins, can bind to surface receptors on endothe-
lial cells and tumor cells, leading to the release of various
growth factors that activate signaling pathways and pro-
mote blood vessel growth and EMT progression [20, 24].
The activation of the TNF signaling pathway can facilitate
both EMT and angiogenesis [21]. For instance, TNF can
upregulate transcription factors such as Snail and Twist,
which are crucial in the EMT process, resulting in altera-
tions in cell morphology and function. Additionally, TNF
can stimulate the proliferation and migration of endo-
thelial cells within the tumor microenvironment, thereby
fostering the formation of new blood vessels. In cluster
2, The activation of the MAPK signaling pathway, par-
ticularly the ERK pathway, can enhance the proliferation
and migration of tumor-associated endothelial cells, thus
supporting new blood vessel formation [22]. Moreover,
the MAPK signaling pathway, especially the p38 and JNK
pathways, plays a significant role in the EMT process by
activating transcription factors, which are key regulators
of EMT and promote changes in cell morphology [23].
The above conclusions all confirm the potential mecha-
nism by which the relevant signaling pathways in cluster
1 and cluster 2 play an important role.
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Fig.2 Genes involved in angiogenesis and epithelial-mesenchymal transition (EMT). (A-B) KEGG and GO analyses for genes related to angiogenesis and
EMT. (C) Functional assessment of angiogenesis and EMT-associated genes using the CancerSEA database. (D) Functional evaluation of angiogenesis
and EMT-associated genes based on the GSCA database. (E) Analysis of key genes in angiogenesis and those associated with EMT through interaction
studies. (F) Heatmap illustrating the co-expression of genes linked to angiogenesis and EMT. (G) Comparison of angiogenesis and EMT gene expressions
between glioma and normal tissues

Correlation analysis of angiogenesis and EMT-related

genes with patients’immunotherapy

Initially, we assessed the infiltration levels of different
immune cell types within the TCGA-GBM and LGG
datasets by utilizing the XCELL algorithm. Notably, clus-
ters 1 and 2 exhibited significantly increased infiltration
levels of activated myeloid dendritic cells, mast cells,
neutrophils, plasma B cells, regulatory T cells (Tregs),
and natural killer (NK) T cells in cluster 1 when com-
pared to cluster 2. In contrast, the levels of CD4+mem-
ory T cells, CD4+naive T cells, CD4+effector memory

T cells, CD8+naive T cells, CD8+central memory T
cells, class-switched memory B cells, common lymphoid
progenitors, myeloid dendritic cells, endothelial cells,
eosinophils, M2 macrophages, M1 macrophages, mac-
rophages, monocytes, plasmacytoid dendritic cells, and
CD4+Th2 T cells were found to be heightened in cluster
2 (Fig. 4A-B). Following this, we presented the percent-
age abundance of tumor-infiltrating immune cells for
each sample from the TCGA-GBM and LGG datasets
(Fig. 4C). The research results indicate that the immune
score in cluster 2 is significantly higher than that in
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Fig. 3 illustrates the classification of angiogenesis and EMT-associated genes in gliomas. (A) A representation of the cumulative distribution curve
is shown. (B) The area curve of the CDF Delta is depicted. (C) A distribution map of samples is presented. (D) A heatmap demonstrating clustering is
provided. (E) An analysis of the differential expression of angiogenesis and EMT genes across various clusters is performed. (F-H) The overall survival,
progression-free survival, and disease-free survival differences among the clusters are assessed. (I-J) A gene enrichment analysis is carried out across the

distinct clusters
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Fig. 4 Examines the relationship between angiogenesis, EMT genes, and immunotherapy. (A-B) Evaluation of the differences in immune cell infiltration
across different clusters. (C) Percentage of tumor-infiltrating immune cells for each sample. (D) Assessment of patient responses to predicted immune
checkpoint inhibitors in various clusters utilizing the TIDE algorithm. (E) Comparison of Temozolomide IC50 scores among clusters

cluster 1. It is well established that a high immune score
is typically associated with enhanced tumor immune
activity, suggesting the presence of a greater number of
anti-tumor immune cells, which can serve as a predictor
for improved responses to immunotherapy. This finding

also elucidates why patients in cluster 2 exhibit a better
prognosis. Cancer immunotherapy encompasses thera-
peutic approaches that harness the immune system of the
body to eradicate cancerous cells. The advent of immune
checkpoint blockade (ICB) therapy has transformed



