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Objective: Glioma-associated epilepsy (GAE) is a common neurological symptom in glioma patients, which can worsen the
condition and increase the risk of death on the basis of primary injury. Given this, accurate prediction of GAE is crucial, and this
study aims to develop and validate a GAE warning recognition prediction model.

Methods: We retrospectively collected MRI scan imaging data and urine samples from 566 glioma patients at the Xiangyang Central
Hospital, Affiliated Hospital of Hubei University of Arts and Science from August 2016 to December 2023. Least Absolute Shrinkage
and Selection Operator (LASSO) regression and multivariate logistic regression analysis are used to determine independent risk factors
for GAE. The nomogram and decision tree GAE visualization prediction model were constructed based on independent risk factors.
The discrimination, calibration, and clinical usefulness of GAE prediction models were evaluated through receiver operating
characteristic (ROC) curve, calibration curve, and decision curve analysis (DCA), respectively.

Results: In the training and validation datasets, the incidence of GAE was 34.50% and 33.00%, respectively. Nomogram and decision
tree were composed of five independent radiomic predictors and three differential protein molecules derived from urine. The
discrimination rate of area under the curve (AUC) was 0.897 (95% CI: 0.840-0.954), slightly decreased in the validation data set,
reaching 0.874 (95% CI: 8.817-0.931). The calibration curve showed a high degree of consistency between the predicted GAE
probability and the actual probability. In addition, DCA analysis showed that in machine learning prediction models, decision trees
have higher overall net returns within the threshold probability range.

Conclusion: We have introduced a machine learning prediction model for GAE detection in glioma patients based on multiomics
data. This model can improve the prognosis of GAE by providing early warnings and actionable feedback and prevent or reduce
pathological damage and neurobiochemical changes by implementing early interventions.
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Introduction
Glioma, as one of the most common primary brain tumors in clinical practice, is the leading cause of death in primary
brain tumors.'* Specifically, glioma-associated epilepsy (GAE) is a common neurological symptom in glioma patients,
which seriously affects their daily life.® If not treated in a timely manner, some patients may experience epileptic states
and multiple seizures, leading to coma.*> Therefore, early prediction of GAE that may occur in grade II-IV gliomas has
significant clinical significance for subsequent diagnosis and treatment of patients, limiting the progression of the disease.
Magnetic Resonance Imaging (MRI) has become an important diagnostic tool for glioma patients due to its non-
invasive nature and good tissue contrast.” In essence, imaging omics converts images into quantitative features that can
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be used for modeling and is widely used in tumor-related research.”® The advantage of radiomics methods is that the
models have strong interpretability and require relatively less sample size. Based on the results, they have important
value in the medical imaging field where data resources, especially high-quality annotated data, are scarce. Imaging
omics based on a single MRI sequence has been proven effective in diagnosing the occurrence and types of GAE.'*!!
There have been studies on the diagnostic performance of GAE based on T2WI features.'> Additionally, in previous
studies, the value of the rich information contained in multi-sequence MRI in epilepsy diagnosis has not been explored,
and doctors need to manually delineate the area of interest, which increases their burden and affects the objectivity of the
entire process. Attentively, the current revolution in proteomics has led to the discovery of several new protein
biomarkers for various diseases, especially the development of urine proteomics and metabolomics, which have also
shown initial success in primary brain tumors.'* "> For example, Richard et al developed two detection methods that can
detect the presence of glioma (a type of brain tumor) in patients’ urine or plasma.'®

In view of this, this study used preoperative scans of four sequences: T1 weighted, T2 weighted, T1Gd, and T2-
FLAIR images and urine proteomics. A pre-trained deep learning model is used to automatically segment the ROI, and
independent test sets are used to evaluate the model performance. The potential value of combining multi-omics with
deep learning automatic segmentation in fully automated GAE diagnosis is demonstrated, thereby helping to guide
clinical decision-making.

