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Abstract
Glioma is the most important tumor of the nervous system. LncRNA plays an important role in the
occurrence, development, and metastasis of glioma. The immune status of glioma plays an important
role in its treatment and prognosis. In lower-grade glioma (LGG), based on the results of the Weighted
correlation network analysis (WCGNA) of lncRNA, we used lasso regression, random forest model, and
stepwise regression to establish the lncRNA prognostic model: 0.58349*CYTOR + 0. 47804*LINC01831 + 
0. 24933*HOTAIRM1 + 0. 73600*AC022034 + 0. 62351*AC104407 = lncRNA model prognosis score
(LMPS). Concomitantly, we explored the correlation of LMPS with the Estimation of STromal and Immune
cells in MAlignant Tumours using Expression data (ESTIMATE), Tumor IMmune Estimation Resource
(TIMER) in�ltrating immune cells. We also established the reciprocal network of the model and veri�ed
the signi�cant prognostic signi�cance of the hub genes of the network and the signi�cant impact on
immunity. Finally, by connectivity Map (cMap) analysis, we obtained the drugs about the WCGNA module
where the model is. Our study highlights the close role of the lncRNA model with patient prognosis,
immunity, and clinical staging, and can guide immunotherapy. The network is constructed with the model
as the core. Its core genes also have a guiding role in patient prognosis, immunity, and treatment. We
identi�ed loratadine and �daxomicin as possible drugs.

1. Introduction
Glioma is the most common malignant primary tumor of the central nervous system (CNS)[1]. Gliomas
contain two main subgroups: diffuse gliomas and gliomas that show a more circumscribed growth
pattern ('non-diffuse gliomas'). Based on the presence/absence of IDH mutations and 1p/19q codes,
diffuse gliomas are classi�ed into astrocytomas and oligodendrogliomas. Non-diffuse gliomas are
divided into ventricular distal tumors, mixed gliomas, and other gliomas. WHO grade I and II gliomas are
low-grade gliomas (LGGs). WHO grade III glioma is anaplastic glioma, but at TCGA it is contained in the
LGG. WHO grade IV glioma is glioblastoma[2].

LncRNAs include a variety of RNAs larger than 200 nucleotides (nt) in size that are not protein-
translatable[3]. Their structures are similar to mRNAs, but usually have a 5'm7G cap and a 3′polyA tail.
And mRNAs are more tissue-speci�c and dynamic, predicting that these molecules have different
biological roles[4]. In the past few years, signi�cant advances have been not only in the identifying of
lncRNAs but also in the understanding of the regulatory aspects of gene expression, protein translation,
and stability[5]. In addition, lncRNAs play a vital role in metabolism and DNA repair[6]. The role of lncRNA
in tumor development has been a hot topic this year. Different studies have previously reported the ability
of lncRNAs in various aspects such as proliferation[7], growth inhibition[8], motility[9], viability [10, 11], and
angiogenesis[10] in glioma. Thus, lncRNA can be used as a prognostic factor to determine the prognosis
of patients.

The communication between cells and their microenvironment is vital for maintaining normal or
cancerous tissue growth. In cancer tissues, the exchange of substances and signal transduction between
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cancer cells and their stromal cells signi�cantly affects the development and metastasis of cancer and
even the prognosis of cancer patients[12]. Vascular, �broblasts, M2 macrophages, and
immunosuppressive cells are the main components that support tumor cell growth in the tumor
microenvironment. On the contrary, dendritic cells, NK cells, and CD8T cells are mainly anti-tumor cells[13].
Various lncRNAs, including MALAT1[14], LINC00152[15], and BCYRN1[16], have been reported in the
literature to have a signi�cant impact on patient prognosis and may serve as new therapeutic targets.

The brain is a dynamic immune organ. At the baseline level, the brain is at immune rest. The immune
situation of the central nervous system is different from the periphery, with the blood-brain barrier as the
�rst line of immune defense, allowing only a few small hydrophobic molecules to pass and excluding the
majority of bacterial invasion [17, 18]. Most peripheral immune cells do not enter the brain in the quiescent
state. Myeloid cell differentiated microglia are the resident immune cells in the brain. In the in�ammatory
status, chemokines induced by interferon direct immune cells into the brain via pathways such as cervical
lymphatic[19] to participate in the immune response. Primary tumors in the brain shape their tumor
microenvironment in a different way than metastases. Their tumor immune microenvironment also
predicts to some extent the prognosis of tumor immunotherapy[20].

