[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-21 ]

03wl b LogalS (5 3o 19093 wuala )3 (ius yius
o295 Huble 545 3L

Mool jppmidlane o oy 93,31 b M colol s

ol el aoly ol Kails ¢ gunalS cwiige 05,5 ¢ cwsdigo g (o8 BuSidls Lzl
Olrl ol ol oBladls ¢ Sonals pole 5 2k 095 crly pole susiasls Lot
Olrl ol ol oty ¢ Sonals pole 5 o2k 095 crly pole susiasls Lot

oduS>

Wigd oo Jold 1) ooy Cilido Wlarys b bygegi 5l Alido glgil &5 Wil omas oliiws ddgl sl ygosi (n F@ls LilogalS
3397 3 bl Gl < a ol glgil 51 (B Sigy i 9 o2l Cudle Judoas L ygesi cnl BB Gulsaz o g (anteld
plsl (ol yw pgi5 (udbl) TCGA 6515 ol 5l digai ATA Jold cogac d3ldacgomo SO (59) 3 (o3 (n) 9 Jrod (S
@Ol5) L (SS9 4w 9 (ATRX g TP53 ADHI wiilod sbdyj 50 b Cardg) (Suiif (S 79 Com Jold oold teawloads
Joo pasz (98U el LogiwdliagndS 5 (ruly 4250 LogalS 09,5 99 41 Lajgogi (gusudinwd (Bud &5 widud ((w 9 Comudr
O Jloepll tilaidly ainws (Joud JB gl & a5 Cunloads &l LogalS (gusvaz )0 9 ausuid diows Jo gl (riilo (5 S0
L ogzge oo o)l 1) tawl jld L ygegi (aindzyo 9 odadiows 53 (o)l (o pitlioy b (Joo drwgi Cz dio o 9
Sl &5 Coanl (EML) 4¥90 (29)5 cmile 3u50b w2 ke S &)l (Gidghy ool 65919 050 oL Aol JTow| <dl>
LS 0 (CatBoost) (guiydiws Cagili (SVM) gl 1oy (riile (550l Joldh asly puS3b Jow )l oS 5 51 b pminsis
Oz S5 Jold Jaolio SO (uiored g (guiaaiiws €8S a3l g (Lhdug s Cu (RF) Bolai Jo g (ERT) (Solad wadbay
il (gl SHAP g Boruta sy ysSl j JSoiuio AlBNS oS 55 3,559, Sy jl coomicrad 1S oo 00bitiusl (LR) Soviancy)
o Gl g (hilpoie 3 Gl (ilsly Gl Bua b 0,0, ol cawlond 48)F o py (S g Aty Acgeay )
e oS b ELM (g0l Joo 45 sl o 31 S cy905] Soloasgazme (g9, binlo)l golis .camlonds olyb st
9RF (gl ;5501 i tamslod )5 oS Lind (5o Joko b (o 33 1y 4y (o s (39031 301048 oo (59) oo y> ARYA Cmo

8,5 51,8 pgus 9 pgd ol 10 (g0l eSS g9y duo s AFLAA § duoyd AV.TY Caxo o oS b i 4 LR

elyl g 5lwaiane (B9 5 (65 0b (G9TeN logalS il logalS (5 ko ygog5 i gulS (E3lg

Predicting glioma brain tumor grades using ensemble

machine learning

Hojjat Emami'*, Babak Azarnavid?, Mohsen Abdolhosseinzadeh?
Associate Professor, Department of Computer Engineering, Faculty of Engineering,
University of Bonab, Bonab, Iran'*

Assistant Professor, Department of Mathematics and computer science, Basic Science
Faculty, University of Bonab, Bonab, Iran?

Assistant Professor, Department of Mathematics and computer science, Basic Science
Faculty, University of Bonab, Bonab, Iran’

Abstract

Gliomas, or in other words, aggressive and progressive brain tumors, lead to great complexity in the
diagnosis and treatment of patients. While recent machine learning models provided encouraging results
in glioma diagnosis and grading, the topic is open, and more efforts are needed. Existing models, despite
encouraging results, often fall short of the ideal diagnostic state, highlighting the need for further
research to develop robust and high-performing predictive models.

This study introduces an optimized ensemble machine learning (EML) model designed to maximize
classification (grading) performance and mitigate the pervasive issue of overfitting in glioma grading.
Our approach employs a two-layer architecture that synergistically combines diverse weak and base
learners. In the first layer, a diverse set of learners, including support vector machine (SVM),
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categorical boosting (CatBoost), extremely randomized trees (ERT), and random forest (RF), is
integrated. This initial ensemble aims to capture a broad spectrum of grading patterns and enhance the
overall accuracy by leveraging the complementary strengths of each base model. The outputs from this
first layer, representing diversified classification probabilities, are then fed into a second-layer logistic
regression (LR) model. This layer refines the predictions, performing the ultimate classification while
explicitly addressing and eliminating the overfitting problem, thereby promoting better generalization
to unseen data.

To rigorously evaluate the performance of the proposed ELM model, a comprehensive comparison was
conducted against its constituent base learners and counterpart machine learning models. All models
were assessed using a standard, publicly available glioma dataset. To prevent overfitting, examine the
robustness of models, and evaluate models fairly, a 5-fold cross-validation strategy is used in
experiments. The effectiveness of models was measured using four performance metrics, including
accuracy, recall, precision, and F1-score .

The experimental results demonstrate the superior performance of the proposed EML model. Across all
evaluated metrics, our model consistently outperformed the individual base learners and other
benchmarked algorithms, securing the top rank in terms of accuracy. Specifically, the LR model
operating on the first-layer ensemble predictions proved highly effective in both enhancing accuracy and
preventing overfitting. Following our proposed model, the standalone LR and RF models demonstrated
commendable performance, ranking second and third, respectively.

The findings of this study underscore the significant potential of an optimized EML model for advancing
the field of glioma tumor grading. The proposed model generated promising results and mitigated
overfitting through integrating diverse base learners and using an LR model as a meta-model. The
results reveal that the proposed model is a reliable and robust tool that can aid Clinical specialists in
effectively diagnosing and classifying gliomas, ultimately paving the way for improved patient
satisfaction.

Keywords: Brain tumor, tumor detection, glioma, data mining, group learning, parameter optimization.
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(Figure-1): Structure of the proposed approach
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dataset
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(Figure-5): Model prediction errors (by tumor grade) obtained by the proposed model on the testing dataset
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(Figure-6): Classification performance of models on LGG and GBM classes on the test dataset
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(Figure-7): The confusion matrix generated by the models on the testing dataset
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(Figure-8): ROC curve of models on the testing dataset
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(Figure-9): Precision-recall curve generated by predictive models on the test dataset
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(Figure-10): Calibration curves generated by the predictive models on the test dataset
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(Figure-11): The feature importance score on glioma grading in the SHAP
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