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[Abstract] Objective To develop and validate a preoperative prediction model for meningioma
brain invasion using radiomics features derived from multiparametric magnetic resonance imaging (MRI)-
based brain-tumor interface (BTI). Methods A total of 656 meningioma patients diagnosed and treated
were included at The First Affiliated Hospital of Nanjing Medical University from September 2014 to April
2023. Using stratified random sampling, patients were randomly divided in a 4 : 1 ratio into training set
(524 cases) and testing set (132 cases). The training set was used for model construction and optimization,
and the testing set for evaluating generalization ability. All patients underwent preoperative MRI

examination including axial T,WI, enhanced T/WI and T,WI. After image preprocessing and segmentation,
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the meningioma region of interest was identified, and BTI with thicknesses of 0.80, 1.00 and 1.20 cm were
constructed. Radiomics features were extracted from the regions of interest (ROI) across the 3 sequences.
Following single - value elimination and interclass correlation coefficient [ICC (2, k) > 0.90] stability
screening, features were selected using five - fold cross - validated least absolute shrinkage and selection
operator (LASSOCV). Six machine learning (ML) algorithms, including light gradient boosting machine
(LightGBM), Logistic regression (LR), multilayer perceptron (MLP), random forest (RF), support vector
machine (SVM), and extreme gradient boosting (XGBoost) were utilized to build predictive models. The
performance of each model was assessed using receiver operating characteristic (ROC) curve and the area
under the curve (AUC). The significance of differences between ROC curves were compared using the
Delong test. Decision curve analysis (DCA) was performed to evaluate the clinical net benefit of the models
across different threshold probabilities. Results Among the 656 meningioma patients, 152 cases (23.17%)
exhibited brain invasion, with 123 cases (23.47%) in the training set and 29 cases (21.97%) in the testing
set. Through five-fold cross-validation in the training set and evaluation in the testing set, comparative
analysis of the predictive performance of 18 model - thickness combinations (6 ML algorithms X 3 BTI
thicknesses) showed that the XGBoost model constructed with a 1.00 ¢cm BTI thickness demonstrated
exceptional performance. This model achieved an AUC of 0.913 (95%CI: 0.886-0.937, P =0.000), accuracy
of 0.86, sensitivity of 0.77, and specificity of 0.88 in the training set; and an AUC of 0.897 (95%CI: 0.821-
0.961, P =0.000), accuracy of 0.90, sensitivity of 0.72, and specificity of 0.95 in the testing set. Further
Delong test showed that this model’s AUC was significantly higher than all other models (P < 0.05, for all).
DCA showed that this model demonstrated the best clinical utility with the highest net benefit area in both
the training set (0.087) and the testing set (0.094). Conclusions The XGBoost model based on 1.00 ¢cm
BTI exhibited outstanding predictive performance, providing an accurate and reliable non-invasive method
for preoperative evaluation of meningioma brain invasion. This method offers substantial clinical utility in
facilitating personalized surgical planning, risk assessment, and prognosis evaluation.

[Key words] Meningioma; Neoplasm invasiveness; Magnetic resonance imaging; Radiomics (not
in MeSH); Machine learning; ROC curve
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Figure 1 Radiomics feature extraction and selection Image preprocessing and segmentation: left figure was T,WI, enhanced T,WI,
and T,WI images after preprocessing; right figure was corresponding tumor segmentation results with BTI marked by different colors
(green indicates the 0.80 c¢m thickness range, yellow indicates the extended 1.00 ¢m thickness range, and red indicates the further
extended 1.20 ecm thickness range; Panel la). Distribution of radiomics features: the inner ring indicated the distribution across T /WI,
enhanced T/WI and T,WI sequences; the outer ring indicated the proportion of specific feature types (Panel 1b). Feature stability
assessment based on ICC: the black area indicated highly stable features retained for subsequent analysis [ICC (2, k) > 0.90], while the
gray area indicated features excluded due to insufficient reproducibility [ICC (2, k) < 0.90, Panel 1c]. LASSOCV regression coefficient
path diagram: different colored curves indicated the trajectories of coefficient changes for various features. The vertical dashed line
marked the optimal N value determined through five-fold cross-validation, where non-zero coefficients corresponded to the final selected
feature subset with optimal predictive value (Panel 1d).
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Table 1. Comparison of baseline characteristics among patients in the overall sample, training set and testing set
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Table 2. Predictive performance metrics of ML models in training set