2. Materials And Methods

2.1 Data processing
We downloaded GBM data, LGG, and its clinical data from the UCSC-Xena (https://xena.ucsc.edu/) and
got the CGGA data from the GDC portal (https://portal.gdc.cancer.gov/). Gene expression data are in
Fragments Per Kilobase Million (FPKM) format. We used the R software (Version 4.0.3; https://www.R-
project.org) to process all data. We screened 523 LGG gene expression data samples with matching
clinical data for the next stage of analysis.

2.2 Weighted Correlation Network Analysis (WCGNA)
We used the WCGNA package to screen for survival-associated immune gene modules. We then
performed correlation analysis with the screened survival-related immunogene modules with lncRNA and
miRNA data. We obtained immune-related lncRNAs with r = 0.3 and p = 0.001 as the cut point. LncRNAs
were �nally subjected to WCGNA analysis to obtain survival-related immune-related lncRNAs.

2.3 Model Construction
We repeatedly constructed the regression model 200 times and counted the lncRNAs for the model
(counts > 40). Then we used a random forest model to calculate the model weights for each gene (value > 
0.001). Further, we used a univariate regression model to obtain the meaningful lncRNAs for constructing
the model (p < 0.05). Finally, lncRNAs of the intersection of the three methods were used for model
construction by stepwise regression (p < 0.05).
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2.4 Differential expression of LMSP and constitutive model
genes in different clinical phenotypes
To verify the clinical value of the model and to guide the clinical use of the model, we studied the
expression of lncRNA model prognosis score (LMPS) and different genes in different ages, pathological
types, and clinical diagnoses. The ‘limma’ package and the ’ggpubr’ package were respectively used for
data processing and plotting.

2.5 Relationship between TME and LMPS
We used the R 'estimate' package to perform the Estimation of STromal and Immune cells in MAlignant
Tumours using Expression data (ESTIMATE) algorithm to estimate the patient's immune as well as
stromal scores. Then we used the 'stats' package to plot the correlation between the calculated LMPS and
immune and stromal scores, and the 'ggplot2' and 'ggExtra' packages to plot the graphs.

2.6 Correlation between immune cells and LMPS
We obtained the estimated immune cell in�ltration expression of LGG data among Tumor IMmune
Estimation Resource (TIMER; https://cistrome.shinyapps.io/timer/). We then processed the data with the
'Lima' package, the 'stats' package to obtain the Spearman correlation coe�cient of the function, used
'ggplot2' to plot the scatter plot and add trend lines.

2.7 Construction of lncRNA-related action network and
screening of core genes
We obtained highly correlated mRNA-miRNA pairs (r > 0.3) based on immune protein genes with a vital
impact on patient survival by WGCNA. We took the same approach to obtain miRNA-lncRNA pairs (r > 
0.3). We constructed mRNA-lncRNA pairs (r > 0.3) using lncRNAs and immune mRNAs screened by
WCGNA that were signi�cantly associated with survival. We inputted the aforementioned RNA pairs into
Cytoscape (https://cytoscape.org/; version 3.8.2), using common genes as nodes and correlations as
edges to build up a correlation network. The lncRNAs that make up the prognosis model were then used
as the core to construct the lncRNA-associated action network. Finally, we used the ‘cytohub’ plugin to
screen for hub genes.

2.8 survival analysis of hub genes
We explored different survival curves for different hub genes. We used the 'survival' and 'ggplot2'
packages to process the data and plot survival curves.

2.9 TME analysis of hub genes
We analyzed the immune microenvironment of the hub gene and explored the relationship between the
expression of the hub gene and the immune and stromal scores of the tumor. The procedure was as
described above.
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2.10 Gene Set Enrichment Analysis (GSEA) and co-
expression of enriched pathway genes with prognostic
models
We classi�ed the samples according to the level of LMPS and then enriched the expression data for
analysis. We used the 'limma', 'org. Hs. Eg. DB' and 'clusterPro�ler' packages to process the data and
perform enrichment analysis, and 'enrichplot ' to visualize the results. For the signi�cantly enriched
immune-related pathways, we downloaded the corresponding gene sets from the GSEA website and then
performed co-expression analysis between the cancer genes in them and LMPS.

