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Machine learning-based MRI radiomics
predict IL18 expression and overall
survival of low-grade glioma patients

Check for updates

Zhe Zhang1,2,3,4,5, Yao Xiao1,2,3,4,5, Jun Liu1,2,3,4,5, Feng Xiao1,2,3,4, Jie Zeng1,2,3,4, Hong Zhu1,2,3,4 ,
Wei Tu1,2,3,4 & Hua Guo1,2,3,4

Interleukin-18 has broad immune regulatory functions. Genomic data and enhanced Magnetic
Resonance Imaging data related to LGG patients were downloaded from The Cancer Genome Atlas
and Cancer Imaging Archive, and the constructed model was externally validated using hospital MRI
enhanced images and clinical pathological features. Radiomic feature extractionwas performed using
“PyRadiomics”, feature selection was conducted using Maximum Relevance Minimum Redundancy
and Recursive Feature Elimination methods, and a model was built using the Gradient Boosting
Machine algorithm to predict the expression status of IL18. The constructed radiomics model
achieved areas under the receiver operating characteristic curve of 0.861, 0.788, and 0.762 in the TCIA
training dataset (n = 98), TCIA validation dataset (n = 41), and external validation dataset (n = 50).
Calibration curves and decision curve analysis demonstrated the calibration and high clinical utility of
themodel. The radiomicsmodel based on enhancedMRI can effectively predict the expression status
of IL18 and the prognosis of LGG.

Primary central nervous system (CNS) tumors are attributed to ~250,000
deaths annually because treatment was very difficult1. Gliomas are the
most common primary CNS tumors, including various types
such as astrocytomas, oligodendrogliomas, ependymomas, and malignant
glioblastomas2. According to the latest classification of central nervous
system tumors released by theWorldHealthOrganization (WHO) in 2016,
tumors categorized as Grade II and Grade III based on histopathology are
classified as low-grade gliomas (LGG)3,4. In recent years, significant progress
has been made in the diagnosis and treatment of LGG. However, LGG
inevitably undergoes tumor recurrence and malignant progression after
initial treatment, significantly affecting the quality of life of these patients5.
Due to challenges such as the blood-brain barrier, many challenging issues
remain, necessitating further research exploration and clinical practice to
seek more effective and timely diagnosis and treatment.

Interleukin-1 (IL-1) is the first discovered interleukin and a central
mediator of innate immunity and inflammation6. Interleukin-18 (IL18) is a
multifunctional cytokine that belongs to the pro-inflammatory cytokines of
the IL-1 family7,8. IL18 is primarily secreted by liver Kupffer cells and
macrophages, promoting NK cell activity and T cell proliferation, partici-
pating in the regulation of inflammation, cell apoptosis, immune cell

activation, and other immune responses, playing an important role in the
immune system9. Additionally, IL18 has been found to be associated with
the development and progression of various diseases, including inflam-
matory diseases, autoimmune diseases, and tumors10. IL18 can promote the
secretion of Th1-type cytokines, stimulate NK cells and T cells to secrete
IFNγ, induce the production of cytokines such as GM-CSF, TNF-α, IL-1β,
thereby promoting anti-tumor immune responses11,12. At present, there
have been significant breakthroughs in IL18 immunotherapy. IL18’s
involvement in immune regulationmakes it an important target for disease
treatment research. Small molecule drugs targeting IL18 have shown good
efficacy in tumor treatment11. However, traditional IL18 detectionmethods,
including peripheral blood tests, fresh tissue specimen mRNA or protein
level tests, and paraffin-embedded tissue specimen tests, have disadvantages
such as high costs and susceptibility to operator and antibody influence.
Currently, there is still a lack of noninvasive and dynamically monitorable
methods for IL18 in LGG, which may limit the ability to identify IL18
treatment-sensitive populations.

Brain magnetic resonance imaging (MRI) is commonly used to
examine and assess various brain diseases, as it can accurately display the
extent of diffusion and depth of infiltration of gliomas13. Compared to other
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methods, brain MRI is the most accessible and direct examination method
for clinical diagnosis of the nervous system14. In recent years, with the
continuous development of artificial intelligence, machine learning radio-
mics analysis has played an increasingly important role in tumor
research15–17. Clinicians can extract various features frombrainMRI tomore
accurately diagnose diseases, stage them, and predict patient prognosis,
thereby formulating personalized treatment plans18–20. Therefore, this study
explored the potential molecular mechanisms of IL18 expression and its
association with the immunemicroenvironment through RNA and clinical
data fromTCGA. It also validated the correlation between IL18 and LGG in
an external hospital cohort through RNA and immunohistochemistry.
Furthermore, leveraging integrated clinical, transcriptomic, and imaging
data from TCGA and TCIA, we have developed a novel noninvasive MRI-
based radiomics machine learning framework to predict IL18 expression
status and prognostic outcomes in low-grade glioma patients. Finally,
external validation was performed through the hospital cohort, confirming
the model’s robustness.