Materials and Methods

Study Population

This retrospective study was approved by the Medical Ethics Committee of the Xiangyang Central Hospital, Affiliated
Hospital of Hubei University of Arts and Science and strictly adhered to the Helsinki Declaration, with all patients
obtaining informed consent. We retrospectively collected 566 cases and imaging data of glioma patients from the
Xiangyang Central Hospital, Affiliated Hospital of Hubei University of Arts and Science from August 2016 to
December 2023. The entire queue was randomly divided into a training set and a validation set in a 7:3 ratio. The
inclusion criteria are as follows: (1) Patients diagnosed with grade II-IV gliomas according to the World Health

Organization’s pathological criteria;'”"'®

(2) Patients who underwent preoperative scanning of TIWI, T2WI, T1Gd,
and T2-FLAIR sequences; (3) Patients who retained urine samples upon admission and passed urine routine tests.
Exclusion criteria: (1) Patients who have undergone biopsy or anti-tumor therapy before MRI scanning; (2) Patients with
seizures caused by other reasons, such as cerebral hemorrhage, stroke, etc; (3) Patients with combined liver and kidney
dysfunction or neurological and psychiatric disorders. In addition, the preoperative diagnostic criteria for GAE are
mainly based on a comprehensive evaluation of clinical manifestations, electroencephalography, and imaging results to

confirm the diagnosis. The process of patient inclusion and prediction model construction was summarized in Figure 1.

Scanning and Processing of MRI Images

The images were scanned using a 3.0T Siemens MRI device, with TR/TE values of 2000-3800/9—120ms, 200-220/2—
3ms, and 250/2.5ms for T2WI, T1WI, and T1Gd sequence scans, respectively. The T2-FLAIR scanning parameters are
set to T1=2400-2500 ms, TE=81-135ms, TR=8000-8500ms. For the four sequences, the matrix is set to 256 x 256, the
FOV is 240 x 240mm, and the layer thickness is Smm. The contrast agent is injected through the elbow vein at a rate of
2.0mmol/s using a high-pressure injector, with a standard dosage of 0.lmmol/kg. After injection, the scan can be
completed.

Image Preprocessing and Region of Interest (ROI) Segmentation

The TIWI, T2WI, and T1Gd images of each case were registered to the T2-FLAIR images using Elastix. Before feature
extraction, all images are normalized to 0 or 1 and processed using a restricted contrast adaptive histogram equalization
algorithm to reduce differences between images from different devices. Next, a doctor with 10 years of experience in
neuroimaging used ITK-SNAP (version 3.6.0) to delineate the ROI layer by layer, including the tumor and peritumoral
edema. Then, a doctor with 20 years of experience in neuroimaging used the same software for confirmation and
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Figure | Flowchart for screening and constructing prediction models for the included population.

modification. In order to perform ROI automatic segmentation, we also use HD-BET for brain extraction, and then use
pre-trained nnU Net to automatically process images and segment ROIs.

Radiomic Feature Extraction

We used Pyradiomics 3.0 to automatically segment the ROI for feature extraction. For each case, we extracted
a total of 300 features from the ROI. In addition to 14 shape features, we also extracted 18 first-order features and
75 texture features from each image in TIWI, T2WI, T1Gd, and T2-FLAIR. Texture features include histogram gray
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level co-occurrence matrix (HGLCM), gray level co-occurrence matrix (GLCM), neighborhood gray level difference
matrix (NGLDM), gray level run length matrix (GLRLM), gray level region size matrix (GLRSM), and other
features.

Differential Analysis, Screening, and Sequencing of Urine Proteomics
All patients’ urine samples (10 patients with GAE and 10 patients without GAE) were obtained after clinical urine
routine testing, and the urine routine results were normal. The urine protein dry chemistry test was negative. After
centrifugation at 3000 x g for 15 minutes, the supernatant was collected and frozen at —80 °C.

For the extraction of urine protein, we took urine samples from a —80 °C freezer and thawed them at 4 °C.
Next, we centrifuged the urine sample at 4 °C 12,000 x g for 30 minutes and transferred the supernatant to a new
centrifuge tube. Add 20 mmol/L dithiothreitol solution (prepared by Sigma, Germany, in 25 mmol/L NH 4HCO 3
solution) and mix. Heat the metal bath at 37 °C for 60 minutes, then cool to room temperature. Add 50 mmol/L
iodoacetamide (Sigma, Germany, prepared in 25 mmol/L NH 4HCO 3 solution), mix and react at room tempera-
ture in the dark for 40 minutes. Add 3 times the volume of pre-cooled absolute ethanol, mix the sample evenly,
and precipitate overnight at —20 °C. Centrifuge the mixture that has been precipitated overnight at 4 °C at 12000
x g for 30 minutes, discard the supernatant, evaporate ethanol, and dry. Subsequently, the protein was incubated
with 20 mmol/L dithiothreitol at 95 °C for 10 minutes, alkylated in 55 mmol/L iodoacetamide for 45 minutes,
loaded onto a membrane with a relative molecular weight of 30000, and washed with 20 mmol/L Tris solution.
Then, digest the protein with trypsin. And use Oasis HLB filter cartridge (10 mg/mL, Waters Corporation, USA)
for desalination.

