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Abstract. Glioblastoma(GBM), as a common kind of brain cancer, has a poor prognosis and a
recurrence rate of nearly 100 percent. Tumor immune microenvironment is a crucial factor for
glioblastoma progression. Some prognostically relevant genes in the immunologic
microenvironment of glioblastoma remain to be further explored. This article aims to ascertain
genes involved in the immune microenvironment of glioblastoma, and this topic has not been
identified before. R version 4.2.1 and the appropriate packages were used for all analyses in this
paper. Relevant transcriptomic data for GBMs as well as clinical data were extracted from
immune score data in the TCGA database, and stromal score data were acquired from this URL
(http://www.cbioportal.org/). Differentially expressed genes were obtained from immune score
data and Stromal score data. After intersections of all these genes, the PPI interaction network
was applied. According to functional analysis, these genes are intensively distributed in immune-
related pathways. Eventually LncRNAs co-expressing with immune-related genes were
positively identified. We characterized genes related to the GBM tumor microenvironment not
previously identified in similar studies, as well as some IncRNAs that co-expressed with these
immune genes

Keywords: Tumor Immune Microenvironment, Transcriptomics, Glioblastoma, Individual
Prognostic Genesintroduction.

1. Introduction

The importance of the brain for human beings is similar to the CPU for computers, the brain is the CPU
of human beings, so brain diseases are the most fatal for human beings This human CPU determines
every aspect of the human race. For example, cognitive function, when a person gradually into old age,
just like a computer used for too long, the brain as the central processor will have problems, in China,
the elderly, suffering from mild cognitive impairment is 15.5% [1]. The brain has a part to play in
depression, for example, the most common form of depression among modern young people. Cancer
progression killed more than 100,000 RCC patients each year [2-4]. The most devastating damage to
the brain is brain cancer, which accounts for only 2% of all types of cancer, but is difficult to cure and
has a high mortality rate [5].

Among all types of brain cancer, glioblastoma accounts for 80 percent of intracranial tumors [6]. The
survival rate for glioblastoma patients is a limited 12 to 14 months, and just 3 to 5 percent of patients
survive beyond three years [7-9].

90-95% of tumor cases are related to the microenvironment in which they occur [10], and tumor
progression has been considered an evolutionary and ecological process [11] that involves dynamic and
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continuous interactions between cancer cells and the tumor. In GBM, the tumor microenvironment
controls tumor progression and invasion, and the study of its microenvironment has become a key
element in the treatment process [12]. This is precisely the reason why it is so essential to fully
understand the GBM tumor microenvironment, and the significant genes that function in the
microenvironment. However, the GBM tumor microenvironment is still understudied.

Therefore, the authors employed the TCGA transcriptome data as well as two datasets, stromal score
and immune score, to screen genes that are important in the microenvironment of glioblastomas.

2. Methods

2.1. Data source

Transcriptomic data and GBM-related clinical patient data were obtained from the TCGA database
(http://portal.gdc.cancer.gov/). Immune score data and stromal score data for GBM were acquired from
ESTIMATE [13] (http://bioinformatics.mdanderson.org/estimate/ disease.html). The samples in our
study were only those with stromal scores or immune scores.

2.2. Identification of differentially expressed genes

The tertiary samples were classified into two groups: a group with high immune scores and the other
group with low immune scores. The limma [14] R package was used to ascertain the genes differentially
expressed in these two groups. In addition, in order not to screen out meaningful genes, the screening
thresholds were [log2fold change (1og2FC)| >0.585, with a false discovery rate (FDR) of smaller than
0.05. Hence, genes with 1.5-fold or more expression variations can be selected. The same procedure was
used to select stromal high and stromal low subgroups for differentially expressed genes in the substrate
subgroups with high and low scores. Differential genes with immune scores and stromal scores were
then subject to intersections.

2.3. Establishment of protein interaction networks(PPI)

Common differential genes for immune score and stromal score were put in the STRING database
(https://string-db.org/) [15]. Ctyoscape [16] (3.9.1) software was used to visualize and quantify the
degree of interactions for each gene. The results were compared to the Ctyoscape results .

2.4. KEGG and GO functional enrichment analysis

The author conducted KEGG(Kyoto Encyclopedia of Genes and Genomes) and GO (gene ontology)
analyses by means of the clusterProfiler [17] package. GO includes CC(cellular components),
BP(biological process), and MF(molecular functions). To prevent loss of meaningful features, the FDR
of KEGG pathways was set to be smaller than 0.1.