Results
IL18 expression level, clinical characteristics, and prognosis
analysis in low-grade gliomas
The researchflowchart is shown inFig. 1. Basedona cutoff value of 2.477 for
IL18 expression, 461 cases of low-grade glioma patients in the TCGA
database were divided into a high-expression group with 147 cases and a
low-expression group with 314 cases. We found differences in the

distribution of Histologic_grade, Histological_type, Chemotherapy, and
Radiotherapy status between the high and low IL18 expression groups
(P < 0.001, Table 1). Through analysis of low-grade glioma patient data in
the TCGA database, we observed that IL18 was significantly upregulated in
tumor tissues compared to non-tumor tissues (P = 0.04, Fig. 2A). Kaplan-
Meier curves showed that patients with high IL18 expression had sig-
nificantly lower overall survival (OS) than those with low IL18 expression
(P < 0.001; Fig. 2B). In addition, Age, Histologic_grade, Histological_type,
Chr_1p_19q_codeletion, IDH_status, MGMT_promoter_status, Che-
motherapy, and Radiotherapy were also significantly associated with OS
(Supplementary Fig. 1A-H). Further univariate Cox analysis showed that
IL18, Age, Histologic_grade, and IDH_status were all high-risk factors
(Fig. 2D), and multivariate Cox analysis showed that IL18 was an inde-
pendent prognostic factor for LGG OS [hazard ratio (HR) 1.978, 95% CI
1.296–3.019; p = 0.002; Fig. 2D]. Subgroup analysis showed that IL18 and
selected covariates did not interact (Supplementary Fig. 2). Moreover, IL18
expression was significantly associated with Histologic_grade, Radio-
therapy, Histological_type, Chr_lp_19q_codeletion, MGMT promoter_-
status, and IDH_status (Fig. 2F). To further validate IL18 expression in low-
grade gliomas, qRT-PCR analysis was performed on a cohort of patients
from the Neurosurgery Center of the Second Affiliated Hospital of Nan-
chang University, revealing a significant upregulation of IL18 in low-grade
glioma tissues compared to normal brain tissues (Fig. 2C). Immunohis-
tochemistry (IHC) staining for IL18 expression showed significantly posi-
tive staining in LGG patients compared to normal brain tissues (Fig. 2E).

Mechanistic exploration of IL18 in low-grade gliomas
Analysis of glioma single-cell sequencing data revealed that IL18 was pri-
marily expressed in Macrophage-C1QC-C3, Macrophage-C1QC-PLTP,
andMacrophage-SPP1-ACP5 clusters among 11 immune cell clusters (Fig.
3A, B). Furthermore, the infiltration of immune cells in low-grade gliomas
was further analyzed, showing significantly increased infiltration of T cells
CD8, T cells CD4memory resting,Monocytes, andMacrophagesM2 in the
high IL18 expression group (Fig. 3C). Through tumor microenvironment
analysis, we found that the StromalScore, ImmuneScore, and EstimateSocre
were all higher in the high IL18 expression group compared to the low IL18
expression group (Supplementary Fig. 3A). Analysis of the efficacy of
immune checkpoint inhibitor therapy in LGG patients revealed that the
number of immune therapy responders was significantly lower in the high
IL18 expression group compared to the low expression group (Supple-
mentary Fig. 3B). KEGG enrichment analysis showed significant enrich-
ment mainly in the JAK/STAT (JAK_STAT_SIGNALING_PATHWAY),
B_CELL_RECEPTOR_SIGNALING_PATHWAY, and Toll-like receptor
(TOLL_LIKE_RECEPTOR_SIGNALING_PATHWAY) signaling path-
ways (Supplementary Fig. 3C). Hallmark enrichment analysis indicated
significant enrichment of the KRAS (KRAS_SIGNALING) signaling
pathway in the high-expression group of IL18 (Supplementary Fig. 3D).

IL18 in in vivo and in vitro experiments on gliomas
In the TCGA and CGGA databases, the expression of IL18 varies among
different grades of gliomas, with its expression increasing as themalignancy
of the tumor rises (Supplementary Fig. 4A, B). Additionally, Kaplan-Meier
curves indicate that patients with high IL18 expression have significantly
lower overall survival (OS) compared to those with low IL18 expression
(p < 0.001; Supplementary Fig. 4C, D). To determine whether IL18 is
involved in the malignant progression of gliomas, we conducted further
cellular functional experiments. Colony formation assays showed that
knocking out IL18 significantly reduced cell colonies compared to the NC
group (Fig. 4A, B). Inwound healing assays, we observed that reducing IL18
expression significantly hindered the migration of glioma cells (Fig. 4C, D).
Through transwell experiments, we found that the invasion ability of
U118MGandU251MGcellswasweakenedafter IL18 knockout (Fig. 4E, F).
Furthermore, to investigate whether IL18 knockout affects in vivo glioma
growth,we established a tumormodel innudemice. The results showed that
compared to the control group, the tumor volumes ofmice in the sh-IL18#1