For the processing of mass spectrometry data, we used a non-dependent collection method with the Spectronaut
Pulsar 17.1 (Biognosys, Switzerland) for analysis using default settings. Set the retention time prediction type to
dynamic index retention time. MS2 level interference correction has been enabled. The peptide intensity is
calculated by summing the peak areas of the respective fragment ions of MS2, and the protein peak intensity is
calculated by summing the intensities of the respective peptides. Enable cross run normalization to correct system
differences in liquid chromatography-mass spectrometry performance and use a local normalization strategy. Protein
inference is performed using the ID selector algorithm in Spectronaut. Filter all results using a Q cut-off value of
0.01 (corresponding to a false-positive detection rate of 1%). After a bioinformatics analysis, we finally obtained the
three most significantly differentially expressed protein molecules from urine proteomics, namely MMP28, IGFBP2,
and DDP4. The above three protein molecule ELISA kits were obtained from Abcam company and Shanghai Sig
Biotechnology Co., Ltd. The item numbers are MMP28 (ab269401), IGFBP2 (ab207615), and DDP4 (XG-
E990254).

Establishment and Evaluation of Predictive Models

The flowchart for establishing the predictive model was summarized in Figure 1. Due to the large number of extracted
radiomic features, directly establishing a prediction model using all features may lead to overfitting of the prediction
model, making it difficult to find the optimal prediction model.'” Therefore, we first used features from different
sequences to establish sub-models. At the beginning of building the prediction model, we used Z-score to standardize
all features and then planed the Pearson correlation coefficient (PCC) between any two features. If the PCC value was
greater than 0.99, any radiomic feature will be removed. Second, to determine the optimal feature parameters to be
retained in the prediction model, we attempted to use recursive feature elimination to establish the optimal prediction
model. Finally, based on the optimal features mentioned above, a tumor imaging omics label score was established (ie,
Rad score=constant+related features x feature coefficient).

The establishment process of the prediction model was carried out using ten-fold cross validation based on the
training set. We selected sub-models and determined the number of features for the final model by calculating the area
under the highest subject working characteristic curve on the cross-validation set. The final prediction model and clinical
predictive performance were evaluated using an independent testing set, including decision curve analysis and calibration
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curve evaluation of the clinical usability of the prediction model; DeLong test was used to evaluate the difference in
performance between two models.

Statistical Analysis

All data analysis and visualization were implemented using R software (version 4.2.2). Univariate analysis was used
(including chi-square test, t-test, or Mann—Whitney U-test) for inter-group comparison of quantitative or enumeration
data. Next, logistic regression was conducted using radiomics parameters in the training set to establish a prediction
model, and the effectiveness of the prediction model was evaluated using the C-index and visualized in a nomogram.
A p-value <0.05 for both tails was considered statistically significant.

Results

Clinical and Radiomic Features of Glioma Patients with or without Epilepsy

A total of 566 glioma patients were included in this study, with 65 (11.48%) and 34 (6.01%) patients with GAE in
the training and validation sets, respectively. As shown in Table 1, there was no statistically significant difference
(P>0.05) in all clinical features between the training and testing sets. In addition, by using the Dice value of
automatic segmentation based on the training set, Table 1 showed the comparison between the segmentation
results of features at different levels. There was statistically significant difference in a first order grayscale
and second-order grayscale features between the GAE and non-GAE groups on the training and testing sets
(P<0.05). The radiomics results demonstrated that the pre-trained model performs well in the task book of
automatic ROI segmentation.