A HERABE R FR5R B AUC 95%CI PAH |55 W REUE R AUC 95%Cl P1H
0.80 em-LightGBM  0.77  0.69  0.79 0.828 0.789 ~0.864 0.000(/1.00 ¢cm-RF 081 0.61 087 0.855 0.815~0.891 0.000
0.80 cm-LR 0.80 0.76 0.81 0.870 0.834~0.901 0.000(|1.00 cm-SVM 077 079 0.77 0.854 0.815~0.888 0.000
0.80 cm-MLP 0.78 0.80 0.77 0.877 0.845~0.907 0.000{[1.00 cm-XGBoost 0.86  0.77  0.88 0.913 0.886~0.937 0.000
0.80 cm-RF 0.79  0.64 0.84 0.841 0.812~0.875 0.000//1.20 cm-LightGBM 0.77  0.61  0.83 0.836 0.787 ~0.872 0.000
0.80 cm-SVM 0.79 0.76 0.80 0.866 0.829~0.899 0.000(/1.20 cm-LR 0.80 0.78 0.80 0.876 0.841~0.907 0.000
0.80 cm-XGBoost ~ 0.77  0.77  0.79 0.842 0.807 ~0.874 0.000(/1.20 cm-MLP 079 071 0.82 0.836 0.791~0.882 0.000
1.00 cm-LightGBM  0.77  0.69  0.79 0.831 0.788~0.865 0.000//1.20 cm-RF 0.80 0.62 0.85 0.834 0.793~0.872 0.000
1.00 cm-LR 0.82 0.80 0.82 0.901 0.871~0.930 0.0001.20 ¢cm-SVM 079 078 0.80 0.872 0.839~0.904 0.000
1.00 ¢cm-MLP 0.81 0.80 0.82 0.896 0.862~0.925 0.000{[1.20 cm-XGBoost  0.77  0.73  0.78 0.838 0.797 ~0.875 0.000

LightGBM, light gradient boosting machine, 2GS R AL LR, Logistic regression, Logistic H;MLP, multilayer perceptron, B4y S E
RF, random forest, fifi Il £ #k ; SVM, support vector machine, 745 1\ L ; XGBoost, extreme gradient boosting, e viig A B 42 TH B vk 5 AUC, area

under the curve, f1%E FifiF1. The same for Table 3

R3S PO R ML 2 > B A 00 25K e 45 A

Table 3. Predictive performance metrics of ML models in testing set

] HERR B REUE R AUC 95%Cl PAE |7 HERf B REUE R AUC 95%Cl PAH
0.80 cm-LightGBM  0.75  0.81  0.55 0.775 0.664 ~0.865 0.000(/1.00 cm-RF 0.78 0.52  0.85 0.799 0.699 ~0.882 0.000
0.80 cm-LR 073 078  0.59 0.764 0.649~0.863 0.000(/1.00 cm-SVM 077 0.66 0.80 0.812 0.723~0.895 0.000
0.80 cm-MLP 077 0.83 059 0.784 0.673~0.881 0.000{[1.00 cm-XGBoost 0.90 0.72 095 0.897 0.821~0.961 0.000
0.80 cm-RF 0.78 0.87 045 0.793 0.697 ~0.879 0.000(|1.20 cm-LightGBM 0.80  0.52  0.88 0.786 0.677 ~0.885 0.000
0.80 cm-SVM 0.74 0.81 0.52 0.763 0.662~0.863 0.000(1.20 cm-LR 0.79 0.62 0.83 0.787 0.681~0.882 0.000
0.80 cm-XGBoost ~ 0.75  0.80  0.59 0.775 0.677 ~0.864 0.000/1.20 cm-MLP 0.77 045 0.86 0.721 0.604~0.833 0.001
1.00 em-LightGBM 075 0.72  0.76  0.815 0.712~0.903 0.000|1.20 cm-RF 0.80 055 0.86 0.797 0.683~0.890 0.000
1.00 em-LR 077 0.62 081 0.799 0.688~0.891 0.000([1.20 cm-SVM 078 0.62 0.83 0.787 0.687~0.867 0.000
1.00 cm-MLP 078 059 0.83 0.807 0.701~0.897 0.000[1.20 cm-XGBoost  0.77  0.59 0.82 0.780 0.669 ~0.883 0.000

Jo BLTH Y LightGBM #5 %I (Z =2.492,P =0.013) \LR
A (Z=2.313,P=0.021) MLPAEAI(Z =3.414,P =
0.000) . RF #% %l (Z = 2.533, P = 0.011) . SVM #% !
(Z=2.579,P=0.010) f1 XGBoost # # ( Z =2.621,P =
0.009) . W iEE, JSEYIZLEF 1.00 cm-XGBoost 5
A5 1.00 em-LR #E R A1 1.00 em-MLP A5 7 1 70 %5
AEAH Y4, (I3 4 7 1.00 em-XGBoost #5 1Y iy i 8
A KT 1.00 em-LRBL A (Z =2.118, P = 0.034) I
1.00 em - MLP £ # (Z = 2.000, P = 0.046) , 3 I
XGBoost B B HL AT SR (1 yZ fbfig /1 . LR g5 R &
B, 1.00 em-XGBoost 55 #8175 il 32 42 v 7510 5% 156 fix
£, B 1.00 em Fili - Jif 967 S T8 JEE BB 45 5 XGBoost 57 i
A D e A RIH 3R I ) G S AR A 2 e AE M i L
LTI AR AR Y, 2R B SR FH Y S B
BN FRAE SR FE EE 7 (colsample_bytree ) = 0.80 iz /)N
SrEa i (y) =0.10,22 ) %(learning_rate) =0.10.
fix K W % (max_depth) = 6, &% /N F & =