Table 1 | Patient clinical characteristics

Variables Total (n = 461) Low (n = 314) High (n = 147) p

Age, n (%) 0.748

~40 223 (48) 154 (49) 69 (47)

41~ 238 (52) 160 (51) 78 (53)

Gender, n (%) 0.977

Female 209 (45) 143 (46) 66 (45)

Male 252 (55) 171 (54) 81 (55)

Histologic_grade, n (%) <0.001

G2 224 (49) 171 (54) 53 (36)

G3 237 (51) 143 (46) 94 (64)

Radiotherapy, n (%) <0.001

NO 198 (43) 156 (50) 42 (29)

YES 263 (57) 158 (50) 105 (71)

Histological_type, n (%) <0.001

Astrocytoma 174 (38) 84 (27) 90 (61)

Oligoastrocytoma 121 (26) 88 (28) 33 (22)

Oligodendroglioma
166 (36) 142 (45) 24 (16)

Chr_1p_19q_codeletion, n (%) < 0.001

Non-Codel 310 (67) 171 (54) 139 (95)

Codel 151 (33) 143 (46) 8 (5)

IDH_status, n (%) < 0.001

WT 84 (18) 37 (12) 47 (32)

Mutant 377 (82) 277 (88) 100 (68)

MGMT_promoter_status, n (%) <0.001

Unmethylated 81 (18) 37 (12) 44 (30)

Methylated 380 (82) 277 (88) 103 (70)

Chemotherapy, n (%) 0.004

NO 194 (42) 147 (47) 47 (32)

YES 267 (58) 167 (53) 100 (68)
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and sh-IL18#2 groups were significantly reduced (Fig. 5A), exhibiting
weaker overall fluorescence intensity (Fig. 5B), slower weight loss (Fig. 5C),
and longer overall survival time (Fig. 5D).

Radiomics feature extraction, model construction, and evalua-
tion for predicting IL18
The TCGA and TCIA intersection dataset was randomly divided into a
training set of 98 cases and a validation set of 41 cases. The p-values of the
differential analysis between the two groups for Age, Gender, Histolo-
gic_grade, Radiotherapy, Histological_type, Chr_lp_19q_codeletion,
IDH_status, MGMT_promoter_status, Chemotherapy, and IL18 were
all >0.05 (Table 2). External validation was performed using a cohort of
50 cases from the Neurosurgery Center of the Second Affiliated Hospital
of Nanchang University (Supplementary Table 1). The mRMR method
and RFEmethod were used to select radiomic features, obtaining the best
3 features (Supplementary Fig. 5), with ICC values all above 0.75
(Supplementary Table 2). The constructed radiomic model underwent
ROC curve and calibration curve analysis, with AUC values of 0.861 in
the training set (Fig. 6A, D), 0.788 in the validation set (Fig. 6B, E), and

0.762 in the external validation set (Fig. 6C, F). DCA demonstrated that
the model had high clinical utility (Fig. 6G–I).

Radiomics score assessment predicts the prognosis of patients
with LGG
Based on the expression of the Radiomics score (Rad_score)with a cutoff
value of 0.4416, it was divided into a high-expression group of 49 cases
and a low-expression group of 90 cases, and a baseline data table of
clinical variables was plotted. We found significant differences in His-
tologic_grade, Histological_type, Chr_1p_19q_codeletion, IDH_status,
and MGMT_promoter_status between the high and low Rad_score
groups (Supplementary Table 3). In the training set, validation set, and
external validation set, there were significant differences in Rad_score
between the high and low expression groups of IL18 (p < 0.05;
Fig. 7A–C). Kaplan-Meier curves showed a significant correlation
between high Rad_score and deteriorated OS (Fig. 7D), with a median
survival time of 46.7 months in the high Rad_score group and
115.67 months in the low Rad_score group. Additionally, univariate
analysis showed that Rad_score was a high-risk factor, and it was also

Fig. 1 | Schematic diagram of research content. A Expression and prognosis
analysis, clinical characteristics, biological functions, and immunological char-
acteristics. B Image processing and tumor segmentation, feature extraction,

construction and evaluation of radiomics models, construction and evaluation of
radiomics scores.
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found that Histologic_grade, IDH_status, MGMT_promoter_status,
and Chemotherapy were risk factors for OS (Fig. 7E). Multivariate
analysis showed that Rad_score was an independent prognostic factor
for LGG OS [hazard ratio (HR) 2.723, 95% CI 1.219−6.080; p = 0.015;
Fig. 7D]. Subgroup analysis showed that Rad_score and selected cov-
ariates had no interaction (Fig. 7F).