Screening and Assignment of Radiomics Predictor Variables

We extracted radiomics parameter features from each patient and standardized all features using Z-score. In the training
set, we first performed the Mann—Whitney U-test on all features to select radiomic feature parameters with P-values less
than 0.05. Then, we performed Spearman correlation analysis on the candidate feature parameters (Figure 2A) and finally
obtained eight optimal candidate feature parameters. Logistic regression analysis further confirmed that these parameters
can be independent risk factors for predicting GAE (Table 2). Next, we further screened the candidate features using
LASSO with 10-fold cross validation and used the AUC value as the evaluation criterion for model performance after
cross validation, as shown in Figure 2B. The lambda value (se=0.06) at which the AUC value was the highest was the
optimal value (Figure 2C). The five radiomics parameter features and three urinary proteomics molecules selected were
used as the final prediction model, and the feature names and coefficient values of the optimal features were summarized
in Figure 2D and Supplementary Figure 1A and B.

Construction and Efficiency Evaluation of GAE Prediction Model

By establishing sub-models, differentially expressed radiomic features were screened from T1WI, T2WI, T1Gd,
and T2-FLAIR, and these features were merged for modeling. The resulting image model includes radiomic
features from 7 different sequences. As shown in Figure 3 and Table 3, the AUC values of the nomogram
constructed based on radiomics on the training and testing sets reached 0.821 (95% CI: 0.764-0.878) and 0.809
(95% CI: 0.752-0.866), respectively. As shown in Figure 4, the AUC of the decision tree prediction model
constructed based on the above predicted variables on the training set and validation set reached 0.897 (95% CI:
0.840-0.954) and 0.874 (95% CI: 0.817-0.931), respectively. At the same time, by analyzing the decision curves
and comparing the predictive performance of two prediction models, it can be found that the decision tree can
achieve the optimal net benefit when the threshold is between about 0.2 and 0.5, and the predictive performance is
much better than nomogram (Figure 5). The DeLong test was performed on the predicted values output by two
prediction models, and the results showed that the decision tree prediction model based on radiomics and urinary
proteomics had significant statistical differences between the training set (P=0.021) and the test set (P=0.016).
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Table | Clinical Characteristics and Omics Parameters of Patients with or Without Glioma-Associated Epilepsy