(min_chﬂ(i_weight) =1 [l #8 %0 & (n_estimators) =
100 IEFEAAL HE H 5] (scale_pos_weight) = 1 FEAS R
¥ L 4] (subsample) = 0.80,

J AR ST SMOTE 72 %F 1.00 em-XGBoost £& %I 5% g
[ 52, X R ] SMOTE 2 5 A 2R ] SMOTE i 1) #5
TUEAT HE 8, U i 4 2 3T a8 R IE 45 R R
SMOTE T3 &b ¥ 55 o i b #0455 A4 1) il & °F 1w £ 40 )
4 0.913 (95%CI: 0.886 ~ 0.937, P = 0.000) FI 0.880
(95%C1:0.849 ~0.911,P =0.000) ; Delong & % .75 ,
SMOTE T b P A5 78 1)y 2 11 AR K o 791 Ab A
(7 =-3.246,P=0.001) . #F— 7 3k 4 5
JIE, SMOTE i &b # 55 o 19 kb AR A 1) il 26 1 B 43
%14 0.897(95%CI1:0.821 ~ 0.961, P = 0.000) 1 0.788
(95%C1:0.694 ~ 0.881, P =0.000) ; Delong £ % .75
SMOTE i b FASE Y (1% il 26 10 AR K T oK 4k 34
BRI (Z =-2.061,P=0.039) , 3 B 16 A - 17 5 46
A5 LT, SMOTE 32 AJ A7 R0 o 455 280 351 0 28 g



R G R 28 e e 4k ki 20254 3 H A 25 B 3 0 Chin J Contemp Neurol Neurosurg, March 2025, Vol. 25, No. 3 . 181

1.00 ——
0.75
MLP(AUC=0.877)
g 050 = LR(AUC=0.870)
T SVM(AUC = 0.866)
0.25 ® XGBoost(AUC =0.842)
i B RF(AUC=0.841)
LightGBM(AUC =0.828)
0.00 0.25 0.50 0.75 1.00
1 - f 5 B 2a
1.00
0.75
-~ ® XGBoost(AUC=0.913)
E 50 = LR(AUC=0.901)
® MLP(ATUC =0.896)
0.25 BRF(AUC=0.855)
SVM(AUC =0.854)
LightGBM(AUC =0.831)
0.00 0.25 0.50 0.75 1.00
1 -5 5 2c
1.00
0.75
" = LR(AUC=0.876)
;@ﬁ 0.50 SVM(AUC=0.872)
= XGBoost(AUC =0.838)
0.25 LightGBM(AUC = 0.836)
MLP(AUC =0.836)
®RF(AUC=0.834)
0-00 0.25 0.50 0.75 1.00
1 - FF 5 2e

LightGBM, B4t 4% B & T1HL ; LR, Logistic 2115 s MLP, 22 J2 UM 28 s RE, BEHLAR bR s SVM, S5t AL 5
XGBoost, 1 3 18 B2 $2 TF527% s AUC, T 2k T 1 1

B2 6 R bl 2A ) A BT 3 0 - i B 15 T I R R AT SE B9 ROC IR 2a YIIZR4E 1 0.80 cm ik -Hi 87 51 19 ROC i 2%
2b KA 0.80 em [l -FPE A Y ROCHIZL 2 YILRAEH 1.00 em il -l T ROCIHIZR  2d LA P 1.00 em fitg -l 7t 1A
MROCHIZ  2e  VIZRHET 1.20 cm [i-IiRF S 9 ROC LR 2f
Figure 2 ROC curves for 6 ML models at 3 BTI thickness in training set and testing set ROC curve for 0.80 cm BTI in the training set
(Panel 2a). ROC curve for 0.80 cm BTI in the testing set (Panel 2b).
curve for 1.00 cm BTI in the testing set (Panel 2d). ROC curve for 1.20 cm BTI in the training set (Panel 2e). ROC curve for 1.20 cm BTI

in the testing set (Panel 2f).
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Figure 3 DCA for 6 ML models at 3 BTI thickness in training set and testing set DCA with 0.80 cm BTI in the training set (Panel 3a).

DCA with 0.80 ¢cm BTI in the testing set (Panel 3b). DCA with 1.00 cm BTI in the training set (Panel 3c). DCA with 1.00 cm BTI in the

testing set (Panel 3d). DCA with 1.20 cm BTI in the training set (Panel 3e). DCA with 1.20 em BTI in the testing set (Panel 3f).
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Figure 4

SHAP summary plot and heatmap of the 1.00 ¢m - XGBoost model in the testing set

SHAP summary plot showed the

contribution values of radiomic features to the prediction of brain invasion in meningiomas and their positive or negative impact on
prediction results (Panel 4a). SHAP heatmap showed the distribution of SHAP values for radiomic features across each patient. Red areas
indicated increased probability of predicting brain invasion present, while blue areas indicated the opposite; larger SHAP values indicated
greater contribution to predicting brain invasion. The f (x) curve at the top indicated the model’s prediction probability trend, with larger
values indicating greater probability of predicting brain invasion (Panel 4b).
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class activation map(CAM)