Discussion
Low-grade gliomas are characterized by high disability and mortality rates,
with malignant transformation potential, often resulting in a median sur-
vival rate of less than 10 years21. Classic prognostic indicators for gliomas
include clinical and pathological characteristics, IDH, MGMT, among
others. However, these indicators no longer meet the clinical requirements

Fig. 2 | Correlation between IL18 expression level and clinical features. A IL18 is highly expressed in gliomas. B Kaplan-Meier curve shows a significant correlation
between high expression of IL18 and deteriorated OS. C qRT-PCR analysis shows high expression of IL18 in low-grade glioma tissue. D Univariate and multivariate Cox
regression analyses show that high expression of IL18 is an independent prognostic factor for OS. E IHC detection of IL18 expression. F Correlation analysis between IL18
and clinical features (*p < 0.05, **p < 0.01, ***p < 0.001).
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of precisionmedicine22–25. Exploring a technique that can noninvasively and
dynamically detect and quantitatively respond to tumor characteristics for
early diagnosis of low-grade gliomas, assessment of tumor heterogeneity,
and improvement of treatment efficacy is urgently needed. In this study, we

integrate and process transcriptome sequencing data and medical imaging
data from the TCGA and TCIA databases, respectively. We utilize MRI-
enhanced images and clinical pathological characteristics from the Neuro-
surgeryCenter of the SecondAffiliatedHospital ofNanchangUniversity for

Fig. 3 | Analysis of IL18 and immune cell infiltration in low-grade gliomas.
A Clustering analysis of 11 immune cells in glioma single-cell sequencing.

BExpression and distribution of IL18 in 11 immune cells.C Immune cell infiltration
(*p < 0.05, **p < 0.01, ***p < 0.001).
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external validation of the constructed model. We investigate the expression
status and prognostic value of IL18, immune-related mechanisms, and the
prognostic value of radiomics prediction models.

Natural killer (NK) cells, a critical component of the innate immune
system, serve as key effectors of cytotoxic activity against infected or
malignant cells26. In contrast, T cells, which constitute the cornerstone of the
adaptive immune response, are responsible for antigen-specific recognition
and targeted elimination of pathogens and aberrant cells27. IL18, a member
of the IL-1 cytokine family, induces IFNγproduction inNKcells andT cells,
exhibiting broad immunomodulatory functions28,29. In this study, we found
that compared to normal tissues, IL18 was highly expressed in gliomas, and
patients with high IL18 expression had poorer overall survival (OS). Uni-
variate and multivariate analyses revealed that IL18 expression was an
independent prognostic factor for low-grade gliomas. In previous studies,
Virginie et al. found a significant correlationbetween thepro-tumor effectof
IL18 and its high expression in gastric tumor epithelium30. Anne et al. found
significant expression of IL18 in unstable colorectal cancer, which was
associated with high density of T lymphocytes31. Wang et al. found sig-
nificant overexpression of IL18 in renal cell carcinoma (RCC) tissues, and
significant correlation between IL18 promoter methylation and increased
infiltration of CD8+ T cells32. Additionally, some studies have found that
IL18 inhibits T cell activity and accelerates multiple myeloma33. IL18 has
become a key player and research hotspot in the progression of different
types of tumors. Studying its potential role in the pathogenesis of gliomas
and demonstrating its utility as a potential biomarker for LGG is
meaningful.

Tumor-associated macrophages (TAMs) play a crucial role in the
occurrence and development of human cancers. As an integral part of the
tumor microenvironment, TAMs influence tumor progression, angiogen-
esis, and immune regulation34.Wang et al. found that increased TAMsmay
be an immune evasion mechanism in gliomas, and TAM-related features
could provide therapeutic targets for gliomas35. Fang et al. discovered that
the tumor microenvironment plays a vital role in the occurrence, devel-
opment, and treatment of gliomas, with glioma-associated macrophages
(GAMs) being the main cell population involved in immune function36. In

this study, we found that the StromalScore, ImmuneScore, and Estimate-
Score of the IL18 high-expression group were higher than those of the low-
expression group, and the infiltration of M2macrophages was significantly
increased in the IL18 high-expression group. In LGG patients, IL18 scores
were negatively correlated with immune therapy response. Therefore, IL18,
as a potential therapeutic target, holds great promise.

