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Research on intelligent assistant model for pancreatic cancer diagnosis based on CT image
GUO Bingbing, GU Xuelian, HU Xiufang, SUN Yunwen, XU Xiulin

(School of Health Science and Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] In order to provide a better reference for the evaluation of clinical efficacy, the four—phase APT, DPT, NPT and VPT
CT image datasets of pancreatic cancer patients are used to classify benign and malignant tumors. In this paper, deep learning and
machine learning models are established respectively to evaluate the accuracy of benign and malignant pancreatic tumors
classification, and the advantages and disadvantages of deep learning and machine learning models in CT image application are
analyzed. The deep learning model adopts VGG16, and the APT dataset and VPT dataset have higher recognition rates after training,
where the accuracy of the test set is above 86%. Support vector machine, logistic regression, random Forest, K—nearest neighbor
and AdaBoost are used in the machine learning model. In these machine learning methods, random forest and AdaBoost have good
effects, and NPT dataset and VPT dataset have high recognition rates. When AdaBoost model is used, the accuracy rate in VPT
period reaches 77%. The comprehensive experiments show that the application of computer —aided diagnosis in VPT stage of
pancreatic cancer has good effect.
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Fig. 1 Learning curve of accuracy of four datasets
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Fig. 2 Loss curves of four datasets



12 /ORI B NS5 NMOA

ERRES

MG R s iEgs 3R, 58 ik 1 Ry
TR,
M 1 AMEE I, VGG16 AT APT  DPT

B 0 R BRI, APT . VPT R4 1 AUC T
R P 54 15

R1 4BHRENERNREBERE

Tab. 1 Confusion matrix after training on four datasets

Models AUC  Accuracy Fpr Tpr  Sensitivity(Recall)  Loss Pecison AP Fl
APT 0.952 0.8663 0.222 0.925 0.925 4.616 0.861 0.969 0.892
DPT 0.920 0.810 0.395 0.963 0.963 6.544 0.766 0.938 0.853
NPT 0.928 0.849 0.093 0.741 0.741 5.205 0.809 0.877 0.773
VPT 0.940 0.868 0.099 0.808 0.808 4.544 0.815 0.898 0.811

R T ik G AR TR B TG R AR 5T 40 RS
ik 4 W AR S A B VIR VGG16 A5 it
SR HEAT MR RO 22 W, o 202 5K
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Tab. 2 Comparison of prediction results and ground truth on four

datasets
Prediction
Confusion matrix Actual Accuracy
Benign Malignant
APT Benign 63 18 0.778
Malignant 9 112 0.926
DPT Benign 49 32 0.605
Malignant 4 105 0.963
NPT Benign 204 21 0.907
Malignant 31 89 0.742
VPT Benign 200 22 0.901
Malignant 23 97 0.808
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Tab. 3 Comparison of prediction results of five machine learning models on four datasets

SAEENL EEEIE BN K 340 AdaBoost
APT IR MR 0.949 0.925 0.996 0.700 0.998
WA A 5 0.670 0.696 0.741 0.671 0.728
DPT IR 0.959 0.953 0.993 0.699 0.995
DR i 0.730 0.671 0.757 0.638 0.737
NPT PlEERESiRTES 0.935 0.935 0.953 0.782 0.952
WA A % 0.679 0.704 0.763 0.715 0.777
VPT IR 0.940 0.962 0.926 0.795 0.948
WA A % 0.736 0.758 0.751 0.758 0.773
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Fig. 3 Learning curves of random forest model on four datasets

< 0.8

100 200 300 400 500

Training examples Training examples

(a) APT 9% i 2% (b) DPT ffy=5J i 22

Score
Score

100 200 300 400 500 600 700 800 900

100 200 300 400 500

Training examples Training examples
(c¢) NPT Y242 Hh£k (d) VPT Rz i<k

E 4 4 BEHIEETE AdaBoost HEI THIFE S fiZk
Fig. 4 Learning curves of AdaBoost model on four datasets
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