Variables Training Cohort P-value Testing Cohort P-value
Overall (N=396) No (N=331) Yes (N=65) Overall (N=170) No (N=136) Yes (N=34)
Age (median [IQR]), year 43.00 [32.00, 55.00] 43.00 [32.00, 55.00] 42.00 [30.00, 56.00] 0.873 44.00 [32.00, 53.75] 43.00 [32.00, 53.25] 45.50 [30.25, 54.50] 0.733
Gender (%)
Male 216 (54.5) 175 (52.9) 41 (63.1) 0.169 83 (48.8) 60 (44.1) 23 (67.6) 0.024
Female 180 (45.5) 156 (47.1) 24 (36.9) 87 (51.2) 76 (55.9) 11 (32.4)
BMI (median [IQR]), kg/m2 23.80 [20.80, 27.50] 23.90 [20.95, 27.90] 23.50 [20.60, 26.70] 0.188 24.40 [20.85, 27.55] 24.15 [20.75, 27.80] 24.60 [22.15, 26.88] 0.542
Clinical symptoms (%)
Headache or dizziness 145 (36.6) 119 (36.0) 26 (40.0) 0.562 56 (32.9) 49 (36.0) 7 (20.6) 0.23
Neurological dysfunction 113 (28.5) 98 (29.6) 15 (23.1) 55 (324) 42 (30.9) 13 (38.2)
Others 138 (34.8) 114 (34.4) 24 (36.9) 59 (34.7) 45 (33.1) 14 (41.2)
Tumor side (%)
Left 153 (38.6) 132 (39.9) 21 (323) 0.301 57 (33.5) 45 (33.1) 12 (35.3) 0.969
Right 127 (32.1) 101 (30.5) 26 (40.0) 61 (35.9) 49 (36.0) 12 (35.3)
Bilateral 116 (29.3) 98 (29.6) 18 (27.7) 52 (30.6) 42 (30.9) 10 (29.4)
Tumor location (%)
Temporal lobe 194 (49.0) 160 (48.3) 34 (52.3) 0.653 82 (48.2) 66 (48.5) 16 (47.1) |
Others 202 (51.0) 171 (51.7) 31 (47.7) 88 (51.8) 70 (51.5) 18 (52.9)
Tumor type (%)
Cystic 167 (42.2) 132 (39.9) 35 (53.8) 0.101 68 (40.0) 52 (382) 16 (47.1) 0.543
Solid 125 (31.6) 110 (33.2) 15 (23.1) 50 (29.4) 40 (29.4) 10 (29.4)
Cystic and solid 104 (26.3) 89 (26.9) 15 (23.1) 52 (30.6) 44 (32.4) 8 (23.5)
WHO grade (%)
] 218 (55.1) 178 (53.8) 40 (61.5) 0.311 103 (60.6) 81 (59.6) 22 (64.7) 0.724
v 178 (44.9) 153 (46.2) 25 (38.5) 67 (39.4) 55 (40.4) 12 (35.3)
Tumor pathology (%)
Anaplastic astrocytoma 147 (37.1) 123 (37.2) 24 (36.9) 0.102 73 (42.9) 60 (44.1) 13 (38.2) 0.768
Anaplastic oligodendroglioma 120 (30.3) 94 (28.4) 26 (40.0) 45 (26.5) 36 (26.5) 9 (26.5)
Glioblastomas 129 (32.6) 114 (34.4) 15 (23.1) 52 (30.6) 40 (29.4) 12 (35.3)
Ki67 expression (%)
<10 193 (48.7) 161 (48.6) 32 (49.2) | 85 (50.0) 69 (50.7) 16 (47.1) 0.848
>10 203 (51.3) 170 (51.4) 33 (50.8) 85 (50.0) 67 (49.3) 18 (52.9)
IDHI mutation
Mutation 218 (55.1) 175 (52.9) 43 (66.2) 0.125 95 (55.9) 74 (54.4) 21 (61.8) 0.562
Wild 178 (44.9) 156 (47.1) 22 (33.8) 75 (44.1) 62 (45.6) 13 (38.2)
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Lp/19q codeletion (%)
Codeletion
Non-codeletion
Featurel (median [IQR])
Feature2 (median [IQR])
Feature3 (median [IQR])
Feature4 (median [IQR])
Feature5 (median [IQR])
Featureé (median [IQR])
Feature7 (median [IQR])
MMP28 (median [IQR]), pg/ug
IGFBP2 (median [IQR]), pg/ng
DDP4 (median [IQR]), pg/ng

207 (52.3)

189 (47.7)
14.96 [12.44, 17.47]
9.88 [8.49, 11.08]

142.00 [114.00, 175.00]
6.89 [5.51, 8.32]
831 [7.28, 9.55]

29.00 [22.00, 34.00]
6.65 [5.44, 7.78]
127 [1.02, 1.50]
0.76 [0.50, 1.04]
0.78 [0.45, 1.16]

171 (51.7)

160 (48.3)
1592 [13.61, 17.98]
10.18 [9.25, 11.22]

154.00 [129.00, 183.00]
6.90 [5.50, 8.39]
8.70 [7.72, 9.74]

31.00 [26.00, 35.00]
6.53 [5.42, 7.78]
117 [0.96, 1.39]
0.68 [0.44, 0.92]
0.67 [0.40, 0.95]

36 (55.4)

29 (44.6)
4.19 [3.51, 5.46]
5.20 [3.92, 5.90]

55.00 [32.00, 81.00]
6.77 [5.51, 8.14]
4.19 [2.65, 4.79]
10.00 [6.00, 14.00]
6.95 [5.63, 7.80]
4.09 [3.37, 4.70]
2.49 [2.03, 3.02]
2.73 [2.43, 3.34]

0.679

<0.001
<0.001
<0.001

0.605
<0.001
<0.001

0.304
<0.001
<0.001
<0.001

93 (54.7)

77 (45.3)
14.55 [11.97, 17.20]
10.00 [8.36, 10.89]

140.00 [109.25, 168.00]
6.77 [5.33, 8.19]
8.32 [7.06, 9.30]

27.00 [21.25, 34.00]
6.44 [5.38, 7.59]
129 [1.07, 1.55]
0.81 [0.49, 1.09]
0.83 [0.50, 1.20]

69 (50.7)
67 (49.3)
15.54 [13.39, 17.82]
10.39 [9.46, 11.02]
153.50 [129.25, 178.00]
6.69 [5.35, 8.20]
8.71 [7.80, 9.46]
30.00 [25.00, 34.25]
6.48 [5.35, 7.65]
121 [1.01, 1.38]
0.66 [0.46, 0.95]
0.68 [0.42, 0.94]