2.5. Analysis of differential expression and potential prognostic genes

Thirty differentially expressed genes with the highest weight of interactions were then screened for latent
independent prognostic genes through Cox univariate analysis using the 'limma’, ‘survminer', and
‘survival’ R packages. To filter the clinical relevance of these genes with independent prognostic, a
Kaplan-Meier survival analysis was also carried out.

2.6. Identification of LncRNAs associated with GBM microenvironmental genes

LncRNAs and the expression profiles of 87 intersecting genes were subject to a co-expression
correlation analysis by aid of the limma package whose cor is bigger than 0.6 and p is smaller than 0.001.
Co-expression results are presented in a Sankey diagram.
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3. Results

3.1. Basic information analysis of patient samples

Despite the emergence of more and more treatment and diagnostic modalities [18-22], GBM is still the
deadliest primary brain tumor, with the average survival time of patients having increased from 14.6
months to 20.5 months [23-27]. So we tested whether our patient sample were in line with the previous
statistical reports, screened out the cases that had died and performed the statistics, and the results are
presented in Table 1. The total number of cases that have died is 103. The samples that have died totaled
103 cases, of which 69 survived less than 15 months accounting for 67% of the total sample size, 34
survived between 15 and 90 months accounting for 33% of the total sample, and 3 patients survived
more than 5 years accounting for only 2.9% of the deaths, and when the surviving and deceased patients
were combined again and the cases with unknown survival times were removed, the cases that survived
more than five years.

Table 1. Statistics of GBM cases.

Characteristics Number of case (%)
Cases that have died
<15 months 69(67%)
>15 months 34(33%)
> 5 years 3(2.9%)
All case samples
> 5 years 20(3.4%)

3.2. Identification of differential genes in the two groups with high and low immune scores and in the
two group with high and low stromal scores

To sort out differentially expressed genes with immune scores and stromal scores, median immune
scores were used to classify samples with immune scores into two groups: the group with high immune
scores and the group with low immune scores. According to this classification, 76 cases and 77 cases
fall into the high score and low score groups, respectively. Samples with stromal scores grouped in the
same way, with 73 cases and 80 cases falling into the high stromal score group and the low stromal score
group, respectively. Furthermore, the author adopted the limma R package to search for differentially
expressed genes in the two groups with high and low immune scores and the two groups with high and
low stromal scores, as shown in the two heatmaps in Figures 1A and 1B. Among the differential genes
in the two groups of high and low immune scores, 137 are identified, and among the differential genes
in the two groups of high and low stromal scores, 107 are discovered. The two sets of differential genes
taken to intersect are shown in Figure C Wayne plots, and 87 genes are obtained.
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Figure 1. Differential genes in high and low subgroups of immune score and stromal score.
(a)Differential genes in high and low subgroups of immune score. (b) Differential genes in high and low
subgroups of stromal score. (¢) Wayne plots relfecting the intersection of differential genes in the
immune score group and the stromal score group.

(a) (b)

Figure 2. Functional enrichment analysis of intersecting genes. (a) Top 12 molecular functions (MF)
terms, cellular components (CC) terms, and biological process (BP) terms, (b) Top 12 Kyoto
Encyclopedia of Genes and Genomes (KEGG).
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3.3. Functional enrichment analysis of 87 genes

For investigating the biological function of the 87 intersecting genes, this study conducted GO
enrichment analysis to demonstrate the first 12 categories of BP,CC,MF as demonstrated in Figure 2A.
KEGG was used to demonstrate the signaling pathways in which these genes are involved as shown in
Figure 2B just like the GO enrichment analysis, we also show the first 12 terms. Under the entry for
biological processes these genes are primarily involved in some of the procedures of immunization, such
as neutrophil migration, humoral immune response and acute inflammatory response, and so forth.
Neutrophil migration bioprocess is important for the treatment of glioblastoma, and this neutrophil has
a very important role in glioblastoma migration. It can directly drive the migration of tumor cells, or
indirectly promote the migration of tumor cells in glioblastoma by recruiting macrophages [28]. The
molecular function of these genes is concentrated in the immune-related structures such as immune
receptor activity, immunoglobulin receptor binding, and antigen binding. KEGG results were
concentrated in two pathways, B and Cytokine-cytokine receptor interaction. Particularly Chemokine
signaling pathway is very important for targeting cancer, such as CCL2 and its receptor CCR2, a
signaling axis [29].

