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Abstract

Non-small cell lung cancer (NSCLC) accounts for a high proportion of 85% among all lung cancer and has a significantly higher
mortality rate (22.7%) compared to other cancers. Therefore, it is very important to predict the prognosis after surgery in patients
with non-small cell lung cancer. In this study, the types of preoperative chest CT image patches for non-small cell lung cancer
patients with tumor as a region of interest are diversified into five types according to tumor-related information, and performance of
single classifier model, ensemble classifier model with soft-voting method, and ensemble classifier model using 3 input channels
for combination of three different patches using pre-trained ResNet and EfficientNet CNN networks are analyzed through
misclassification cases and Grad-CAM visualization. As a result of the experiment, the ResNetl152 single model and the
EfficientNet-b7 single model trained on the peritumoral patch showed accuracy of 87.93% and 81.03%, respectively. In addition,
ResNet152 ensemble model using the image, peritumoral, and shape-focused intratumoral patches which were placed in each input
channels showed stable performance with an accuracy of 87.93%. Also, EfficientNet-b7 ensemble classifier model with soft-voting
method using the image and peritumoral patches showed accuracy of 84.48%.
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Fig 1: Overview of proposed method. 5 types of tumor related patches are generated after preprocessing for chest CT images. Single and

ensembled CNN models are trained in transfer learning method, prediction is performed by classifying patches into two classes.
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Fig 2: (a) image patch, (b) peritumoral patch, (c) 16x16 peritumoral
texture augmented patch, (d) shape-focused intratumoral patch,
(e) coupled intra and peritumoral patch.
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Table 1: Performance comparison of peritumoral texture augmented patches.

CNN Model Input patch Accuracy[%] Sensitivity[%] | Specificity[%] PPV[%] NPV[%]
7x7 peritumoral texture augmented patch 67.24 94.87 10.52 68.51 50.0
EfficientNet-b7 9x9 peritumoral texture augmented patch 65.51 82.05 31.57 71.11 46.15
Single Model 11x11 peritumoral texture augmented patch 64.91 86.84 21.05 68.75 44.44
16x16 peritumoral texture augmented patch 71.42 97.36 16.66 71.15 75.0




Table 2: Performance comparison of ResNet152 and EfficientNet-b7 experiment results.

CNN Model Input patch Accuracy[%] | Sensitivity[%] | Specificity[%] PPV[%] NPV[%]
image patch 82.75 92.3 63.15 83.72 80.0
ResNet152 peritumoral patch 87.93 89.74 84.21 92.1 80.0
Single Model shape-focused intratumoral patch 72.41 92.3 31.57 73.46 66.66
coupled intra and peritumoral patch 74.13 71.79 78.94 87.5 57.69
image patch & peritumoral patch 84.48 94.87 57.89 82.22 84.61
shape-focused intratumoral patch
ResNet]52 Repesiipmonilipgiih 72.41 76.92 42.1 73.17 47.05
Ensemble Model shape-fogused 1nuammoral patch 68.96 79 48 2631 68.88 38.46
(soft-voting) & coupled intra and peritumoral patch
image patch & peritumoral patch 75.86 923 4736 78.26 75.0
& shape-focused intratumoral patch ) ) ) ) )
ResNet152 : 2
Ensemble Model image patch & peritumoral patch 87.93 94.87 73.68 88.09 87.5
y & shape-focused intratumoral patch
(3 channel input)
image patch 79.31 94.87 47.36 78.72 81.81
EfficientNet-b7 peritumoral patch 81.03 82.05 78.94 88.88 68.18
Single Model shape-focused intratumoral patch 79.31 923 52.63 80.0 76.92
16zl g pestumbal lexinte 71.42 97.36 16.66 71.15 75.0
augmented patch
image patch & peritumoral patch 84.48 89.74 73.68 87.5 71.77
EfficientNet-b7 shape-focused intratumoral patch
Ensemble Model & peritumoral patch B0 5L 13168 8111 108
(soft-voting) image patch & 16x16 peritumoral texture 75.0 91.89 10.52 66.66 40.0
augmented patch
Efficientiet-h7 image patch & peritumoral patch
Ensemble Model ¢ 74.13 71.79 78.94 87.5 57.69
. & shape-focused intratumoral patch
(3 channel input)
— image & peri — image & peri & shape-focused
—— image patch shape-focused intratumoral patch ~ —— shape-focused & peri 3 channel input —— image patch shape-focused intratumoral patch —— image & peri image & 16x16 texture
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