24 (70.6)

10 (29.4)
5.11 [3.72, 5.68]
5.85 [4.89, 6.68]

50.00 [34.00, 70.50]

7.20 [5.40, 8.00]
426 [3.29, 5.32]
9.50 [6.00, 12.00]
6.38 [5.48, 7.21]
3.90 [2.94, 4.88]
2.80 [2.40, 3.20]
3.16 [2.50, 3.50]

0.059

<0.001
<0.001
<0.001

0.884
<0.001
<0.001

0.594
<0.001
<0.001
<0.001

Abbreviations: IQR, Interquartile range; BMI, Bodymassindex; Featurel, Waelet_HLL_firstorder_Mean; Feature2, Waelet_LLL_glszm_GrayLevelVariance; Feature3, Waelet_HLL_glcm_ClusterShade; Feature4=Original_glcm_MCC;
Feature5, Waelet_LHH_glcm_Correlation; Featureé, Waelet_HHL _firstorder_Mean; Feature7, Waelet_LLH_firstorder_Skewness; MMP28, metalloproteinases-28; IGFBP2, insulin-like growth factor binding protein-2; DDP4, dipeptidyl

peptidase-4.

|e 19 Suoyz



Zhong et al

£ . &
c -
A g s 39c
Eo2o02002%2
788888528 ocwon
5 RO 8EJeeBRE8 ey
8, B 255808 2222288883
=0 sc TTI T O ®® OO ® L
To0=< LS50 =ka
BLO0B0RPRRPIR0SLLeLLe LS 0n
status — N R IR
Age
Gender 08
BMI
Clinical_symptoms 0.6
Tumor_side
Tumor_location 04
Tumor_type ’
WHO_grade
Tumor_pathology 02
Ki67_expression
IDH1_mutation 0
Lp/19q_codeletion
Feature1 02
Feature2
Feature3
Feature4 -04
Feature5
Feature6 -0.6
Feature7
MMP28 08
IGFBP2
DDP4
-1
MM 11 1110 1010 9 9 9 8 8 7 7 6 5 5 5 4 3 1
8
©
3
=}
8
s
g
Yo
,gv . ......,._.'..'
o o4 .,
Eo -'.."~ er ey,
E IEEEEREEERAS! 1
o 3|
s
o
8
=}
3
(=}
T T T T
-7 - -5 -4

Log(a)

0.1

Coefficients.

-0.3
L

MMP28=421

Radiorics_score =657

DDP4=266

IGFBP2=191

status =1

001 002 003

Fraction Deviance Explained

SHapley Additive exPlanations

0.00 005 0.10 015
contribution

020

Figure 2 Selection of candidate variables for predictive models. (A) Pearson correlation coefficient analysis examines the correlation between candidate variables and
outcome variables. (B) Recursive selection of optimal combination candidate predictor variables based on penalty coefficient. (C) Obtain candidate variable values for
inclusion in the final prediction model based on the Lambda value. (D) Weight distribution of contribution values of candidate variables based on SHapley Additive

exPlanations.

https:

1118

International Journal of General Medicine 2025:18



Zhong et al

Table 2 Univariate and Multivariate Logistic Regression Analysis of Risk Factors for

GAE
Variables Univariate Analysis | P-value | Multivariate Analysis | P-value
OR 95% CI OR 95% ClI
Radiomics score | 4.85 1.36-10.56 <0.05 429 1.21-8.26 <0.05
MMP28 2.35 0.454.91 <0.01 2.37 0.72-3.99 <0.01
IGFBP2 1.89 0.34-4.26 <0.01 1.68 0.33-4.47 <0.01
DDP4 2.56 0.79-6.13 <0.05 2.67 0.81-5.91 <0.05

Abbreviations: OR, odds ratio; 95% Cl, 95% confidence interval.

