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Abstract; Objective To construct a machine learning (ML) -based tongue diagnostic model for the diagnosis of gas-
trointestinal diseases so as to realize the non-invasive auxiliary diagnosis of common gastrointestinal diseases in a more
convenient and faster way. Methods Tongue images of 948 subjects who underwent electronic endoscopy were
prospectively collected. After quality screening, 3,140 images that met the application criteria were finally obtained to
constitute the tongue image data set, which underwent preprocessing, feature extraction and pattern recognition. On the
basis of traditional machine learning methods, a method to realize information fusion in terms of feature fusion and deci-
sion fusion was proposed, and a tongue diagnosis model of gastrointestinal diseases was constructed. Results The area
under the curve (AUC) of the model was 0.808, which was higher than that of the single handcrafted feature ( AUC =
0.769) and deep feature (AUC=0.779) models. Sample enhancement using the BSFCM hybrid sampling method im-
proved the model’s performance for Helicobacter pylori ( H. pylori) infection (AUC=0.816), bile reflux ( AUC =
0.829) , reflux esophagitis ( AUC =0.800), gastric erosion ( AUC=0.833) and duodenal erosion ( AUC =0.818).
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Conclusion The intelligent tongue diagnostic model based on ML constructed in this study shows a high degree of dif-

ferentiation for a variety of gastrointestinal diseases, and may provide a new and valuable idea and method for the diag-

nosis and screening of gastrointestinal diseases.
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Figure 2 Strategy for constructing a classification module for gastrointestinal diseases
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Figure 3 Schematic diagram of deep feature extraction
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Figure 5 Number of subjects included in different disease types in the sick group
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Figure 6 Number of tongue images included in different disease types in the sick group
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Table 2 Evaluation of the validity of feature fusion method
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Table 3 Evaluation of fusion models with and without data enhancement algorithms for disease classification
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Figure 7 Confusion matrix comparison of diagnostic performance of five diseases using BSFCM hybrid sampling
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Table 4 Evaluation of the validity of decision fusion method
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