2.11 Connectivity Map (cMap) analysis
We performed a differential analysis of LGG genes by the line package. We then intersected differential
genes and genes with evident relationships to survival by WCGNA. Immediately after, we performed map
analysis in the L1000 platform (https://clue.io) using differentially expressed immune genes, and the
obtained meaningful results were presented using 3D scatter plots. We found the drug structure from
Pubchem (https://pubchem.ncbi.nlm.nih.gov/).

2.12 IDH1mutation and TP53mutation
We downloaded the relevant IDH1 mutation data and TP53 mutation data from the o�cial website of
TCGA. We then processed the data using the 'string' package and presented the results using the 'ggpubr'
package.

2.13 Statistical methods
If not speci�ed, the correlations we used were Pearson correlation coe�cients, and the cutoff values we
used were generally 0.05.

3. Result

3.1 the WCGNA analysis of immune protein-coding genes
We construct the WCGNA model of the immune protein-coding genes in LGG. As shown in Fig. 1A, we
divided the immune protein-coding genes into six modules. The grey module was the collection of
unclassi�able genes. The turquoise module had the most genes, but the red module contained the least.
The blue, green, and yellow modules had more concentrated gene distribution than the other modules.
The correlation among modules was shown in Fig. 1B. Red and yellow modules had the strongest
correlation with each other, and green modules had a strong correlation with both red and brown
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modules. Figure 1C demonstrated the correlation between the modules and the clinical phenotype of the
patients. We could easily �nd that the turquoise module, the green module, and the brown color were all
signi�cantly associated with survival status and survival time in LGG patients. Considering the correlation
with the patient's diagnosis, age, and the correlation status between the modules, we chose the green
module as our study subject. To further clarify the effect on survival, we further analyzed the gene
expression of green module genes for correlation with survival time. The results obtained are presented in
the form of a scatter plot (Fig. 1D).

3.2 The WCGNA analysis of the immune-related lncRNA
We calculated the correlation between the protein genes of the green module and the lncRNA of LGG and
selected the signi�cant lncRNAs with a correlation as the target for further study. We used the lncRNAs to
build up the WGCNA model.

We construct the WCGNA model of the immune protein-coding genes in LGG. As shown in Fig. 2A, we
divided the immune protein-coding genes into nine modules. The turquoise module had the most genes,
but the magenta module contained the least. The black, red, magenta and pink modules had more
concentrated gene distribution than the other modules. The correlation among modules was shown in
Fig. 2B. Pink and magenta modules had a positive correlation with each other, and the green module had
a positive correlation with both blue and turquoise, while the pink module had a negative correlation with
the black. Figure 2C demonstrated the correlation between the modules and the clinical phenotype of the
patients. We could easily �nd that the pink module, the magenta module, the turquoise, and the black
modules were all signi�cantly associated with survival status and survival time in LGG patients.
Considering the correlation with the patient's diagnosis, age, and the correlation status between the
modules, we preliminary chose pink and black modules as our study subjects. To further clarify the effect
on survival, we further analyzed the gene expression of green module genes for correlation with survival
time. The results obtained are presented in the form of a scatter plot (Fig. 2D, Fig. 2E). Finally, we selected
the pink module as our study object for its obvious correlation between the expression of the genes and
the survival time.

3.3 The prognosis model of lncRNA in the pink module
We then built the lncRNA prognosis model to predict the survival outcome of patients. We divided the
patients' survival data into training and test sets according to a 2:1 ratio. Then we used a combination of
random forest and lasso regression models and univariate Cox regression to model cancer prognosis.
LMPS (lncRNA model prognostic score) = 0.58349*CYTOR + 0.47804*LINC01831 + 0.24933*HOTAIRM1 + 
0.73600*AC022034 + 0.62351*AC104407. In the training dataset (Fig. 3A), the ROC AUC for one year,
three years, and �ve years were 0.852, 0.862, and 0.767, respectively. The ROC AUC of the test dataset
(Fig. 3B) for one year, three years, and �ve years were 0.935, 0.718, and 0.643. Because of the lack of
corresponding lncRNA samples, we tested our model among glioblastoma samples and obtained the AUC
values of the ROC curves. The ROC AUC of CGGA (Fig. 3E) for one year and three years were 0.598 and
0.631. And The ROC AUC of TCGA-GBM (Fig. 3F) for one year and three years were 0.608 and 0.704.
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Signi�cant differences were found in patient survival between the high lncRNA model predict score group
(LMPS) and the low LMS group in the training set (Fig. 3C; p < 0.0001), the test set (Fig. 3D; p = 0.0053),
CGGA (Fig. 3G; p = 0.039) and TCGA_GBM (Fig. 3H; p = 0.011) datasets.

