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Identification of intracranial lesions based on
feature transfer and active labeling

Li Jiewen' Ye Junyong' Xu Shengsheng” Wu Wenli’

(1. Key Laboratory of Optoelectronic Technology and Systems of the Ministry of Education, Chongqing University,
Chongqing 400044, China;2. Department of Radiology, The First Affiliated Hospital ,
Chongqing Medical University, Chongging 400042, China)

Abstract:In order to solve the misdiagnosis of encephalitis and glioma in clinical diagnosis while using MRI images, we proposed a
classification method of convolutional layer feature transfer combined with active sample labeling. The method firstly adopts the
convolutional layer features parameter transfer and uses the multi-modal MRI image data for the fine-tuning of models to verify the
distinguishing ability of different MRI modal features. Secondly, in view of the difficulty of sample labeling, an entropy uncertainty based
active labeling algorithm is designed to extract the uncertainty information of samples to further improve the convergence speed and
generalization ability of the model. Experiments were carried out on a dataset of 175 cases ( 118 cases of encephalitis and 57 cases of
glioma) collected by the radiology department of the First Affiliated Hospital of Chongging Medical University. The results show that the
classification accuracy under cross-validation reached 95. 08% and area under the curve reached 0. 98. The accuracy of the model was
superior to the method mainly relying on the experience of doctors at present; and the accuracy and area under the curve was 17. 51%
and 0. 15 higher than that of doctors, respectively. At the same time, only 30% of the data samples need to be annotated, so the model
can achieve optimal performance, reduce a lot of data annotation work, and provide meaningful guidance for the initial diagnosis.
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Table 1 Data acquisition results

751 46 (118 ) Ja i (57 )
FLAIR (Y %) 636 408
CE-TIWI( VI 8Ui) 798 763
T2WI( Y #i) 745 402
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Workflow of data preprocessing
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Fig.2 Convolutional layer transfer method
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Table 2 Comparison of three deep learning models

T EGy BHER(H)  top5 IEHFR(ILSVRC) /%
Alexnet 2012 6237.8 84.7
ResNet-50 2015 2558.3 92.9
Inception-V3 2015 2473.4 94.4
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Fig.3 Performance changes of deep learning model
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Algorithm 1 Entropy-based active learning algorithm

SN RIFICHARES DY, MIRICARCHASES D', R R MR IO K SRV A5 MAHIE 5,

fin il : CNN BRI S8 w
L. R CNN BB A w 1T IR 1k
2: While AR F iR/ EIE & i KA FIRAMMRE do
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6:end while

7 .return w
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MY PR RE , S i 2 Y 45 R 2 TE 5 P 38 LI IE T IS
A . AR OE 2R (false positive rate, FPR) FEIE
K (true positive rate, TPR) 1135 H 2k & TA/ERRF i 28
(receiver operating characteristic, ROC) ,ROC RFTET 42
Al or2ERE ), F1HIRB S HERR (precision ) Al [A] 4
(Recall) ., Itt #b, #l1 £8 T M F (area under the curve,
AUC) FIVERR# (accuracy, ACC) L XY JE4T T 43
FMEREAPEAL
2.2 #R

F3~5 &4 A FLAIR [ CE-T1WI LA J& T2WI =
NFHTE 3 AR LT B RURSHCE R 2R o 2k
REVPARZS IR, MR 3~5 AT LUA th, ] CE-T1IWI )34,

TE Inception-v3 #AY I i % 5102 M B B 4, IE T R
iAF] 95.08% , BHEL FIRIFL R 0. 97, F1 {E} 95.08% . 3
6 2 AT 2R B RS A 1Y) 43 2 45 SRR 3 B RL )R-
PINE#E S AUC FIPE34 FLAEXT B, /T DU 3 AT
TIKFEEA A G ER T 02855, RHA SO 3
AT Sy PR R AR B S AR B TR (%) S X o e o 4 Sl s
NI WA R 6. 62% 12, 23% 12.52%
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Table 3 Classification results on FLAIR sequences

Ay Acc/% AUC F1 18/ %
Alexnet 78.53 0. 86 78.43
Resnet-50 82.3 0.94 86.22
Inception-v3 84. 64 0.91 84. 81

F®4 HEAE CE-TIWI RS LR RER
Table 4 Classification results on CE-T1WI sequences

Ay Acc/% AUC F1 16/ %
Alexnet 92.82 0.95 92.83
Resnet-50 94.12 0.97 94.23
Inception-v3 95. 08 0.98 95. 08

R5 HEEE T2WIF7 LRSS EER

Table 5 Classification results on T2WI sequences

FiAl Acc/% AUC F1{6/%
Alexnet 81.22 0. 89 81.23
Resnet-50 89.75 0.95 89. 82
Inception-v3 89.67 0.95 89. 80

F6 AIHRLERMBERHHKERIE
Table 6 Comparison of artificial and proposed

method classification results

Tk Ace/% AUC F1{8/%
readerl 81.82 0.89 73.22
reader2 73.33 0.77 60. 72
Alexnet 84.19 0.90 84.13

Inception-v3 89. 80 0.95 89. 86
Resnet-50 90. 09 0.95 90. 06
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Table 7 Classification results of existing

methods and proposed methods

TAE ik Ace/% AUC F1 {8/ %
SCHRL 9] CNN 84.79 0.90 84.33
SCHR[10] CNN 82.39 0. 88 81. 86
SCHR[11] CapsNet[2®) 85. 56 0.91 85.5
XHk[12]  CNN-F?7] 83. 41 0. 89 82. 63

AR Inception-v3 95. 08 0.98 95. 05
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Fig.9 Active learning experimental results
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Fig. 10 Active learning experimental results
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Fig. 11 Active learning experimental results
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