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Abstract Esophageal squamous cell carcinoma (ESCC) is one of the most common malignant digestive tract tumors in
China. Clinically, narrowband imaging combined with magnifying endoscopy (NBI-ME) can be used to investigate the
morphological changes of microvessels in the esophageal mucosa and serves as an important means of diagnosing ESCC.
To solve the ESCC recognition model’s difficulty in considering both the recognition accuracy and reasoning efficiency, a
lightweight residual network (CALite-ResNet) with an integrated attention mechanism is proposed to classify esophageal
NBI-ME images. The dataset for this study comprises 11468 NBI-ME images of 206 patients collected from multiple
hospitals. The experimental results show that the accuracy and sensitivity of the ESCC recognition is 96.39% and
95.70% at the image level, and 95. 70% and 94. 62% at the patient level, respectively, and the average prediction time of
a single esophageal image 1s 16. 42 ms. Therefore, the CALite-ResNet model has a higher recognition accuracy and faster
reasoning efficiency for ESCC recognition, and a certain clinical significance and application value, thereby making it
effective for use in the auxiliary clinical diagnosis of ESCC.
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Table 1 Classification results of 5-fold cross-validation at image level
Experiment ACC /% SENS /% SPEC /% PRE /% Fl-score
1-fold 96. 30 94.77 97.76 97.59 0.9616
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Table 2 Classification results of 5-fold cross-validation at patient level
Experiment ACC /% SENS /% SPEC /% PRE /% Fl-score
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Table 3 Comprehensive performance comparison of different network models
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Fig.9 ROC curves of different network models

ResNet 11 % 7¢ 3£ F NBI-ME & 14 1 ESCC i 51T %

R BRI LR DR i USRS S5 B[] i, R
TREEIRET I T
3.4.3 LHAXATR G RLE

AN T T S H T B SCERL 18 T i 5k
F NBI-ME E 14 19 ESCC R BIBF 58 J7 2 9047 % e . B
TR T R 2 v BOlE A LAA B E T SCRR 18 R
9 ESCC i S 2847 40 78 5% Eb L LA 78 43 96 0E FT 42 7
Bz AR o R 4 RS O A e 2 SR T T 4R
D7 ¥ETE 24 BG4 1 0 TR B HE A R R EE T F 1-score
BIOEF SCk [ 18175 o Horp, v 1 5% A0 BIURR 2300l =
H2.51(3) N E A .2.21(1. 92) N4 A . X FE W
T vk B B i iz A | BE 8 7E NBI-ME EIE -
R LW ESCC R BIGE J1 , T LA Ry N 45 B2 Ui 42 43t
TN VB 12 7 G

F4 MBI HLEL

Table 4 Comparison with related research methods

Proposed dataset

Open dataset

Method

ACC /% SENS /% Fl-score ACC /% SENS /% Fl-score
Reference [ 18] 94.58 95. 60 0.9595 93.43 93.70 0.9415
Proposed method 97. 09 97. 81 0.9783 96. 43 95. 62 0. 9681
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Table 5 Comparison of the results of ablation experiments

Params / ACC /SENS / Fl1-

Rt CA VER SIALE A ESCC 1R 51 i o 1 R 42
T0.87 43 M o X R Pt my 52 a5k 2 Bk
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Table 6 Comparison of experimental results in different attention modules
Method Params /10° Predicted time /ms ACC /% SENS /% AUC
Baseline(Lite-ResNet) 15.27 16. 48 95.41 96. 20 0.9715
+ SE 17.27 23.79 95.98 96.61 0.9782
+ CBAM 17.27 21.35 96. 69 97.33 0. 9826
+ CA(CALite-ResNet) 16. 66 16. 42 97.09 97. 81 0. 9883
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