Discussion

Gliomas, as the most common primary intracranial tumor, have a complex mechanism of epilepsy and diverse
pathological changes, so the formation mechanism is still inconclusive.’?! Mounting extensive research evidence
tends to be the result of multiple factors influencing each other, as well as mechanisms related to abnormal
expression of tumor-related genes, tumor space compression, microenvironmental changes, and immune
cytokines.”' ?* In clinical practice, epilepsy may be the only and earliest clinical manifestation of glioma, with
20% to 80% of gliomas being associated with epilepsy, which is also a common complication after glioma
surgery.”*%® Throughout history, electroencephalography (EEG) has been the most fundamental diagnostic tool
for epilepsy.>’ For instance, the long range video EEG can monitor episodic events that can last for minutes or
hours, helping to classify epilepsy and determine its origin. However, low-grade gliomas often exhibit focal spikes
and sharp waves in EEG, with a small portion being persistent localized slow waves.”® Some abnormal discharges
can spread throughout the entire brain, especially when postoperative cortical electroencephalography shows an
increase in epileptic discharges, indicating a high possibility of early epilepsy recurrence, but it has no predictive
effect on long-term epilepsy prognosis.**® In this study, we pioneered the construction of a non-invasive GAE
warning prediction model, which combines radiomics and urine proteomics, to construct a prediction model based
on easily obtainable clinical test results. To our knowledge, this non-invasive prediction model has crucial guiding
value in assisting in predicting the risk of GAE and early diagnosis and treatment.

MRI is more sensitive than CT in diagnosing GAE and can assist in locating and determining brain structural
abnormalities, thus helping to classify epilepsy, especially in the diagnosis of etiology, such as gray matter ectopia,
intracranial tumors, etc., which cannot be replaced by other diagnostic tools.>'? Actually, epilepsy lesions refer to
abnormal morphology or morphology of brain tissue, which can indirectly or directly cause epileptic seizures or
discharges. As the pathological basis of epileptic seizures, CT or MRI can precisely display typical lesions of abnormal
brain tissue. It is worth mentioning that hippocampal sclerosis and abnormal development of the cerebral cortex are
structural abnormalities closely related to epilepsy.>*~* Hence, for those with epilepsy as the primary symptom, MRI
shows supratentorial mass and circular or quasi circular abnormal signs at the top of the frontal and temporal regions.
Tumor lesions, especially low-grade gliomas, should be given priority consideration. Additionally, relying on biopsy
cannot fully reflect the heterogeneity of tumors, and may even lead to the loss of fine brain functions due to improper
biopsy procedures. Previous studies have shown that using radiomic features can objectively and quantitatively extract
texture features, reflect tumor heterogeneity, distinguish between glioblastoma and metastatic tumors, and predict
molecular subtypes of glioblastoma and patient prognosis.*>*® So far, there have been few studies evaluating epilepsy
related to glioblastoma patients based on radiomic features. This study creatively constructed an imaging omics scoring
model to predict the risk of epilepsy in glioblastoma patients, confirm whether high-risk patients can be identified early,

and improve patient prognosis.
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Figure 3 Developing a GAE prediction model based on nomogram visualization. (A) Nomogram. (B) Calibration curve.

Radiomics is a non-invasive method that quantitatively analyzes the potential heterogeneity of tumors by extracting
a large number of quantitative features from medical imaging data and can avoid sampling errors in biopsies. Due to the
fact that gliomas with concurrent epilepsy are mostly located on the tentorium, and frontal lobe gliomas have the highest
probability of developing epilepsy, we speculate that the reason may be that the frontal lobe has the largest volume
among all brain lobes and is closely connected to the basal ganglia, brainstem, hypothalamus, etc. Interestingly, neuronal
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Table 3 Efficiency Evaluation Model Based on the Area Under the Receiver Operating Characteristic Curve

Prediction Model Training Set Testing Set

AUC 95% ClI PPV | NPV | C-index | AUC 95% ClI PPV | NPV | C-index

Nomogram 0.821 0.764— 0.875 | 0.760 0.721 0.809 0.752— 0.850 | 0.750 0.735
0.878 0.866

DTM 0.897 0.840— 0.950 | 0.850 0.799 0.874 0.817- 0.991 | 0.865 0.787
0.954 0.931

Abbreviations: AUC, Area under the curve; 95% CI=95% confidence interval; PPV, Positive predictive value; NPV, negative predictive value;
DTM, Decision tree model.