With the rapid development of medical imaging technologies such as
computed tomography (CT), magnetic resonance imaging (MRI), positron
emission tomography (PET), and ultrasound (US), medical imaging plays a
more central role in personalized medicine37,38. Radiomics extracts and
analyzes medical imaging data through data collection, tumor segmenta-
tion, feature extraction, and model establishment, combined with clinical
information, to improve the accuracy of diagnosis and treatment
response39–41. Kamel et al. predicted the histological differentiation of
hepatocellular carcinoma tissue using MRI radiomics features42. Bai et al.
predicted the classification of pancreatic cystic tumors using radiomics
models43. Tian et al. confirmed the relationship between CT radiomics
features and overall survival in patients with non-small cell lung cancer
(NSCLC), providing clinical value for guiding personalized treatment plan
selection for NSCLC44. Compared to detection of peripheral blood samples,
fresh tissue specimens, or paraffin-embedded tissue specimens, radiomics
can be applied preoperatively for tumor diagnosis, prediction of tumor
staging, and treatment efficiency, which will save medical resources, reduce
medical costs, and alleviate patient suffering45. In this study, we randomly
divided the screened TCIA data into training and validation sets to build
models, and used single-center data as an external dataset to validate the
model. The AUC values of the training set, validation set, and external
validation set were 0.861, 0.788, and 0.762, respectively. The calibration
curve showed that themodel hadgoodpredictiveperformance, anddecision
curve analysis (DCA) showed that themodel had high clinical utility. In the
validation set, training set, and external test set, higher expression of IL18
was associated with higher Rad_score values. Kaplan-Meier survival curves
showed a significant correlation between high Rad_score and worse overall
survival (OS), suggesting that the model has good efficiency in predicting
IL18 expression and clinical prognosis. With the rapid development of

Fig. 4 | Knockout of IL18 inhibits proliferation, migration, and invasion of
glioma cells. The effects of IL18 knockout on colony formation in U118MG and
U251MG cells (A) and histogram analysis (B). The results of wound healing assays

after IL18 knockout in U118MG andU251MG cells (C) and histogram analysis (D).
The effects of IL18 knockout on Transwell assays in U118MG andU251MG cells (E)
and histogram analysis (F) (*p < 0.05, **p < 0.01, ***p < 0.001).
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science and technology, artificial intelligence (AI) and machine learning
(ML) have promoted the efficiency and precision of tumor screening,
diagnosis, and treatment46. AI and ML technologies can analyze large
amounts of medical imaging data and pathological diagnosis results, con-
struct different models through methods such as image segmentation and
feature extraction, and evaluate the efficacy of different treatment regimens.
This not only helps doctors more accurately judge the condition but also
provides decision-making basis for doctors47. In recent years, IL18 has
shown great potential in the treatment of various types of tumors, and
numerous studies are exploring IL18-targeted tumor therapies30–32. Recent
research indicates that small molecule drugs targeting IL18 have demon-
strated good efficacy in tumor treatment and show great application
prospects11. Unfortunately, current IL18 detection methods are typically
invasive, expensive, and based on local tumor tissue, which not only fails to
represent the overall tumor condition but also makes dynamic observation
difficult. Therefore, this study constructed a noninvasive radiomics pre-
diction model for IL18 based on the LGG, capable of predicting patient
prognosis. The noninvasive prediction model provides new indicators for

personalized precision treatment, enables dynamicmonitoring of IL18, and
lays the foundation for predicting IL18-related therapies. In the future, it can
also be used to screen populations potentially benefiting from IL18-targeted
therapy.

The main limitation of this study is the use of only a single-center
external dataset for validation,with a relatively small sample size,whichmay
introduce potential selection bias. To improve the model’s stability and
generalizability, a multi-sequence fusion approach could be implemented,
with subsequent validation using large-scale, multi-center datasets that
encompass broader population demographics and increased sample sizes.
We will further explore this in future research.

Methods
Patient data
This study obtained transcriptome sequencing data, imaging data,
and complete corresponding clinical information of patients with
low-grade gliomas (LGG) from The Cancer Genome Atlas (TCGA)
(https://portal.gdc.cancer.gov/) and The Cancer Imaging Archive

Table 2 | The data set is divided into training set and validation set

Variables Total (n = 139) Train (n = 98) Validation (n = 41) p

IL18, n (%) 1

Low 90 (65) 63 (64) 27 (66)

High 49 (35) 35 (36) 14 (34)

Age, n (%) 0.734

~40 59 (42) 43 (44) 16 (39)

41~ 80 (58) 55 (56) 25 (61)

Gender, n (%) 0.869

Female 71 (51) 51 (52) 20 (49)

Male 68 (49) 47 (48) 21 (51)

Histologic_grade, n (%) 0.836

G2 71 (51) 49 (50) 22 (54)

G3 68 (49) 49 (50) 19 (46)

Radiotherapy, n (%) 1

NO 46 (33) 32 (33) 14 (34)

YES 93 (67) 66 (67) 27 (66)

