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Abstract
In Kawasaki disease (KD), accurate prediction of intravenous immunoglobulin (IVIG) resistance is crucial
to reduce a risk for developing coronary artery lesions. To establish a simple and accurate scoring model
predicting IVIG resistance, we conducted a retrospective cohort study of 996 KD patients that were
diagnosed at 11 facilities for 10 years, in which 108 cases (23.5%) were resistant to initial IVIG treatment.
We performed machine learning with random forest model using 30 clinical variables at diagnosis in 796
and 200 cases for training and test datasets, respectively. Random forest model accurately predicted IVIG
resistance (AUC; 0.75, sensitivity; 0.54, speci�city; 0.80). Next, using top �ve in�uential features (days of
illness at initial therapy, serum levels of C-reactive protein, sodium, total bilirubin, and total cholesterol) in
the random forest model, we designed a simple scoring system. In spite of its simplicity, the scoring
system predicted IVIG resistance (AUC; 0.73, sensitivity; 0.55, speci�city; 0.83) as accurately as the
random forest model itself. Moreover, accuracy of our scoring system with �ve clinical features was
almost identical to that of Gunma score with seven clinical features (AUC; 0.73, sensitivity; 0.53,
speci�city; 0.83), a well-known logistic regression scoring model, and superior to that of two widely used
scores (Kurume score; 0.67, 0.46 and 0.76, respectively, and Osaka score; 0.69, 0.33 and 0.84,
respectively).

Conclusions: Our simple scoring system based on the �ndings in machine learning, as well as machine
learning itself, seems to be useful to accurately predict IVIG resistance in KD patients.

Introduction
Kawasaki disease (KD) is an acute febrile illness in infants and children. Of clinical importance, it is
characterized by systemic vasculitis and affects the small arteries, especially the coronary arteries [1, 2].
To avoid the development of coronary artery lesions (CAL), high-dose (2g/kg) intravenous
immunoglobulin (IVIG) therapy has been established as a standard initial treatment for KD patients in the
acute phase [2, 3]. However, approximately 20% of KD patients are resistant to the initial IVIG treatment
[3], and IVIG resistance is a typical risk factor for developing CAL [1, 4–7]. Under these circumstances,
several recent studies showed a possible clinical bene�t of intensive initial IVIG therapy combined with
other anti-in�ammatory agents for the high-risk KD patients [6, 8–10]. For effective pre-treatment risk
strati�cation, it is crucial to establish a scoring system to accurately predict IVIG resistance at the timing
of clinical diagnosis of KD. Currently, there are several widely used Japanese scoring models for
predicting IVIG resistance: Gunma score proposed by Kobayashi et al [11], Kurume score proposed by
Egami et al [12], and Osaka score proposed by Sano et al [13]. These scoring systems were developed by
the logistic regression analysis of clinical pro�les and laboratory �ndings before initial treatment, which
were selected based on statistical assumptions.

To establish a more reliable and simple scoring system for the prediction of IVIG resistance in KD
patients, an alternative approach using large data repositories is required. Recently the developed
machine learning approach has shown great potential for assisting the clinical diagnosis and predicting
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outcomes [14–19]. Two recent studies applied machine learning to predict IVIG resistance in KD patients,
and con�rmed its usefulness [14, 15]. However, there were several limitations in both studies including a
limited number of KD patients (n=98) in a single institute in one study [14], and a relatively large number
of KD patients (n=497) with two different IVIG protocols in the other [15]. Moreover, in clinical practice,
even if machine learning has a high degree of accuracy, a simple scoring system is more convenient for
risk-strati�ed treatment.

In the present study, we applied machine learning to predict IVIG resistance in 996 KD cases treated with
single IVIG protocol in multiple institutes. Subsequently, using the �ve most important features
associated with IVIG resistance in the machine learning, we developed a new scoring system and
con�rmed its utility by comparison with the three representative scoring systems.

Materials And Methods

Study participants
The study is a retrospective review of multicenter registration database of 1134 consecutively diagnosed
KD patients who were diagnosed between June 2010 and December 2020 in 12 inpatient facilities for the
care of pediatric patients, as listed in Supplemental Table 1. Diagnosis of KD was retrospectively
con�rmed based on criteria de�ned in the �fth edition of the Japanese Kawasaki Disease Diagnostic
Guidelines [20]. In brief, a diagnosis was made when the patients had at least �ve of the six major
symptoms (fever, conjunctival congestion, oral mucosa alteration, cervical lymphadenopathy, swelling of
extremities, and polymorphous rash), or when the patients had four major symptoms with the
development of CAL. Development of CAL was de�ned by quantifying the internal coronary artery
dimension as per the Japanese Ministry of Health Criteria (a maximum absolute internal diameter > 3
mm in children < 5 years of age, or > 4 mm in children 5 years and older, or segment 1.5 times greater
than an adjacent segment, or the presence of luminal irregularity) and whenever body surface area-
adjusted Z score of any coronary artery was ≥ +2.5 (including left main, left anterior descending, left
circum�ex arteries and right coronary arteries) [2]. The facilities included all of the 11 pediatric inpatient
facilities in Yamanashi Prefecture and 1 facility in Nagano Prefecture in Japan. The registration database
was constructed with anonymized clinical records of all the diagnosed KD cases in each hospital that
were collected at the end of every year. The study was performed under the approval by the Research
Ethics Committee of University of Yamanashi Hospital (Approval Number 1698).

