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Multi-branch Convolutional Neural Network for Lung Nodule Classification and Its
Interpretability

ZHANG Jia-jia and ZHANG Xiao-hong
School of Big Data &. Software Engineering, Chongqing University, Chongqging 400000, China

Abstract The characteristics of lung nodules are complex and diverse, which make it difficult to classify lung nodules. Although
more and more deep learning models are applied to the lung nodule classification task of computer-aided lung cancer diagnosis
systems,the “black box” characteristics of these models cannot explain what knowledge the model has learned from the data and
how the knowledge influences the decision,leading to a lack of reliability in the diagnosis results. To this end,an interpretable
ulti-branch convolutional neural network model is proposed to identify the benign and malignant lung nodules. The model uses
the semantic features of the pulmonary nodules which radiologists use in diagnosis to assist identifying the benign and malignant
lung nodules. These characteristics are combined with the branch of malignancy classification into a multi-branch network. Then
beyond the malignancy classification, the model can predict nodule attributes, which could potentially explain the diagnosis result.
Experimental results on the LIDC-IDRI dataset show that,compared with the existing methods, the proposed model can not only
obtain interpretable diagnostic results,but also achieve better classification of lung nodules with an accuracy rate of 97. 8%.
Keywords Computer-aided diagnosis, Convolutional neural network, Multi-branch, Interpretable, Classification of malignant de-
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Fig.1 Semantic characteristics of malignant and benign nodules
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Table 1 Proportion of malignant nodules in each level

B T /% SR HF

1 2 3 4 5 6 &R

WE LM 18.90 47.62 50.00 0.00  0.00 — 0. 060 1
SR E 0.00 0.00  0.00 1.80 10.81 21.88 0.057 2
Folanki 6.77 26.67 54.55 56.12 13.79 — 0.052 3
EFAE  7.47 31.39 58.70 57.39 41.94  —  0.045 4
At 2.56  5.92  5.53 17.23 44.61 — 0.030 5
HHE  0.00 17.28 23.00 20.79 8.60 — 0.009 6
% 20.56 23.83 28.36 21.80 9.78 — 0.004 7
E¢ 11.56  20.35 20.86 23.57 18.41  —  0.002 8
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Table 2 Binary labels for nodule characteristics
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X H B Levell-3 Level4-5
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Fig. 2 Structure of IMACNN
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Table 3 Parameters of single-branch convolution neural network
I 4 & R fiR
Input - 1
Convl 5X5X3 64
Conv2 5X5X3 128
Conv3 5X5X3 256
Convd 1X1X1 256
FC1 200
FC2 — 2
Softmax — 2
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Table 4 Classification performance for each single network

i U AE 4 X R REE REl AUCHE
2 AE 0.923 0. 609 0.985 0.875
% H 4E 0.916 0.618 0.986 0.883
it 0.709 0.687 0.849 0.591
A 0. 866 0.696 0.999 0. 845
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Table 5 Results of comparative experiments
A HHx REE HRME AUCH S%E/EX FLOPs/1Z
IMACNNCE 42 J£ +6 4+ 4E) 0.938 0. 845 0.979 0.942 434,88 23.94
IMACNNC % # 42 £ +3 45 1E) 0.978 0.957 0.993 0.976 248.5 13.68
IMACNNCE 1 # &) 0. 866 0. 696 0.999 0. 845 62.13 3.42
NoduleX[19] 0.932 0.879 0.985 0.971 11.23 13
Fuse-TSD2" 0. 895 0. 842 0.920 0. 966 16. 85 4,21
MC-CNNEH 0.871 0.770 0. 930 0. 930 40. 63 8117.49
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Fig. 3 Visualization of neural network feature map
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Fig. 4 Interpretable diagnostic results of IMACNN model
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Fig.5 Examples where IMACNN model incorrectly classifies
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