Feng et al. Biology Direct (2024) 19:113 Page 9 of 19

cancer treatment. We utilized the Tumor Immune Dys-  Constructing prognostic models
function and Exclusion (TIDE) algorithm to identify To delve deeper into the prognostic relevance of genes
two distinct subtypes for evaluating the responsiveness associated with angiogenesis and EMT in individu-
to immune checkpoint inhibitors. A high score on the als diagnosed with GBM and LGG, we included the
TIDE scale suggests limited effectiveness of ICB therapy = GSE43378 and GSE83300 datasets in our examination.
and a reduced survival duration after ICB intervention. To improve the accuracy of prognostic predictions for
Our findings reveal that cluster 1 has a TIDE score that  patients with GBM and LGG, we utilized a variety of
is elevated, indicating that individuals within this cluster  algorithmic combinations to create prognostic models.
are likely to have a limited response to ICB (Fig. 4D). In  Our findings revealed that the model developed through
addition, we examined the variations in the IC50 scores  the Random Survival Forest (RSF) algorithm exhibited
of Temozolomide across the different clusters (Fig. 4E). remarkable predictive performance, attaining an aver-
age area under the curve (AUC) of 0.747 across the three
datasets (Fig. 5A). We also presented the number of
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Fig. 5 depicts the constructed model utilizing the RSF algorithm, recognized as the most efficient prognostic model. (A) Shows AUC values for diag-
nostic models formulated through various algorithmic combinations. (B) Displays the number of genes included by different algorithms. (C-E) Present
analyses of risk scores from two different datasets. (F-H) Investigate the predictive capacity of risk scores concerning the prognosis of glioma patients. (I)
Examines the differences in immune cell infiltration levels between high-risk and low-risk cohorts. (J) Forecasts patient responses to anticipated immune
checkpoint inhibitors across various clusters using the TIDE algorithm. (F) Compares differences in Temozolomide IC50 values between high-risk and
low-risk groups
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genes included in different machine learning algorithms.
The prognostic model developed by the RSF algorithm
encompassed all 20 angiogenesis and EMT-related genes
(Fig. 5B). Patients were stratified into groups based on
the median value of the Riskscore, with those exceeding
the median classified as the high-risk group and those
below the median as the low-risk group. In the TCGA-
GBM+LGG dataset, along with the GSE43378 and
GSEB3300 datasets, it was consistently observed that the
overall survival rates for patients classified in the high-
risk category were lower compared to those in the low-
risk category (Fig. 5C-E). The predictive relevance of the
risk score for patient prognosis at 1, 2, and 3 years was
confirmed through Receiver Operating Characteristic
(ROC) curves (Fig. 5F-H). Additionally, we examined
the variations in immune cell infiltration levels between
the high-risk and low-risk groups within the TCGA-
GBM+LGG dataset. Our analysis demonstrated notable
differences in the infiltration levels of 23 distinct types
of immune cells across these groups (Fig. 5I). Moreover,
we evaluated the reaction to ICB therapy and the varia-
tions in Temozolomide IC50 values between the two
groups of patients. Our findings revealed that the TIDE
scores, along with the Temozolomide IC50 values, were
elevated in the high-risk cohort relative to the low-risk
cohort. This suggests a diminished response to ICB ther-
apy in the high-risk group, as well as a lesser sensitivity to
Temozolomide when compared with the low-risk group
(Fig. 5]-K).

CALU is a key regulatory gene for angiogenesis and EMT

To identify the most critical genes associated with angio-
genesis and EMT, we employed the random forest algo-
rithm to determine the top ten key regulatory genes
in the TCGA-GBM+LGG, GSE43378, and GSE83300
datasets. Notably, three genes—CALU, CASP6, and
KDELR2—were consistently identified among the top
ten genes across all three datasets (Fig. 6A-C). We fur-
ther refined our selection of key genes using GOsem-
sim, which revealed that CALU emerged as the most
significant regulatory gene; thus, we designated it as
the primary regulatory gene for angiogenesis and EMT
(Fig. 6D). In the TCGA-GBM +LGG dataset, we included
variables such as sex, race, grade, therapy, radiation, and
new tumor status to analyze CALU expression levels and
the distribution of samples at various stages (Fig. 6E-]).
Our analysis revealed significant differences in the dis-
tribution of individuals across cluster 1 and cluster 2,
influenced by factors such as race, grade, radiotherapy
status, and various treatment methods. Furthermore,
we classified the TCGA-GBM+LGG samples accord-
ing to the expression levels of CALU—specifically high
and low—and explored the variations in the infiltration
levels of different types of immune cells. Our findings
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revealed notable discrepancies in the infiltration levels of
19 distinct immune cell types (Fig. 6K). Furthermore, we
confirmed that the CALU high expression group exhib-
ited poorer outcomes following ICB treatment (Fig. 6L).
Finally, we assessed the correlation between CALU
expression and Temozolomide IC50 scores, revealing a
negative correlation between the two (Fig. 6M).