3.4. Protein-protein interaction analysis to screen core genes

The result of STRING has 67 nodes and 297 edge results as shown in Figure 3A for Cytoscape
visualization. The interaction weights of each node were calculated as shown in Figure 3B, which is
somewhat from the Cytoscape results, since most people would choose the Cytoscape results hence we
opted for the top 30 genes in the Cytoscape results for the subsequent analysis. After KM survival
analysis on the 30 genes, the results manifested that very poor prognosis was attributed to the effect of
seven genes, i.e. SAA1, TREM1, LILRB2, FCGR2B, CXCL5, MRC1, CCL18, of which SAA1 was the
most significant, it had a P-value of log-rank test=0.01032, as shown in Figure 3C. SAAI indeed has a
very influential role in both glioblast expansion metastasis invasion [30-34], the remaining six genes in
Figure 4.
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Figure 3. Protein-protein interaction network analysis and identification of core genes. (a) PPI network
analysis of 87 intersecting genes. (b) Top 30 genes with the most interactions (¢) Kaplan-Meier curve of
SAAL. There is a specific relationship between SAA1 high expression and the poor overall survival of
gliblastma.
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MRC1(P=0.04083}

LILRB2({P=0.01598}

Figure 4. Kaplan-Meier curve of TREM1, MRC1, LILRB2, FCGR2B, CXCLS, CCLS.

3.5. Functional enrichment analysis of core genes

To determine the biological functions performed by these 30 core genes after the precise range, this
study conducted gene enrichment analysis including KEGG and GO analysis on these 30 genes. Figure
5A illustrates the PPI interaction network relationships of these 30 core genes. whereas Figures B and
C are showing the GO outcome KEGG results respectively. Through this enrichment precision screen,
the genes are roughly enriched in immune-related signaling pathways and biological processes.
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Figure 5. Analysis of PPI networks and functional enrichment of core genes. (a) PPI network of hub
genes. (b) Top 12 molecular functions (MF) terms, cellular components (CC) terms, and biological
process (BP) terms. (c) Top 12 enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways.

3.6. Analysis of independent potential prognostic hub genes

Since these genes have more interactions with each other, the following task is to identify the genes that
can be considered as independent prognostic markers, using Cox univariate analysis, as reflected in
Figure 6, the risk factor is greater than 1 and the higher it is, the higher the risk of this gene is, among
which the three genes, TREM1, FCGR2B, and CXCLS5, are both one of the seven genes in the above

34



Proceedings of the 2nd International Conference on Modern Medicine and Global Health
DOI: 10.54254/2753-8818/8/20240355

analysis and also belong to the independent prognostic markers. Myeloid cells with high expression of
TREMI are a cause of glioblastoma heterogeneity, which has been validated by previous studies,
implying that TREM1 has a prominent effect on the immune microenvironment of glioblastoma [35].
FCGR2B is specifically enriched in dendritic cells and tumor-related macrophages, which may be
related to GBM recurrence [36]. CXCLS5 has been proven to be involved in the progression of GBM in
a mouse model [37] and Figure 6 is the flow chart of the whole process.

P-value Hazard ratio

CCL18 0.2228 1.0805(0.9540-1.2239) —a—
CCL20 0.0536 1.2187(0.9970-1.4897) —.
CCL3 0.6132 1.0324(0.9122-1.1685) —-
CCL4 0.6434 1.0344(0.8963-1.1938) —
CCL8 0.2637 1.1542(0.8975-1.4844) —_—
CCR5 0.1539 1.2267(0.9263-1.6244) —_—
CD2 0.1682 1.2030(0.9249-1.5648) —_—
CD33 0.6624 1.0849(0.7524-1.5644) L —
CD3D 0.1000 1.2605(0.9566-1.6610) —_—
CD52 0.2586 1.1078(0.9275-1.3231) ——
CXCL5 0.0110 1.2284(1.0483-1.4395) —
FCGR2B 0.0078 1.3469(1.0816-1.6772) —_—
GZMA 0.0417 1.2589(1.0087-1.5713) —_—
HP 0.7050 1.0237(0.9069-1.1555) —
IL1B 0.2301 1.1219(0.9298-1.3536) —_
IL1R1 0.0604 1.2273(0.9911-1.5199) —_—
IL1RN 0.2121 1.1893(0.9058-1.5614) —_—
IL2RA 0.3216 1.0880(0.9208-1.2856) —a—
IL6 0.0509 1.2012(0.9993-1.4439) ——
JAK3 0.0315 1.3750(1.0287-1.8379) —_—
LILRB2 0.0789 1.2528(0.9743-1.6109) —
MMP7 0.3200 1.0695(0.9369-1.2209) —a
MRC1 0.1092 1.1519(0.9688-1.3697) —a
OSM 0.1508 1.1506(0.9502-1.3931) —.
PRF1 0.4381 1.0910(0.8754-1.3596) —_—
PTGS2 0.0872 1.1926(0.9746-1.4594) —_—
S100A8 0.0241 1.1434(1.0177-1.2846) —a—
SAA1 0.0504 1.0700(0.9999-1.1450) -
TREM1 0.0136 1.2286(1.0433-1.4469) —_——