3.4 The Correlation of LMPS and clinical phenotypes
We next analyzed the relationship between the clinical phenotypes of the patients and LMPS and the
genes which built up the model. We were able to signi�cantly �nd that LMPS (P = 0.0011), AC022034 (p = 
0.0073), CYTOR(p = 0.0029), HOTAIRM1 (p = 0.012), LINC01831 (p = 0.0007), and expression was higher
in patients aged 65 years or older (Fig. 4A). The expression of LMPS (p = 1.7e-7), CYTOR (p = 4.7e-12),
HOTAIRM1 (p = 3.5e-8), LINC01831 (p = 0.0003) was signi�cantly higher in patients with pathology G3
than in patients with pathology G2 (Fig. 4B). There were signi�cant differences in the expression of
LMPS, CYTOR, HOTAIRM1, and LINC01831 among the patients diagnosed with anaplastic astrocytoma,
astrocytoma NOS, mixed glioma, anaplastic oligodendroglioma, and oligodendroglioma NOS (Fig. 4C).
Patients with IDH1 mutation have lower LMPS than non-mutation (Sup�g4A, p < 2.2e-16). And patients
with TP53 mutation have lower LMPS than non-mutation as well (Sup�g4B, p = 5.6e-8).

3.5 Relationship between LMPS and tumor immune
microenvironment (TME)
We used the estimate algorithm to calculate the scores of the immune microenvironment of patients and
obtained the relationship between LMS and immune scores and stromal scores. The LMPS and genes
which made up the model had a positive correlation with immune and stromal scores. The correlation
coe�cients of LMPS, HOTAIRM1, LINC01831, AC104407, AC022034 and CYTOR with immune score and
stroma score (Fig. 5) were 0.35 and 0.16 (p < 2.2e-16, p = 0.00023), 0.49 and 0.55 (p < 2.2e-16, p < 2.2e-16),
-0.029 and − 0.082(p = 0.51, p = 0.05), 0.13 and − 0.016(p = 0.0027, p = 0.72), 0.22 and 0.022 (5.8e-7, 0.62),
0.39 and 0.22(2.2e-16,2.7e-7).

3.6 The correlation of immune cells and lncRNA prognosis
model.
We can clearly fund that the predicted results by the lncRNA model had a signi�cant positive correlation
with CD8 T cells, neutrophils, B cells, dendritic cells and macrophages (R = 0.43, 0.33, 0.23, 0.26, and 0.22;
p = 2.2e-15, 1.9e-14, 1.2e-7, 2.5e-9, and 6.6e-7; by order; Fig. 6A). The correlation of AC022034 with CD8 T
cells, neutrophils, B cells, dendritic cells and macrophages was shown in Fig. 6B (R = 0.38, 0.27, 0.23,
0.21, and 0.24; p = 2.2e-16, 8.3e-8, 2.1e-10, 2e-6, and 5.5e-8; by order). The correlation of AC104407 with
CD8 T cells, neutrophils, B cells, dendritic cells and macrophages was shown in Fig. 6C (R = 0.37, 0.24,
0.21, 0.14, and 0.18; p = 2.2e-16, 2.2e-8, 1.2e-6, 0.0012, and 5e-5; by order). The correlation of HOTAIRM1
with CD4 T cells, neutrophils, B cells, dendritic cells and macrophages was shown in Fig. 6D (R = 0.47,
0.43, 0.31, 0.47, and 0.5; p = 2.2e-16, 2.2e-16, 4.3e-13, 2.2e-16, and 2.2e-16; by order). The correlation of
CYTOR with CD4 T cells, neutrophils, B cells, dendritic cells and macrophages was shown in Fig. 6E (R = 
0.38, 0.32, 0.19, 0.28, and 0.15; p = 2.2e-16, 4.3e-14, 1.8e-5, 1.4e-10, and 0.00085; by order). The
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correlation of LINC01831 with CD4 T cells and CD8 T cells was shown in Fig. 6F (R = 0.13, 0.22; p = 
0.0024, 2.8e-7; by order). We also estimated the intracellular immune cell content by the CIBERSORT
algorithm (Sup�g1). Then immune cells with signi�cant correlation (p < 0.001) with LMPS, AC022034,
AC104477, HOTAIRM1, CYTOR, LINC01831 were selected and plotted. We found a signi�cant positive
correlation between LMPS and the content of CD8T cells (r = 0.33, p = 5.8e-19), neutrophils (r = 0.21, p = 
0.00019), and macrophages (r = 0.41, p = 1.5e-13).