Functional analysis of CALU in gliomas

In the TCGA-GBM+LGG dataset, we established the
median expression level of CALU as a benchmark.
Samples with CALU expression above the median were
categorized within the high CALU expression group,
whereas those with lower levels were placed in the low
CALU expression group (Fig. 7A-B). KEGG analysis
showed that the genes with elevated expression were
linked to pathways such as Human papillomavirus infec-
tion, Focal adhesion, Phagosome, ECM-receptor inter-
action, Human T-cell leukemia virus 1, Cell cycle, and
Angiogenesis. On the other hand, the downregulated
genes were associated with pathways including Neuro-
active ligand-receptor interaction, cAMP signaling path-
way, Retrograde endocannabinoid signaling, Morphine
addiction, Calcium signaling pathway, and Oxytocin sig-
naling pathway. GO analysis indicated that the genes that
were upregulated participated in processes like extracel-
lular matrix organization, extracellular structure organi-
zation, as well as collagen binding, collagen-containing
extracellular matrix, and endoplasmic reticulum lumen.
Conversely, the genes that showed downregulation were
related to the modulation of chemical synaptic transmis-
sion, the regulation of membrane potential, gated chan-
nel activity, ion channel activity, synaptic membrane,
and glutamatergic synapse (Fig. 7C-F). In the results
presented above, we have directly enriched the angiogen-
esis pathway, which reflects the accuracy of our screen-
ing for key genes associated with angiogenesis and EMT.
Additionally, focal adhesion serves as the connection
point between cells and the ECM, playing a crucial role
in cell survival, migration, proliferation, and differentia-
tion. During angiogenesis, endothelial cells must migrate
to form new blood vessels. Focal adhesion facilitates this
migration and alignment of endothelial cells by providing
signals that support both cell adhesion and movement.
In the context of EMT, epithelial cells lose their capac-
ity to adhere to neighboring cells and the matrix, with
the disorganization of focal adhesions representing a key
step in this process. This change is achieved through the
downregulation of epithelial cell adhesion molecules,
such as E-cadherin, and the upregulation of mesenchy-
mal cell characteristics, such as N-cadherin. Among the
results from the downregulated gene set analysis, the
cAMP signaling pathway emerges as a significant regula-
tor of cellular functions, influencing multiple processes
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Fig. 6 illustrates the Random Forest algorithm'’s identification of essential genes related to angiogenesis and epithelial-mesenchymal transition (EMT).
Panels (A-D) showcase the determination of the most significant angiogenesis and EMT genes across various datasets. Panels (E-J) present a comparison
of clinical characteristics distributions among the groups. Panel (K) examines the differences in levels of immune cell infiltration between groups express-
ing high and low levels of CALU. Panel (L) forecasts patient response to anticipated immune checkpoint inhibitors across different groups by employing
the TIDE algorithm. Finally, panel (M) conducts a correlation analysis between CALU expression and the IC50 score of Temozolomide
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in endothelial cells, including proliferation, migration,
and blood vessel formation. An increase in cAMP can
occur through various receptors, including p-adrenergic
receptors, and their downstream effectors, such as pro-
tein kinase A (PKA). Furthermore, the cAMP signal-
ing pathway plays a regulatory role in the EMT process.

Studies indicate that elevated cAMP levels can modulate
the expression of EMT-related transcription factors by
influencing downstream signaling pathways, such as PKA
and CREB. These transcription factors are instrumental
in promoting the transformation of epithelial cells into
mesenchymal cells. In summary, the findings presented
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above suggest potential mechanisms by which CALU
regulates angiogenesis and EMT.