Treatment of Kawasaki disease
All of the patients were treated identically with a �rst-line regimen of 2 g/kg/dose of IVIG in combination
with 30 mg/kg of oral aspirin immediately after the diagnosis of KD was made based on the above
criteria. IVIG therapy was completed within 24 hours after diagnosis of KD in all of the patients. The
response to the initial treatment was evaluated 48 hours after initiation of IVIG administration and was
considered as ‘IVIG resistance’ when the body temperature was over 37.5°C and the serum levels of C-
reactive protein (CRP) was higher than half of the peak value. Initially, IVIG-resistant patients were treated
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with second-line therapy comprising an additional 2 g/kg/dose of IVIG or 5 mg/kg of intravenous
in�iximab [21]. In addition, when the patients were considered to be resistant to the second-line therapy,
plasma exchange was carried out after the patient was transferred to University of Yamanashi Hospital
[22].

Machine learning
The predictors for IVIG resistance were chosen from routinely available data including 6 demographic
variables, 22 laboratory data, and 2 echocardiographic parameters at diagnosis as listed in Table 1. For
any missing laboratory data and echocardiography parameter values, the median value was
complementary used in the machine learning. We used the random forest model, which is a tree-based,
nonparametric method requiring no assumption about data distribution [23]. We performed machine
learning in the training set (approximately 80% of the random sample) using Python software (version
3.8.3), and the optimal parameters (number of trees and the maximum depth of the tree) were determined
according to the best area under the ROC curve (AUC) in the validation set (approximately 20% of the
random sample). Considering an imbalanced dataset of the IVIG response, we used synthetic minority
over-sampling technique (SMOTE), which is a technique of over-sampling the minority class [24, 25].

Development of the scoring system
For development of the simple scoring system to predict IVIG resistance, we selected the features that
in�uenced the prediction model. We used Shapley additive explanation (SHAP), which is a uni�ed
approach for explaining the outcome of machine learning model [26–28]. SHAP values evaluate the
importance of the output, and a higher SHAP value indicates that a feature has a larger impact and is
more important on the model [15, 29]. To determine the cutoff level of each variable, we used the SHAP
dependence plot, which evaluates signi�cance of each feature in the output of the random forest model
[17]. Based on the SHAP value, we constructed a new predictive scoring model (Yamanashi score). To
validate the accuracy of the new score system, we applied the score system in the above Yamanashi
study cohort and compared it with three previously established score systems.

Statistical analysis
Statistical analyses were performed using EZR software (version 1.41) [30] and Python software (version
3.8.3). Spearman's correlation coe�cient was used to analyze the correlation of variables. Creation and
comparison of the Receiver Operating Characteristic (ROC) curves were performed by using EZR
software.

Results

Prediction of IVIG resistance by machine learning
From June 2010 to December 2020, 1134 consecutive KD cases were enrolled in the Yamanashi study
cohort. In the present study, 138 cases were excluded for further analyses due to a diagnosis of
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incomplete KD (n=129), severe lack of laboratory data (n=1), or delayed IVIG treatment after 10 days of
onset (n=8) (Fig. 1). In the remaining 996 cases, 225 cases (22.6%) were resistant to �rst course of IVIG
treatment. For machine learning, we operated random forest model using 6 demographic variables, 22
laboratory data, and 2 echocardiographic parameters at diagnosis listed in Table 1. The data of 996
cases were divided at random into 796 cases of the training dataset (approximately 80%) and 200 cases
of the test dataset (approximately 20%). Considering a relatively low frequency of IVIG resistance as an
imbalanced dataset of machine learning, we applied SMOTE [24, 25]. The optimal parameters of the
random forest model were as follows: number of trees was 2048 and the maximum depth of the tree was
300. As a result of machine learning with the random forest model, scores of accuracy, precision, recall,
and F1 were 0.74, 0.45, 0.54, and 0.49, respectively. In the ROC curve (Fig. 2a), area under the ROC curve
(AUC) was 0.75. Sensitivity score was 0.54 and speci�city was as high as 0.80. These observations
demonstrated that machine learning with the random forest model achieved a good discriminating ability
to predict IVIG resistance in KD patients.