3.7 the GSEA analysis of the lncRNA prognosis model
We performed GSEA enrichment analysis according to LMPS in two high and low groups. KEGG analysis
(Fig. 7A) revealed that calcium signaling pathway, cytokine-cytokine receptor interaction, JAK_STAT
signaling pathway, natural killer cell-mediated cytotoxicity, and T cell receptor signaling pathway were up
in high LMPS patients. GO analysis (Fig. 7B) pointed out that humoral immune responses, immune
responses regulating cell surface receptor signaling, positive regulation of cytokine production, regulation
of immune effector processes, and activation of T cells were up in high LMPS patients. Further analysis
revealed that LMPS was positive correlated with the overlapping portion of the T-cell receptor signaling
pathway (Fig. 7D) with oncogenic and immune signaling. Finally, we also found that the LMPS and core
genes of T cell activation pathways (Fig. 7C) showed overall positive co-expression.

3.8 Construction of an immune-related lncRNA network and
validation of the prognosis value of the core genes of the
network
We used the Cytoscape to build the correlation network (Fig. 8A) according to the correlation analysis
among lncRNA, miRNA, and protein. We also further looked up the hub genes (Fig. 8B) of this network in
conjunction with the prediction model of lncRNA above. Finally, we obtained a small network structure
containing ten hub genes. We validated the survival curves of hub genes in cancer patients. patients with
high expression of MIR4477B (Fig. 8C; p = 0.00045), MIR4666A (Fig. 8E; p = 0.00046) and MIR6071 (Fig.
8D; p < 0.0001) had better survival outcomes. In contrast, patients with high expression of MIR4648 (Fig.
8H; p = 0.00025), AC104407 (Fig. 8F; p = 0.00026), C8G (Fig. 8I; p = 0.036), SEMA6D (Fig. 8G; p = 0.02),
AC093726 (Fig. 8K; p < 0.0001), LGR4 (Fig. 8L; p = 0.026) and MIR635 (Fig. 8J; p = 0.0057) had worse
survival outcomes.

3.9 Validation of TME and immune cells of hub genes inside
the lncRNA network
We next explored the co-expression of immune in�ltrating cells (Fig. 9) and hub genes. AC093726(r = 
0.29, p = 1.2e-11), MIR635(r = 0.1, p = 0.019) and MIR4648(r = 0.13, p = 0.0032) was positively correlated
with sample immunization scores, while MIR4666A (r= -0.27, p = 3.6e-10), MIR6071(r= -0.32, p = 1.2e-13)
and SEMA6D(r= -0.11, p = 0.013) was negatively correlated with immunization scores. AC093726(r = 0.35,
p = 0.02), AC104407(r = 0.13, p = 0.0027), MIR635(r = 0.24, p = 2e-8) and LGR4(r = 0.15, p = 0.00086) was
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positively correlated with sample matrix scores, while MIR4477B (r= -0.25, p = 8.2e-9), MIR4666A (r= -0.34,
p = 1.1e-15) and MIR6071(r= -0.43, p < 2.2e-16) was negatively correlated with stromal score.

The expression of AC093726, LGR4, MIR635, MIR4648, and SEMA6D were signi�cantly positively
correlated with B cells, CD8T cells, neutrophils, macrophages, and dendritic cells, while the expression of
MIR6071, MIR4666A, and MIR4477B were signi�cantly negatively correlated with B cells, CD8T cells,
neutrophils, macrophages, and dendritic cells (Sup�g3).

3.10 The cMap analysis of the LGG
The cMap is where genes, drugs, and disease states are linked by a common gene expression
signature[21]. The L1000 platform[22] is an expanded cMap. It can be applied to discover the mechanism
of action of small molecules, to annotate the function of genetic variants in disease genes, etc. It can be
employed to �nd possible small molecule drugs for diseases based on gene expression as well. We also
performed further cMap analysis of the module's immune genes to look for potential drugs that target
immunity. Potential therapeutic agents are displayed in Fig. 10A. We obtained the chemical structure (Fig.
10) formulae of loratadine, �daxomicin, BRD-K86712468, BRD-K89010697, BRD-M52804417, BRD-
K52369815, and BRD-K49675259 from PubChem (https://pubchem.ncbi.nlm.nih.gov/).