Analysis of the mechanism of action of CALU in gliomas
We collected gene sets associated with relevant pathways
and sequentially calculated the enrichment score of each
sample for each pathway using the ssGSEA algorithm,
thereby establishing the connection between samples
and pathways. By analyzing the correlation between
CALU expression and pathway scores, we elucidated the
relationship between CALU and various pathways. Our
findings revealed significant connections between CALU
and genes related to the extracellular matrix (ECM),
angiogenesis, apoptosis, ECM degradation, MYC tar-
gets, ferroptosis, EMT markers, and DNA replication,
all of which exhibited a positive regulatory relationship
(Fig. 8A). To assess the potential of CALU as a drug tar-
get for glioma, we conducted molecular docking studies
involving glioma therapeutic drugs and CALU to evalu-
ate their binding affinity. We observed that the drugs
examined (Temozolomide, Erlotinib, and Gemcitabine)
demonstrated a strong binding ability to CALU (Fig. 8B).
Based on this analysis, we identified a significant rela-
tionship between CALU and MYC, a well-known tran-
scription factor. We further investigated the possibility of
a transcriptional regulatory relationship between the two
and found that MYC was significantly enriched in the
promoter region of CALU (Fig. 8C).

Knockdown of CALU inhibits glioma progression
First, we detected CALU transcripts in the normal astro-
cyte cell line HA compared with glioma cell lines U87
and U251 by PCR. CALU transcripts were significantly
upregulated in glioma cell lines (Fig. 9A and B). Based
on this finding, we designed two small interfering RNAs
(si CALU#1 and si CALU#2) against CALU and verified
the interference efficiency in U87 and U251 cell lines.
si CALU#1 exhibited the highest CALU inhibition effi-
ciency, and subsequent experiments used si CALU#1 (si
CALU) (Fig. 9C and D). Inhibition the transcription of
CALU in U87 and U251 resulted in a significant decrease
in the number of clones formed and a significant decrease
in the percentage of EQU-positive cell counts. CCK8 sug-
gests that cell viability of U87 and U251 was also down-
regulated upon CALU inhibition (Fig. 9E and J). Finally,
we examined the transcript levels of apoptosis and EMT-
related markers in U87 and U251 by PCR after inhibiting
CALU transcription. After CALU inhibition, the apop-
tosis level of glioma cells increased (BAX up-regulated;
BCL2 down-regulated), while EMT markers decreased
(CDH1 up-regulated; CDH2, VIM and SNAIL down-reg-
ulated) (Fig. 9K and L).

Subsequently, we detected protein concentrations of
CALU as well as EMT-related markers in HA, SW1088,
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U87, and U251 cell lines by western-blot, with SW1088
representing LGG. Concentrations of CALU as well as
EMT (decreased CDHI; increased CDH2, VIM) were
significantly elevated in glioma cell lines compared to
HA. SW1088, as an LGG cell line, showed a decrease in
CALU and EMT compared to GBM cell lines (U87 and
U251), representing an increase in CALU and EMT with
tumor grade (Fig. 10A and B). To investigate whether
CALU promotes EMT in glioma cell lines, we inhibited
CALU expression in U87 and U251 using small interfer-
ing RNA against CALU (si-CALU). The results of West-
ern-blot showed that si-CALU was effective (Fig. 10C
and E). Ablation of CALU significantly suppressed EMT
in glioma cell lines (U87 and U251) as evidenced by a
reversal of CDHI1 and a decrease in CDH2 and VIM
(Fig. 10C and F). We also examined the concentrations of
angiogenesis-related cytokines in the medium superna-
tants of U87 and U251 after ablation of CALU by ELISA.
Ablation of CALU significantly reduced the concentra-
tions of VEGF-a, HIF-1a, and TGF-B1 in the medium
supernatants, suggesting a positive effect of CALU on
tumour angiogenesis (Fig. 10G and H). The tube-form-
ing ability of HUVECs, an endothelial cell line cultured
in vitro, was significantly inhibited after CALU ablation
using U87 and U251 conditioned media (Fig. 10I and L).
Interestingly, ablation of CALU significantly reduced the
transcript levels of CD133 and SOX2 in U87 and U251,
even though we did not have glioma stem cell (GCS) vali-
dation, which could partly suggest that CALU may pro-
mote glioma stemness and recurrence (sFig 1 A-1D).