Histological_type, n (%) 0.53

Astrocytoma 46 (33) 35 (36) 11 (27)

Oligoastrocytoma 34 (24) 22 (22) 12 (29)

Oligodendroglioma 59 (42) 41 (42) 18 (44)

Chr_1p_19q_codeletion, n (%) 0.476

Codel 38 (27) 29 (30) 9 (22)

Non-Codel 101 (73) 69 (70) 32 (78)

IDH_status, n (%) 1

Mutant 109 (78) 77 (79) 32 (78)

WT 30 (22) 21 (21) 9 (22)

MGMT_promoter_status, n (%) 0.725

Methylated 111 (80) 77 (79) 34 (83)

Unmethylated 28 (20) 21 (21) 7 (17)

Chemotherapy, n (%) 1

NO 45 (32) 32 (33) 13 (32)

YES 94 (68) 66 (67) 28 (68)

OS, n (%) 0.504

Alive 102 (73) 74 (76) 28 (68)

Dead 37 (27) 24 (24) 13 (32)

OS. time, Median (Q1, Q3) 21.7 (14.97, 40.7) 20.27 (14.39, 38.57) 30.27 (17.77, 48.97) 0.036
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(TCIA) (https://www.cancerimagingarchive.net/) databases. The inclu-
sion criteria were patients classified as WHO Grade II or III with com-
plete prognosis information. Finally, clinical and RNA-seq data from
TCGA-LGG (n = 461) and enhanced MRI (enhanced T1WI, n = 139)
from TCIA-LGG were obtained to explore the prognostic value of IL18,
construct radiomics prediction models, and investigate the prognostic
value of the model. This study collected imaging data and corresponding
clinical information of 50 patients with low-grade gliomas who were
treated at the Second Affiliated Hospital of Nanchang University from
2020 to 2023 as an external validation set. Informed consent was
obtained from all participants prior to their involvement in the study.
The study was conducted in accordance with the Declaration of Helsinki.
This study was approved by the Ethics Review Committee of the Second
Affiliated Hospital of Nanchang University, China (Project approval ID:
O-Medical Research Ethics Review (2024) (No.21).

IL18 expression-related analysis
RNAseq data and corresponding clinical information from the
TCGA_GBM, TCGA_LGG, and CGGA_325 projects were downloaded

and organized from the TCGAdatabase (https://portal.gdc.cancer.gov) and
CGGA database (https://www.cgga.org.cn/). The TCGA_GBM and
CGGA_325 datasets were used exclusively for analyzing the involvement of
IL18 in the malignant progression of gliomas. The cutoff value was deter-
mined using the “survminer” R package48,49. Differential analysis, survival
analysis, univariate, and multivariate Cox regression analysis were per-
formedusing the “limma,” “survival,” and “forestplot”Rpackages to explore
the impact factors of OS and the effects of multiple influencing factors.
Exploratory subgroup analysis was conducted through univariate Cox
regression to analyze the impact of IL18 high and low expression groups on
patient prognosis in different subgroups of each covariate50. Spearman rank
correlation coefficient was used to analyze the correlation between IL18 and
tumor clinical features, and the correlation heatmap was displayed.

RNA isolation and qRT-PCR
Samples of 16 patients with low-grade glioma treated at the Second Affili-
ated Hospital of Nanchang University Neurosurgery Department from
2020 to 2023, and six samples of normal brain tissue were collected to detect
the expression status of IL18. Total RNAwas extracted from the tissue using

Fig. 5 | Knockout of IL18 can inhibit the growth of glioma in vivo. In vivo imaging
was used to assess the fluorescence intensity of intracranial tumors in nude mice on
days 1, 7, 14, and 21 (A) and statistical analysis (B). Body weight (C) and survival

analysis (D) of nude mice were conducted at different time points (*p < 0.05,
**p < 0.01, ***p < 0.001).
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Simply P Total RNA Extraction (BioFluX, Shiga, BSC52M1). Reverse
transcription was performed using MonScript RTII All-in-One Mix with
dsDNase (Monad, MRO5101T), and the quantity of isolated RNA was
measured using theMonAmpRapidStartUniversal SYBRGreenqPCRMix
(Monad, MQ10701S). The primer for IL18 was forward 5′-TCTTCATT-
GACCAAGGAAATCGG-3′and reverse 5′-TCCGGGGTGCAT-
TATCTCTAC-3′.