4. Discussion
The WGCNA R package is capable of processing already normalized data for weighted correlation
network analysis[23]. The package can also be used to describe the correlation structure of high-level data
structures such as gene expression pro�les, proteomics data, etc. We used WCGNA to analyze normalized
expression data to obtain a set of immune genes that are closely associated with LGG survival. And we
obtained lncRNAs closely related to survival immune genes by correlation analysis between survival-
related immune genes and lncRNAs. Finally, by WCGNA of lncRNAs associated with survival-related
immune genes, we obtained lncRNA gene modules closely related to survival and immune.

The model made up by AC022034, CYTOR, HOTAIRM1, LINC01831, and AC104407 showed a good
prediction of survival in LGG patients, especially at one year. It even has good results in forecasts of
glioblastoma. Patients with differential LMPS had different prognoses in both the training and validation
models, even in the externally validated dataset. The AUC of ROC is close to 0.6 or above in training and
validation sets or TCGA and CGGA datasets. All above suggest a great predictive value of the present
model for LGG (even glioma).

IDH1 mutation is a classical LGG molecular marker. IDH1 mutation patients have a better prognosis[24].
LMPS is lower in both IDH1 mutation and TP53 mutation patients. It is consistent with the better survival
of lower LMPS. It indicates the strong association of the model with common LGG molecular markers
and the accuracy of predicting patient prognosis by our model.
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There were signi�cant differences in LPMS scores between the different clinical phenotypes. LMPS,
AC022034, CYTOR, HOTAIRM1, LINC01831 were signi�cantly more highly expressed in older patients,
suggesting an effect of age grouping on the model. Histologically typed G3 patients have higher
expression of LMPS and CYTOR, HOTAIRM1, LINC01831 compared to G2 patients. It suggests that
histological type is a vital factor in the applicability of the model. At the same time, the model is a
reference for histological typing. There were differential expressions of LPMS, CYTOR, and HOTAIRM1 in
astrocytoma, oligodendroglioma, and mixed cell tumors. It suggests that this model may contribute to the
diagnostic staging of gliomas. At the same time, It indicates that different tumor strati�cation combined
with LMPS is further bene�cial in determining the prognosis of patients.

TME is vital for revealing the immune status of patients and predicting their immune outcomes[25]. The
ESTIMATE algorithm for estimating the patient's immune microenvironment has been cited in various
literature[26, 27]. We explored the correlation between LMPS and patients' TME. The Result suggested that
LMPS scores were positive correlated with both patients' immune and stromal scores. It is consistent with
previous literature that patients with high CD86[28] positively relating to stromal and immune scores had
worse survival in LGG. It indicates that the model had a deep relationship with TME and could guide the
immunotherapy.

Lei X et al. report the role of tumor immune in�ltrating cells in tumors and suggest that CAR-T therapies
may play a signi�cant role in future treatments[29]. By TIMER, our study showed that the expression of
LMPS, AC0220354, AC104477, and CYTOR had signi�cantly positive correlations with contents of CD8 T
cells, neutrophils, dendritic cells, macrophages, and B cells. It suggests a close relationship between this
model and immune-cell in�ltration. We subsequently obtained the same results in CIBERSORT. The
importance of cytotoxic CD8 T cells in mediating adaptive immune responses in various cancers[30],
including gliomas[31], has been well documented. Liang J et al. [32]reported that increased recruitment of
neutrophils during anti-vascular endothelial growth factor treatment promotes glioma progression and
may increase resistance to treatment. Dendritic cells induce an immune response through antigen
presentation, and dendritic cell immunotherapy with inducing anti-tumor immunity has been in clinical
trials since the 1990s[33]. Tumor-related macrophages are recruited into the glioma environment and
release a range of growth factors and cytokines in response to those recruitment factors produced by
cancer cells. Through this feedback, tumor-associated macrophages promote tumor proliferation,
survival, and migration[34]. The speci�c role of B lymphocytes in the development of brain tumors
remains unclear. In other types of cancer, tumor-in�ltrating B cells are associate with the recognition of
various tumor antigens[35]. On the one side, the induction of CD4 + T cell-dependent CD8 + memory T cells
contributes to the control of tumor invasion and metastasis[36]. On the other side, this may activate the
phenotype of M2 macrophages and promote tumorigenesis[37]. The interaction between the role of anti-
cancer immune cells, represented by CD8 T cells, and pro-cancer immune cells, expressed by neutrophils
and M2 macrophages, may explain the poorer prognosis of patients with high LMPS. Or this may be
related to the overproliferation of dysfunctional CD8 T cells[38]. In any case, the present immune model,
and the genes that make up the model, are indisputably linked to the in�ltration of tumor immune cells. In
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other words, this model has the potential to serve as an indicator for LGG immunotherapy. Further, it has
the potential to be used as a target for LGG immunotherapy.