Knockdown of CALU increases drug efficacy

To test whether knockdown of CALU can promote
the efficacy of drug therapy. We examined cell viability
(CCKB8) as well as proliferative capacity (EdU) of U87 and
U251 cell lines that received different treatments (Con,
si-CALU and si-CALU+drugs). The combination of si-
CALU with temozolomide, erlotinib and gemcitabine all
significantly reduced the cell viability and proliferation
of U87 and U251, suggesting that ablation of CALU con-
tributes to the enhancement of drug efficacy (sFig 2 and
sFig 3).

MYC regulates CALU to promote glioma progression

Since the results of bioinformatics suggested that CALU
was regulated by ¢-MYC (MYC), we examined the pro-
tein concentration of MYC in U87 and U251 cell lines
firstly, and the results of western-blot suggested that
the expression of MYC was up-regulated in U87 and
U251 compared to HA (Fig. 11A and D). Subsequently,
we constructed MYC-knockdown cell lines of U87 and
U251. After MYC ablation, protein concentration of
CALU decreased significantly and was accompanied by a
decrease in EMT (recovery of CDH1, decrease in CDH2
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and VIM) in U87 and U251 (Fig. 11E and H). Also, the
medium supernatants of U87 and U251 after CALU
ablation did not promote the tube-forming ability of
HUVEC:s (Fig. 111 and L).

Discussion

Tumors of the central nervous system most commonly
include gliomas, which are marked by their rapid growth
and aggressive characteristics [24]. Although there have
been improvements in treatment approaches, glioma
patients experience notable differences in overall survival
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glioma cell lines were upregulated; EMT levels were downregulated

rates, largely due to elevated instances of local recurrence
and progression of malignancy [20]. Hence, it is essential
to discover new and effective molecular biomarkers to
improve outcomes for patients.

In our study, we initially employed the ssGSEA algo-
rithm to compute the angiogenesis and EMT scores for

each sample in the TCGA-GBM+LGG dataset, subse-
quently analyzing the correlation between these scores
and patient prognosis. Given that both angiogenesis and
EMT are processes that facilitate tumor progression, it is
consistent that patients exhibiting elevated angiogenesis
and EMT scores experience poorer prognoses. Utilizing



Feng et al. Biology Direct (2024) 19:113

Page 16 of 19

A & B
§° NS
o
F o & ¥ CALU CDH1 CDH2 VIM
CALU = s e ——
= = = =
. - 2 2 2 2
CDH1 -— ’ 8 8 8 3
£ £ £ £
k] k] 2 2
o S S S
CDH2 = ——— o o [ o
—-_—= 2 2 2 g
ko k- k- s
(] (] Q [}
VIM 5 s & = = =
B-Actin e —— —
C N D - U7 CALU > U87 CDH1 E N F > U251 CALU > U251 CDH1
& o 23 2, F o 2, 2,
& < e e & < e 2
= o . S, * a *k
CALU ‘s s ° § 1 CALU = v 52 g1
a1 o [ a
o (] o (]
20 20 20 20
CDH1 -— 3 3 CDH1 = 3 > 5 >
-~ 2 2 © L g @ ¢ g 9 ¢
CDH2  wews weuii > U87 CDH2 N Us7 VIM CDH2 + ~ e==n N U251 CDH2 N U251 VIM
a E 3 . § 3 * § 6 § 3
VIM <5 <5 o VIM S— 4 ** e >
2 2 2 2
£ 1 &1 g2 &1
* o
B-Actin . — g : s | IO B-Actin > S E s N
3 3 k5 ks
ol > o) o) N o N
us7 & > @ & > ¥ U251 e e ¢ & > @
us? us7 us7 U251 U251 U251
60 30 * 25 40 40
* %
o o *
oy - = 5% 530 o 530
E 40 E £ 20 £ o E £
£ g g g® 2y €
o - =4 o —
o 2 @ o £ 10 < @
O 20 U w 10 o (0] uw w
g I o w ’%—‘ 10 ’ijE-‘ © 10
’—:g—| 5 o)
0 0 0 0 0
N N N
2 Y 2 K 2 Y
| Co-culture with U87 J K Co-culture with U251 L
si-CALU si-NC 2 si-CALU p
4 0 s ey &
4 { @B SN S @
® N ) T 8 o o eATE e 8
O SRy i i ) 6] N ke 2
w R W — w o e —
> £, ’ Js ° > % O S
2 B niaah 2 2 [ e : 2
o Dol 5 D 5
L & z 2 J b4