discharges can be transmitted to these areas to trigger epileptic seizures. At the same time, the frontal lobe is closely
related to functions such as language, mental activity, and voluntary movement, and the control of excitability is
relatively unstable, so excitement is easy to spread after being stimulated. The radiomics prediction model has the
advantages of non-invasive, simple, and practical prediction of epileptic seizures in glioma patients.’*>’” Compared with
radiomics models, the comprehensive clinical imaging features observed by the naked eye have non-discriminatory
performance in predicting GAE. In view of this, this study successfully established a machine learning radiomics model
based on the T2-FLAIR sequence, especially the Gaussian process radiomics model developed in this study, which is
highly effective in predicting reinforcement patterns in the training queue, internal validation queue, and external
validation queue. Of particular note is that the model has high negative predictive values in both queues.

Due to the fact that urine does not belong to the internal environment, compared to plasma, urine is more sensitive to
changes in the body, making it an ideal sample for detecting disease biomarkers.>® In this study, we found that urinary
proteomics differentially expressed molecules such as matrix metalloproteinases-28 (MMP-28), insulin-like growth
factor binding protein-2 (IGFBP-2), and dipeptidyl peptidase-4 (DDP-4) were significantly differentially expressed in
the GAE patient population (P<0.05). Previous studies have shown that MMP-28 protein is significantly upregulated in
both malignant tumors and cancer cell lines, and it is also widely expressed in gliomas.>® At present, research has
confirmed that MMP-28 in gliomas can induce the expression of transforming growth factor-p (TGF-B) and epithelial
mesenchymal transition (EMT), leading to the invasion of gliomas and accelerating tumor progression.*’ In addition, the
expression of IGFBP-2 is closely related to the function of the phosphatase and tensin homolog (PTEN) gene, and PTEN
can induce downregulation of IGFBP-2.*' When cancer occurs, high levels of IGFBP-2 expression are associated with
PTEN loss. Therefore, elevated expression of IGFBP-2 may become a prognostic biomarker for cancer.*'*** In addition,
in the field of glioma, Han et al analyzed 83 glioma cases using ELISA in 2014 and found that plasma IGFBP-2 levels
after chemotherapy and radiotherapy were significantly correlated with overall survival (OS) of patients.*® Overall,
IGFBP-2 has the potential to evaluate prognostic levels in the treatment of gliomas and is a potential prognostic
biomarker for gliomas.

CD26/dipeptidyl peptidase-4 (DPP4) is a membrane-bound protein that exists in many cell types in the body and is
soluble in body fluids.** Previous studies have shown that the upregulation of CD26/DDP4 in gliomas promotes tumor
progression, and one possible mechanism is DPP4 cleavage of the chemokine CXCL12, which induces upregulation of
CXCLI12 while stimulating glioma growth.**¢ Collectively, due to the presence of the blood-brain barrier and its
invasive growth pattern, tissue biopsy of gliomas is difficult, so the development of biomarkers at the level of urine
proteomics has better prospects in the future. Given this situation, our future diagnosis and treatment will increasingly
rely on biomarkers to determine the progress of GAE, and then use molecular targeted therapy to specifically eliminate
GAE, thereby establishing personalized and precise diagnosis and treatment plans to maximize the prevention and
treatment effect of GAE.
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Figure 4 Constructing an GAE prediction model based on decision tree visualization. (A) Decision tree model; (B) Calibration curve.

This study inevitably has the following limitations. First, it is retrospective with a small sample size, and future multi-
center validation is needed to improve the generalization of radiomics models. Second, the feature extraction in this study
takes a long time, including manually delineating the region of interest, which limits its application in clinical practice. In
the future, the use of automatic segmentation technology is expected to effectively solve this problem. Third, radiomic
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Figure 5 Net benefit capability of GAE prediction model based on decision curve analysis. (A) Training cohort; (B) Testing cohort.

features are influenced by equipment from different manufacturers, which may lead to the failure of radiomics models in

multi-center applications. In the future, standardization of radiomics data is needed.

Conclusion

In summary, early prediction, increased awareness, and appropriate treatment and care are crucial for protecting
neurocognition, limiting progression, and improving patients’ quality of life. This study developed and validated
a prediction model obtained from MRI and urinary proteomics that can effectively stratify the risk of GAE.
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Particularly, the multiomics-based prediction model can provide certain assistance for precise and personalized diagnosis

and treatment of patients with GAE.
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