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Abstract: Laryngeal disease harms quality of life, and laryngoscopy is critical in identifying causative lesions. This
study extracts and analyzes using radiomics quantitative features from the lesion in laryngoscopy images and will
fit and validate a classifier for finding meaningful features. Searching the region of interest for lesions not classified
by the YOLOv5 model, features are extracted with radionics. Selected the extracted features are through a com-
bination of three feature selectors, and three estimator models. Through the selected features, trained and verified
two classification models, Random Forest and Gradient Boosting, and found meaningful features. The combination
of SFS, LASSO, and RF shows the highest performance with an accuracy of 0.90 and AUROC 0.96. Model using fea-
tures to select by SFM, or RIDGE was low lower performance than other things. Classification of larynx lesions
through radiomics looks effective. But it should use various feature selection methods and minimize data loss as los-

ing color data.
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Fig. 1. Study of leswn classﬁ’lcatlon by radiomics in laryngoscopy image flowchart
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Table 1. Data set composition, a: Composition of data set used to train detect lesions model, b: Composition of data set used

to train lesions classification model 355
Detection Classification
Train Validation Test Train Test
Normal 300 100 100 (-) (-)
Nodule 300 100 100
Cancer 300 100 100
Total 900 300 300 259 89
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Table 3. The result of selecting and classifying features using 18 methods to find radiomics features useful for lesion classification. accuracy
and AUROC presented. The maximum value was bold.

RF: Random Forest, GB: Gradiant Boosting, SFM: Select From Model, RFE: Recursive Feature Elimination, SFS:
SequentialFeatureSelector

SFM RFE SFS
Accuracy AUROC Accuracy AUROC Accuracy AUROC

LASSO 0.86 0.90 0.83 0.92 0.91 0.96

RF RIDGE 0.72 0.82 0.84 0.89 0.89 0.91
LinearSVC 0.78 0.85 0.90 0.92 0.78 0.83

LASSO 0.85 0.94 0.84 0.93 0.87 0.96

GB RIDGE 0.74 0.78 0.80 0.90 0.84 0.92
LinearSVC 0.85 0.88 0.90 0.93 0.84 0.91

E 4. SFS9} LASSO, RF %32] o4 9 obdo] o2 318 t 44 A7} N: B2 4, M: B, SD: waaz)
Table 4. t-test result of predict probability of benign and malignant in SFS, LASSO, and RF N: The sample size, M: mean,
SD: Standard deviation

Malignant Benign
N M SD N M SD t P
44 0.27 0.06 43 0.84 0.03 -12.80 0.00
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