Fig. 10 CALU promotes the EMT and angiogenesis of glioma. (A-B) Protein concentrations of CALU, CDH1, CDH2 and VIM in HA, SW1088, U87 and U251
cell lines. (C-D) Protein concentrations of CALU, CDH1, CDH2, and VIM in U87 cells of the si-CALU versus NC group. (E-F) Protein concentrations of CALU,
CDH1,CDH2, and VIM in U251 cells of the si-CALU versus NC group. (G-H) Concentrations of VEGF-g, HIF-1a, and TGF-B1 in the supernatants of the culture
medium of U87 and U251 cell lines from the si-CALU group versus the NC group. (I-L). The tube-forming ability of culture medium supernatants of U87
and U251 cell lines from the si-CALU group versus the NC group for HUVECs. N=3, The results are presented as mean+S.E.M. ¥<0.05, **<0.01, ***<0.001,

**¥%<0.0001

the WGCNA algorithm, we identified the top 50 genes
most closely associated with angiogenesis and EMT. By
integrating these identified genes with those linked to
prognostic risk in the TCGA-GBM+LGG dataset, we
discovered 20 significantly different genes. CancerSEA
serves as a specialized database offering insights into the
diverse functional states observed in cancer cells at the

single-cell level [21]. Utilizing the CancerSEA platform,
we examined the potential roles of these 20 genes in rela-
tion to glioma. Our results suggest that these genes pri-
marily support processes like EMT, cell proliferation, and
invasion in glioma. Earlier research has recognized IKBIP
as a new biomarker linked to EMT that forecasts unfa-
vorable survival outcomes in glioma [22]. Additionally,
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PDIA4 has been shown to be linked with unfavorable angiogenesis and EMT-related genes that we previously

outcomes and serves as a potential biomarker for gli-
oma [23]. Taken together, these findings highlight the
important contributions of the genes we have identified
in glioma. Functional analysis indicated significant con-
nections between genes related to lymph node metastasis
and the processes of apoptosis activation and cell cycle
regulation. It is well recognized that the cell cycle is vital
to tumor development, and many targeted therapies for
glioma operate mainly by influencing apoptosis [29]. The
results obtained further support the dependability of the

detailed. Cluster classification serves as a technique for
categorizing similar samples based on the shared fea-
tures and differences identified within the data, facilitat-
ing the division of various samples into distinct clusters
that highlight their individual characteristics and con-
nections. This technique is extensively utilized across
multiple disciplines, including disease diagnosis, prog-
nosis assessment, gene therapy, epidemiology, and the
analysis of medical imagery. In our study, we employed
cluster analysis to categorize glioma samples into two
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distinct groups, with cluster 1 exhibiting a significantly
worse prognosis compared to cluster 2. Gene enrich-
ment analysis revealed a significant association between
cluster 1 and pathways related to cellular senescence
and the cell cycle. Although cellular senescence is often
perceived as a mechanism for tumor suppression, it is
important to acknowledge that senescent cells can dem-
onstrate heightened invasiveness and enhanced angio-
genic properties, which are linked to the development
of a senescence-associated secretory phenotype [30].
Recent studies have indicated a connection between cel-
lular senescence and the progression of colorectal cancer
to more advanced metastatic stages [31]. In comparison
to cluster 2, cluster 1 showed a notably elevated TIDE
score, corresponding with the poor prognosis observed
in cluster 1.

The field of machine learning offers a robust approach
to identifying essential genes, particularly those related
to the diagnosis and prediction of tumor outcomes. Prog-
nostic models developed from these genes demonstrated
notable accuracy in predictions. Utilizing the random
forest algorithm highlighted the critical role of CALU in
predicting glioma outcomes. Our experimental results
confirmed the considerable predictive importance of
CALU in glioma prognosis.

Conclusion

This research employed a range of machine learning
techniques to pinpoint essential genes linked to angio-
genesis and EMT in glioma. The results support a rela-
tionship between these genes and both patient prognosis
and the efficacy of immunotherapy in glioma cases. Nota-
bly, we recognized CALU as a new prognostic indicator
for glioma.
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