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Abstract

Recent efforts have sought to analyze major issues related to the diagnosis, treatment, and prognosis
of Kawasaki disease patients using machine learning. Presentations have highlighted the application
of image analysis related to clinical findings that correspond to the diagnostic criteria for Kawasaki
disease, as well as the evaluation of coronary artery ultrasound images. Additionally, studies have
aimed to utilize machine learning models based on numerical data to predict the diagnosis of Kawa-
saki disease, the occurrence of coronary artery lesions, and resistance to immunoglobulin treatment.
Furthermore, it is anticipated that future research will increasingly employ machine learning for the
categorization and classification of data types in studies that extensively incorporate genetic and im-
munological biomarkers.
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Fig. 1. Commonly used machine learning methods.
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Table 1. Studies on predicting intravenous immunoglobulin resistance using machine learning
algorithms

Ref. N Method AUC se“g,}:;""y sPe(?,}fgc“y A°‘z.§}o’)acy
21 767 Random Forest 0.916 79.7 87.3
22 109 XGBoost, etc 0.60-0.65 28-33 99-100 78-79
23 644 GBM 0.7423 30.43 99.19 88.44
24 1398 LightGBM 0.874 70.2 90.3
25 1002 LightGBM 0.78 50 88 78
26 7750 5 methods 0.626-0.711 18.1-21.6 93.3-95.0 77.6-82.1

Ref: reference; N: number of patients; AUC: area under receiver operating characteristic curve; XGBoost: extreme gradient
boosting; GBM: gradient boosting machine.
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Fig. 2. An example of presentation of SHAP values. This is an empirical result from a study conducted by the author. SHAP value of demographic and
laboratory test features were obtained in the model for predicting coronary artery lesions in patients with Kawasaki disease. (A) A dot plot for the SHAP values
of the 20 important features. Features are in descending order by values. It can be interpreted that the features located above have a relatively large impact
on outcome. Red color spot indicates a relatively large feature value, and blue color spot indicates a relatively small feature value. The colorbar on the right
should be referenced. A SHAP value greater than 0 indicates a positive prediction, and a negative value indicates a negative prediction. (B) A bar plot. The
mean absolute SHAP values which are in descending order. BSA: body surface area; CRP: C-reactive protein; GPT: glutamate pyruvate transaminase; GOT:
glutamate oxaloacetate transaminase; SHAP: shapley additive explanation.
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