1

071 1 20

o 1.4
Hazard ratio

Figure 6. Identification of independent prognostic genes results of the univariate Cox regression
analysis.
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Figure 7. Co-expression analysis of genes and LncRNAs.
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The Sankey diagram demonstrates the co-expression of genes with LncRNAs, and the genes listed
on the right are among the 87 immune-related genes that have strong co-expression with LncRNAs.

3.7. Identification of co-expressed LncRNAs for immune-related genes

To ascertain LncRNAs related to immune microenvironment-associated genes, the co-expression
analysis was conducted by aid of the TCGA transcriptome expression profiles of 87 immune
microenvironment-associated genes and the LncRNA expression profiles of GBM, and the results of the
Sankey diagram demonstrate the co-expression relationship between the genes shown on the right side
and the LncRNA as illustrated in Figure 7. Some details of the results are presented in Table 2.

Table 2. Co-expression relationships between immune microenvironment-related genes and LncRNAs.

TMERgene IncRNA cor pvalue Regulation
FPR3 AP002954.1 0.634932 1.43E-20 postive
CYP1B1 AC096921.2 0.661944 8.54E-23 postive
F13Al AC096921.2 0.60136 4.28E-18 postive
FAM20A AC096921.2 0.619084 2.30E-19 postive
COL6A3 LYPLALI1-AS1 0.765104 6.10E-34 postive

4. Discussion

In this paper, we searched for immune-associated differential genes by grouping samples with high and
low immune scores and stromal scores, and obtained independent prognostic genes through layers of
fine screening, which is in line with the existing results [38]. However, the filter process is more
streamlined, and the genes we selected do actually have a crucial function for prognosis and are
connected with the immune microenvironment, which again validates the previous studies. For example,
LILRB2 is excessively expressed in human GBM and has a specific relationship with GBM tumor
immunosuppression, and LILRB2 is a macrophage-associated GBM prognostic gene [39].

Once these genes have been identified, the emphasis of further analysis should be on which cells
these genes are highly expressed, what pathways they are involved in, and whether they are immune-
related and can be considered as independent prognostic factors, as well as on immune-associated
LncRNAs or MicroRNAs. LncRNAs, as a kind of non-coding RNAs with no more than 200 nucleotides
[40], have become more and more influential in the investigation of GBM. For example, exosomes play
an important role in promoting GBM tumor cells to communicate with tumor-related macrophages,
while LncRNAs can transmit from tumor cells to other immune microenvironment-associated cells
through exosomes, thus promoting GBM tumors [41], while for instance, IncRNA NEAT1 can
contribute to the progression of GBM tumors by means of the EGFR/NEAT 1/EZH2/B-catenin axis [42].
MicroRNAs, a kind of single-stranded, non-coding RNAs having 21-25 nucleotides, also function in
GBM tumor progression. For example, the forced expression of miR-7, miR-34a, miR-124, miR-128,
miR-137, as well as miR-181 family suppresses the progression of GBM tumors [43, 44].

Furthermore, LncRNAs or MicroRNAs related to the GBM immune microenvironment can be
further sieved, and subsequent experimental validation can be performed to explore their specific
mechanisms.

5. Conclusions

Overall we identified a large quantity of genes associated with the GBM immune microenvironment
using a facile screening approach and consistent with previous studies. We also identified five LncRNAs
co-expressed with immune-related genes: AP002954.1, AC096921.2, AC096921.2, AC096921.2 and
LYPLALI1-AS1. These LncRNAs and genes perhaps can be utilized to structure the prognostic model
of GBM may also be promising therapeutic targets for the development of corresponding targeted drugs,
however further animal or cellular experiments are yet to be carried out to verify the results.
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