Immunohistochemistry (IHC)
Samples of 50 patients with low-grade glioma treated at the Second
Affiliated Hospital of Nanchang University Neurosurgery Department
from2020 to 2023, and six samples of normal brain tissuewere collected to
detect the expression status of IL18 using the IHC method. Firstly, the
tissue sampleswerefixedwithfixative and embedded inparaffinblocks for
slide preparation. The 5 μm-thick glioma tissue sections were depar-
affinized in xylene, dehydrated through a series of decreasing ethanol
concentrations followed by rehydration, and washed in distilled water.
Subsequently, the sections were fully immersed in 3% hydrogen peroxide

solution at room temperature, followed by incubation for 10min and
rinsing in running water for 5 min. Finally, staining, dehydration, clear-
ing, and mounting were performed using IL18 Rabbit mAb (ABclonal,
A23076) according to the manufacturer’s instructions. The most appro-
priate dilution concentration selected was 1:500. The IHC results were
evaluated by two senior pathologists independently under amicroscope at
×10 and ×20 magnification.

Enrichment analysis
Gene SetVariationAnalysis (GSVA) can calculate the enrichment score of a
specific gene set in each sample51. The pathway enrich score of KEGG
pathway gene sets and Hallmark gene sets in each sample was calculated
using the “GSVA” R package, and the top 50 pathways were visualized
respectively.

Single-cell sequencing analysis
The scTIMEPortal was used to obtain and analyze the expression of IL18 in
different cell components of the GSE138794 glioma data set52.

Fig. 6 | Construction and evaluation of radiomics model. Analysis of the con-
structed radiomics model ROC curve in the training set (A), validation set (B), and
external test set (C); Calibration curve analysis in the training set (D), validation set

(E), and external test set (F); Decision curve analysis (DCA) in the training set (G),
validation set (H), and external test set (I).
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Tumor microenvironment analysis and immune cell infiltration
analysis
Analysis of Tumor Microenvironment and Immune Cell Infiltration
Immunoscore, stromal score, and estimate score representing the tumor
microenvironment (TME) were calculated in TCGA-LGG samples using
the “estimate”Rpackage53. Low-grade glioma samples were uploaded to the
CIBERSORTx database (https://cibersortx.stanford.edu/) to compute
immune cell infiltration and analyze the degree of immune cell infiltration

between IL18 high and low expression groups. Low-grade glioma samples
were also uploaded to the TIDE database (http://tide.dfci.harvard.edu) to
evaluate the response of immune checkpoint inhibitors (ICI) using the
Tumor Immune Dysfunction and Exclusion (TIDE) algorithm54.

Cell culture and transfection
The glioma cell lines U118MG and U251MG were obtained from the
American Type Culture Collection (ATCC, USA) and cultured in DMEM

Fig. 7 | Relationship between radiomics score and clinical features. Correlation
between RS and IL18 expression in the training set (A), validation set (B), and
external test set (C).D Kaplan-Meier curve shows a significant correlation between
high expression of RS and deteriorated OS; E Univariate and multivariate Cox

regression analyses show that Rad_score is an independent prognostic factor forOS;
F Impact of Rad_score on patient prognosis in various subgroups through subgroup
analysis. (*p < 0.05, **p < 0.01, ***p < 0.001).
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(Dulbecco’s Modified Eagle Medium) supplemented with 10% fetal bovine
serum. The glioma cells were transfected with lentiviral vectors containing
IL18 shRNA#1 (5‘-GGCCTCTATTTGAAGATATGA-3’), IL18 shRNA#2
(5‘-GGAAATGAATCCTCCTGATAA-3’), and a negative control (NC).

Colony formation assay, wound healing assay, transwell assay
Cells after transfectionwere cultured in 6-well plates (1000 cells/well) for two
weeks. Colonies were stained with 0.1% crystal violet for observation and
manual counting. When the transfected cells reached 85% confluence in the
6-well plates, awoundwas createdby scratchingwith a sterile 10 μlpipette tip.
Photographs of the wound were captured at two different time intervals (0
and 24 h). In the invasion assay, transfected cells were resuspended in serum-
freemediumaccording to themanufacturer’s instructions.A total of 5 × 10^4
cells were seeded into the upper chamber of a 24-well plate (Corning, USA).
Themembrane of the upper chamber was pre-coatedwithMatrigel (Yeasen,
China) diluted 1:8. In the lower chamber, 500 μL of medium supplemented
with25%fetal bovine serumwasadded.After incubatingat 37 °C for24–48 h,
invaded cells were observed under a microscope.

Nude mouse in vivo tumor model
Four-week-old female BALB/c nude mice were purchased from the
Experimental Animal Center of Nanjing Medical University. U251-sh-NC,
U251-sh-IL18#1, andU251-sh-IL18#2 cells (5 × 10^5 cells) were implanted
into the brains of nude mice using a stereotactic apparatus (RWD Life
Science, Shenzhen, China) to establish an intracranial tumor model (n = 5
per group). The formation of intracranial tumors and assessment of tumor
size were confirmed on days 1, 7, 14, and 21 using the IVIS Spectrum real-
time imaging system (Branford, USA), and corresponding body weight
changes were recorded. This study was approved by the Ethics Committee
for Experimental Animals of Nanchang University (No. NCULAE-
20221031035).