To further explore the relationship between this model and immunity, we performed an enrichment
analysis of LGG expression data according to LMPS. KEGG analysis revealed signi�cant positive
enrichment in calcium signaling pathways, cytokine-cytokine receptor interactions, JAK_STAT signaling
pathway, and T cell receptor signaling pathways in the high LMPS group. All are closely related to the
immune response and the progression of cancer[39–43]. GO analysis yielded positive enrichment of
humoral immune responses, immune response regulating cell surface receptor signaling, positive
regulation of cytokine production, regulation of immune effector processes, and activation of T cells in
the high LMPS group. All �ve of these pathways are closely associated with cancer immunity and
signi�cantly inhibit cancer growth[44, 45]. We found that T cell-related pathways were signi�cantly up in
KEGG as well as GO analysis, so we performed co-expression analysis of related pathway genes. We
caught that LMPS showed an overall positive correlation with the core genes of both activation of T cells
and T cell receptor signaling pathways. It suggests that the model is closely associated with T-cell
function.

To further explore the potential of this model, through Cytoscape and a pre-correlation analysis, we were
able to obtain lncRNA action networks that were highly associated with this immune model. Patients with
high expression of MIR4477B, MIR4666A, and MIR6071 had better survival outcomes. In contrast,
patients with higher expression of MIR4648, AC104407, C8G, SEMA6D, AC093726, LGR4, and MIR635
had worse survival outcomes. The same with it. Expression of AC093726, LGR4, MIR635, MIR4648, and
SEMA6D were signi�cantly positively associated with B cells, CD8T cells, neutrophils, macrophages, and
dendritic cells, while the expression of MIR6071, MIR4666A, and MIR4477B were signi�cantly negatively
associated with B cells, CD8T cells, neutrophils, macrophages, and dendritic cells. We also analyzed the
relationships between hub genes and TME, immune-in�ltrating cells. The AC104407 is common in genes
that composing model and hub genes. This gene performed well in terms of survival prognosis, immune
score, and TME. This suggests that the AC104407 may have a potential role to be explored. It has been
reported that MIR6071 inhibits the development of glioblastoma by suppressing the PI3K/AKT/mTOR
pathway[46]. It is another validation of the effectiveness of our lncRNA network. MIR4666A has been
reported to have a possible role in femoral necrosis [47], atrial �brillation[48], and congestive heart
failure[49], but the present study suggests a possible role in glioma immunity and prognosis. AC093726
also performed well in prognostic and immunological analyses, suggesting a possible association with
tumor development. We have also performed a drug sensitivity analysis on the immunoprotein contained
in hub genes. SEMA6D was positively correlated with the expression of multiple anti-cancer drugs,
suggesting that SEMA6D is associated with the anti-cancer effects of multiple cancer drugs, on the
contrary, LGR4 was negatively correlated with the expression of multiple anti-cancer drugs, suggesting
that LGR4 is associated with cancer drug resistance.
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Finally, we further explored possible immunotherapeutic compounds. In total, seven compounds have
been the subject of cMap identi�cation. Among these, loratadine has been used for combination
chemotherapy for cancers such as breast cancer[50], melanoma[51], and gastrointestinal tumor[52].
However, it has not been used in glioma yet. The results of this study suggest that loratadine may also be
an effective agent for adjuvant chemotherapy in LGG. Fidaxomicin acts as an RNA polymerase inhibitor,
binding to the RNAP-DNA complex and thereby inhibiting transcription initiation[53]. The drug is currently
in clinical use for refractory clostridial infections[54]. Combined with the mechanism of action of
�daxomicin and the results of this study, the therapeutic effect of this drug on LGG is expected in the
future. The e�cacy of BRD-K86712468, BRD-K89010697, BRD-M52804417, BRD-K52369815, BRD-
K49675259 in the treatment of LGG is still waiting for more studies.

