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Intelligent Diagnosis of Brain Tumor with MRI Based on Ensemble Learning

LI Xinrui' ,ZHANG Yanfang® ,KANG Xiaodong' . LI Bo® and HAN Junling'"*
1 School of Medical Imaging, Tianjin Medical University, Tianjin 300202, China

2 Chongging University Qianjiang Hospital, Chongging 409000, China

3 Tianjin Third Central Hospital, Tianjin 300170, China

4 Tianjin First Central Hospital, Tianjin 300192, China

Abstract Brain tumors are high-risk diseases caused by cancerous changes in the internal tissues of the brain,and timely diagno-
sis of brain tumors is crucial for their treatment and prognosis. At present,different network models have different classification
effects,and a single network model is difficult to achieve outstanding performance on multiple evaluation indicators. This paper
proposes a Treer-Net model with powerful classification function based on ensemble learning, which is based on TransFG, Res-
Net50, EfficientNet B4, EfficientNet B7 and ResNeXt101,and is obtained through the weighted average combination strategy of
ensemble learning. This paper trains it to complete the classification tasks on the publicly available datasets of brain tumor MRI
binary, tertiary and quaternary classifications. Experimental data and results show that the accuracy, precision recall and AUC of
the Treer-Net model in the three classification datasets of brain tumors are up to 99. 15%,99. 16 % ,99. 15% and 99. 87 % respec-
tively. Through comparative analysis,it fully verifies that the ensemble learning method in this paper has the advantages of accu-

racy and speed,and is more suitable for clinical auxiliary diagnosis of brain tumors.

Keywords Brain tumor, Ensemble learning, Image classification, Magnetic resonance imaging
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Table 1 Experimental results of Treer-Net model on two classifications with different weights

- model Results of Treer-Net/ %
welght
& TransFG ResNet50 EfficientNet B4 EfficientNet B7  ResNeXt101 Accuracy Precision Recall AUC
1 0.1 0.1 0.2 0.4 0.2 96.99 96. 06 97.68 99.77
11 0.2 0.1 0.3 0.3 0.1 96. 90 95.97 97.55 99.77
111 0.1 0.1 0.4 0.3 0.1 96. 37 95. 34 97. 14 99. 74
v 0.2 0.1 0.2 0.4 0.1 96.99 96. 06 97.68 99.77
\ 0.2 0.2 0.2 0.2 0.2 98. 05 97.37 98.50 99. 81
s 2 LB Sy d 25 2R .
%2 ARIFEME T Treer-Net fAI7E =402 | i) 5256 45
Table 2 Experimental results of Treer-Net model on three classifications with different weights
b model Results of Treer-Net/ %
cight
wee TransFG ResNet50 EfficientNet B4 EfficientNet B7 ResNeXt101 Accuracy Precision Recall AUC
1 0.1 0.1 0.2 0.4 0.2 98.43 98. 44 98.43 99. 86
11 0.2 0.1 0.3 0.3 0.1 98.55 98.55 98.55 99. 87
111 0.1 0.1 0.4 0.3 0.1 98. 31 98. 32 98. 32 99. 85
v 0.2 0.1 0.2 0.4 0.1 98.43 98.43 98.43 99. 86
\% 0.2 0.2 0.2 0.2 0.2 99.15 99.16 99.15 99. 87
T« 3 RO g A 4
# 3 ARBET Treer-Net HEEILE PU 22 |- 15258 45
Table 3 Experimental results of Treer-Net model on four classifications with different weights
. model Results of Treer-Net/ %
weight
TransFG ResNet50 EfficientNet B4 EfficientNet B7 ResNeXt101 Accuracy Precision Recall AUC
1 0.1 0.1 0.2 0.4 0.2 97.94 97.97 97.83 99.95
11 0.2 0.1 0.3 0.3 0.1 98.25 98. 24 98. 16 99. 97
111 0.1 0.1 0.4 0.3 0.1 97.94 97.92 97.83 99. 94
v 0.2 0.1 0.2 0.4 0.1 97.94 97.96 97.83 99. 96
\% 0.2 0.2 0.2 0.2 0.2 99.24 99.26 99.20 99.98
T 3% PR B S w4 R .
Datasets 240, B &A% X JPGY
Preprocessed
Image
y
§ EfficientNet EfficientNet .
‘ TransFG ‘ ’ ResNet50 ‘ ‘ B4 ‘ ‘ B7 ResNeXt101 ‘ (OH by e
%0.2 %0.2 %0.2 %0.2 %0.2 . e e 2 .
5 00 2 i e 54 42
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Treer-Net

4 A SCTT R i AR R
Fig. 4 Flow chart of the proposed method
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Table 5 Experimental results of the proposed method on two

classification
73]

Algorithm Accuracy Precision Recall AUC
TransFG 98. 49 98.03 98.72 99. 14
ResNet50 99.11 98.77 99.32 99.98
EfficientNet B4 94.42 93.19 95.41 97.07
EfficientNet B7 94. 86 93.74 95.52 98.51
ResNeXt101 98.58 98. 06 98.91 99. 65
Treer-Net 98. 05 97.37 98. 50 99. 81
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Fig. 8 Binary training loss curve
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Fig. 9 Binary validation loss curve
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Table 6 Experimental results of the proposed method on three

classification
%)

Algorithm Accuracy Precision Recall AUC
TransFG 97.83 97. 84 97. 84 99.53
ResNet50 98.91 98.90 98.90 99.53
EfficientNet B4 96.01 96.07 95.99 99. 16
EfficientNet B7 97.22 97.22 97.20 98. 87
ResNeXt101 97.95 97.94 97.95 99. 69
Treer-Net 99.15 99.16 99.15 99.87

T < 3R IR de DA R

D https://www. kaggle. com/datasets/masoudnickparvar/brain-tumor-mri-dataset
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Table 7 Experimental results of the proposed method on four

classification
%)

Algorithm Accuracy Precision Recall AUC
TransFG 98. 86 98.76 98. 84 99.61
ResNet50 99. 69 99.69 99.67 99.97
EfficientNet B4 96. 34 96. 25 96.12 99.15
EfficientNet B7 95.12 95. 00 95.13 98. 60
ResNeXt101 98. 32 98. 34 98.18 99. 60
Treer-Net 99. 24 99. 26 99. 20 99.98
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Fig. 12 Four classification training loss curve
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Table 8 Comparison of classification results of binary classification

datasets in related work

%)
Related Work Model Accuracy

Latif % [20] SVM 96
Khan %21 VGG-19 94
Yahyaoui 4 [22] DenseNet 92

Bhatele £ [23] Hybrid Ensemble 95.2
Murthy %[24] CNN Ensemble 95

VGG16 97.08

ours Treer-Net 98. 05

TE L P OHLEOR D d 4 A

29 ERBAREAEA R TAE R 5 A S5 AT I
Table 9 Comparison of classification results of three classification

datasets in related work

7]
Algorithm Accuracy Precision Recall AUC
VGG16 95.41 95.42 95.43 98. 30
ours 99.15 99.16 99.15 99.87
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10 DU R HEAE A O AR 9 2 R 45 R 0 L
Table 10  Comparison of classification results of four classification

datasets in related work

[€79)
Related Work Accuracy Precision % Recall
Deepak & [25] — 94. 70 96. 00
Ghassemi % [26] - 95. 28 94.91
0O0zkaraca %’FDH — 96.00 96. 50
R Ali (28] 98. 40 97.00 96.75
VGG16 97. 64 97.55 97.60
ours 99.24 99.26 99.20
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VU o3 AR AR LY o SRR A R R L X BRI AR
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