MRI imaging parameters and image preprocessing
Specific parameters of MRI imaging: Manufacturer(GE MEDICAL SYS-
TEMS, General Electric, Philips Medical Systems, SIEMENS, HITACHI
MEDICAL CORPORATION.) Min-max: median. Slice Thickness: 1–5; 2.
Spacing Between Slices: 1–7.5; 2.5. Pixel_Spacings: 0.391–1.016; 0.75.
Repetition Time: 4.616–3236.34; 500. Echo Time: 1.69–20; 4.6.

The imagepreprocessingprocess includes: (i)N4BiasFieldCorrection:
Applied to reduce signal deviations caused by magnetic field inhomo-
geneity, thereby improving image consistency. (ii) Resampling to
[1,1,1] mm³: Ensures isotropic voxel dimensions, aligning pixel distribu-
tions across images fromdifferent sources and reducing variations in spatial
resolution caused by differences in scanning equipment. (iii) Normalization
(normalizeScale = 100): Reduced differences in pixel value distributions
across devices, enhancing feature comparability. (iv) Discretization (bin-
Width = 5): Minimized the influence of pixel noise, stabilizing feature
calculations.

Radiomic feature extraction and model construction
Segmentation was performed using 3D Slicer software (version 4.10.2;
https://www.slicer.org/). Two radiologists, each with 15 years of experi-
ence in radiology, independently manually contoured the lesions layer by
layer without knowledge of the patients’ clinical data and diagnostic
results. “PyRadiomics” R package was used to resampling images tomake
them isotropic, so as to reduce the variation caused by differences in
scanning equipment and protocols and different lesion sizes of patients.
Then image standardization is used to reduce image noise and standardize
the intensity, reducing the difference in the intensity of the image signal
acquired by different machines. Finally, 107 original radiomics features,
including shape, first-order, and second-order features, were extracted
using “PyRadiomics” R package. The dataset was randomly divided into
training and validation sets in a 7:3 ratio using the “caret” and “CBCgrps”
R packages, and differential analysis was conducted between the two
groups. Radiomic features were extracted from the TCGA-TCIA

intersection samples (n = 139) using the “PyRadiomics” R package. The
consistency of extracted radiomic features was evaluated using the
Intraclass CorrelationCoefficient (ICC),with amedian ICC value of 0.955
and 103 radiomic features having ICC values ≥0.75. Further feature
selection was performed using the Maximum Relevance Minimum
Redundancy (mRMR)andRecursiveFeatureElimination (RFE)methods.
The selected radiomic features were then used to model gene expression
using the Gradient Boosting Machine algorithm for prediction.

Evaluation of radiomics model and analysis of radiomics score
correlation
TheROCcurve refers to the receiver operating characteristic curve,which is
a comprehensive index reflecting the sensitivity and specificity of con-
tinuous variables. The diagnostic efficiency is evaluated by calculating the
area under the ROC–AUC curve55. The calibration of the predictive model
was evaluated using calibration curves and the Hosmer-Lemeshow
goodness-of-fit test. The overall performance of the radiomics model was
quantified using the Brier score, which yielded values of 0.151 and 0.184 for
the training and validation sets, respectively. The decision curve analysis
(DCA)was employed to assess the clinical utility of the radiomics prediction
model56. TheRadiomics score (Rad_score), whichoutputs the probability of
predicting gene expression levels, was determined using the “survminer” R
package to determine the cutoff value and divide into high-expression and
low-expression groups.

Statistical analysis
Categorical variables were expressed as frequencies and percentages (%),
and Fisher’s exact test or chi-square test was used to compare clinical
characteristics57. Non-normally distributed continuous variables were
compared between groups using theWilcoxon test58. The Log-rank test was
used to assess the significance of survival rates between groups, withmedian
survival time defined as the survival time corresponding to a 50% survival
rate59. The “CBCgrps” package in R language was used for baseline com-
parison, “Survival”, “cmprsk”, and “forestplot” packages for survival ana-
lysis and visualization, and “clusterProfiler” and “stats” packages for
exploring the biological mechanisms of radiomics features and diseases. All
analyseswere conducted usingR software version 4.1.0, with two-sided tests
and a significance level of P < 0.05 indicating a significant difference.

Data availability
The TCGA glioma data used to support the analysis in this study were
downloaded fromTCGA (http://portal.gdc.cancer.gov). The glioma imaging
data were obtained from TCIA (https://www.cancerimagingarchive.net/).
The CGGA glioma data used in this study to support the analysis can be
downloaded from CGGA (http://www.cgga.org.cn/). Contact the corre-
sponding author via email for requests.

Code availability
Contact the corresponding author via email for requests.
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