Overall, an immune-related lncRNA prognostic model was obtained in the LGG training set based on the
available immune genes, and its utility was validated in the LGG test set and two glioblastoma datasets.
In all datasets, the high LMPS group had worse overall survival. Its prognostic value was further validated
by analysis with IDH1 and TP53. The analysis of different clinical phenotypes then illustrates that the
model may be able to be used for diagnosis and guiding immunotherapy. We could �nd a signi�cant
positive correlation between LMPS and tumor immune score, stromal score, and the abundance of CD8T
cells, neutrophils, macrophages, dendritic cells, and B cells. GSEA got pathways that are closely related to
tumors as well as immunity. Despite the complexity of the immune context, the model is indisputable in
predicting the immune status of patients. Moreover, in combination with the prognosis of the model, it
can help predict the outcome of immunotherapy in LGG patients. Our study also established a core
network of interacting lncRNAs and validated the prognostic impact of the hub genes in this network and
the correlation with TME. AC093726, LGR4, SEMA6D, AC104477, and MIR6071 are new factors that we
found to be signi�cantly associated with LGG prognosis and immunity. Even the therapeutic value of
LGR4, SEMA6D was explored. In the end, we also looked for drugs related to possible immune-related
treatments by cMap. Although more research is still needed, the study indicates that loratadine and
�daxomicin may both be promising in the adjuvant chemotherapy of LGG.
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Figure 1

Weighted correlation network analysis (WCGNA) of immune protein genes in lower-grade glioma (LGG). A:
Gene hierarchy clustering tree showing the modules of WCGNA classi�cation. B: Correlation diagram
between modules. C: Module-trait correlation graph D: Scatter plot of the correlation coe�cients between
the green module genes and survival time.
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Figure 2

WCGNA of immune-related lncRNA genes. A: Gene hierarchy clustering tree showing the modules of
WCGNA classi�cation. B: Correlation diagram between modules. C: Module-trait correlation graph D:
Scatter plot of the correlation coe�cients between the pink module genes and survival time. F: Scatter
plot of the correlation coe�cients between the black module genes and survival time.
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Figure 3

Area under the ROC curve and survival analysis results for the training set (A, C), the test set (B, D), CGGA
(E, G), TCGA_GBM (F, H) model.
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Figure 4

Correlation analysis between lncRNA model prognosis score (LMPS), AC022034, CYTOR, HOTAIRM1,
LINC01831, AC104477 and patient age (A), histological types (B), and types of diagnosis (C).
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Figure 5

Correlation between LMPS, AC022034, CYTOR, HOTAIRM1, LINC01831, AC104477 and immune and
stromal scores.
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Figure 6

Correlation between LMPS (A, predict), AC022034 (B), AC104477 (C), HOTAIRM1 (D), CYTOR (E),
LINC01831 (F), and CD8T cells, CD4 T cells, neutrophils, B cells, dendritic cells, and macrophages
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Figure 7

Gene Set Enrichment Analysis (GSEA) results based on KEGG (A), GO (B) dataset. Co-expression of LMPS
with T-cell activation pathway (C) and T-cell receptor signaling pathway (D).
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Figure 8

The lncRNA network with model genes as the core (A). Top 10 hub genes of the network (B). Survival
curves of MIR4477B (C), MIR4666A (E), MIR6071 (D), MIR4648 (H), AC104407 (F), C8G (I), SEMA6D (G),
AC093726 (K), LGR4 (L) and MIR635 (J)
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Figure 9

Correlation between the expression of MIR4477B, MIR4666A, MIR6071, MIR4648, AC104407, C8G,
SEMA6D, AC093726, LGR4, and MIR635 and immune score and stromal score
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Figure 10

A: Three-dimensional dot plot showing drugs associated with immunoproteins. B: Two-dimensional
chemical structure formula of Fidaxomicin. C: Two-dimensional chemical structure formula of BRD-
M52804417. D: Three-dimensional chemical structure formula of BRD-K52369815. E: Three-dimensional
chemical structure formula of BRD-K89010697. F: Three-dimensional chemical structure formula of
loratadine. G: Three-dimensional chemical structure formula of BRD-K86712468. H: Three-dimensional
chemical structure formula of BRD-K49675259.
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