Development of scoring system to predict IVIG resistance
We next evaluated the top 20 features among 30 items tested in the random forest model using SHAP
(Fig. 2b). In SHAP summary plot, the higher the SHAP value of a feature, the higher the probability of IVIG
resistance. In each SHAP value of a feature, each dot represents the feature attribution value of each
patient, and red and blue dots represents higher and lower feature value, respectively. The highest SHAP
value feature was days of illness at initial therapy (start day) (SHAP value [average of absolute value];
0.069). Additionally, serum levels of CRP (0.051), sodium (0.047), chloride (0.033), total bilirubin (0.026),
and total cholesterol (0.025) were the other top six features. In the top six features, we evaluated
Spearman's correlation coe�cient for each parameter (Fig. 2c). Signi�cant correlation (R2 > 0.2) was
exclusively observed between serum chloride level and serum sodium level (R2 = 0.46). Thus, to create a
new score system to predict IVIG resistance, we selected the following �ve features; start day, CRP,
sodium, total bilirubin, and total cholesterol. Then, to determine the cutoff level for each variable, we
evaluated the SHAP dependence plot of the �ve features (Fig. 3). In the case of days of illness at initial
therapy (start day), days 4 or earlier were high risk values. In the same manner, the SHAP dependence
plots revealed a cutoff level of high risk for each laboratory data as follows; CRP ≥ 8 mg/dL, sodium ≤
132 mmol/L, total bilirubin ≥ 0.8 mg/dL, and total cholesterol ≤ 130 mg/dL. Based on the results in the
SHAP analysis, we constructed a simple scoring model (Yamanashi score, Supplemental Figure). Among
�ve variables, 2 points were scored for the top two variables (start day and CRP), while 1 point was given
for the other three variables (sodium, total bilirubin, and total cholesterol). Thus, the maximum total score
was 7 points.

Validation of scoring systems to predict IVIG resistance
We validated the accuracy of the Yamanashi score in the prediction of IVIG resistance by comparing it
with three representative scoring systems in the cohort of Yamanashi study. Among the 996 KD cases,
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546 cases were excluded for the validation due to lack of even one of variables for the 4 scoring systems,
and thus the remaining 450 cases were available for further analyses. Among the 450 cases, 108 cases
(23.5%) were resistant to initial IVIG treatment. In the ROC curve of the Yamanashi score, AUC was 0.73.
With a cutoff of 4 points for the total score, sensitivity and speci�city were 0.55 and 0.83, respectively. Of
note, although the subjects for two analyses were partly different, the accuracy (AUC, 0.73; sensitivity,
0.55; speci�city, 0.83) of the Yamanashi score using the top �ve features in the random forest model was
almost identical to that (AUC, 0.75; sensitivity, 0.54; speci�city, 0.80) of the random forest model using 30
clinical variables. Next, we compared the prediction accuracy of the Yamanashi score with three previous
scoring systems (Fig. 4, Supplemental Table 2). Interestingly, although two of the �ve variables of the
Yamanashi score were different from the seven variables of the Gunma score [11], ROC curve and AUC of
the Yamanashi score were almost identical to those of the Gunma score (Fig. 4a, AUC; 0.73). When the
Gunma score was applied with a cutoff of 5 points for total score, sensitivity and speci�city were 0.53
and 0.83, respectively. In the 450 cases of the Yamanashi cohort study, the total Yamanashi score was
strongly correlated with that of the Gunma score (R2 = 0.52). In contrast to the Gunma score, although the
correlation coe�cient (R2) with the Yamanashi score was 0.49, ROC curve and AUC of the Kurume score
[12] (Fig. 4b, AUC; 0.67) were signi�cantly inferior (p = 0.006) to those of the Yamanashi score. Similar to
the Kurume score, although the correlation coe�cient (R2) with the Yamanashi score was 0.51, ROC curve
and AUC of the Osaka score [13] (Fig. 4c, AUC; 0.69) were marginally inferior (p = 0.048) to those of the
Yamanashi score. These observations revealed that the simple scoring system using top �ve features in
the machine learning model predicted IVIG resistance as accurately as the machine learning model itself
as well as the widely used Gunma score, at least in the Yamanashi cohort study.

Discussion
Recently established machine learning has been widely applied in the �eld of clinical medicine such as
outcome prediction, diagnosis, and image interpretation [15–19]. In the present study, we applied the
random forest model to predict IVIG resistance of the initial KD treatment in the Yamanashi cohort study
in which clinical data of the 996 cases were available. Considering an imbalanced dataset of IVIG
resistance, we applied SMOTE [24, 25], and con�rmed a good discriminating ability to predict IVIG
resistance. To apply the accurate prediction ability of random forest model to clinical practice, we
established a new scoring system (Yamanashi score) based on the �ndings in the SHAP plot [26–28].
Considering correlations among features, we selected the following �ve futures among the top six
features with high SHAP values: days of illness at initial therapy as well as serum levels of CRP, sodium,
total bilirubin, and total cholesterol. Surprisingly, this simple scoring system using the top �ve features of
the random forest model predicted IVIG resistance as accurately as the random forest model itself.
Among the �ve features of Yamanashi score, four features were also included in three major scoring
systems [11–13] as follows; serum CRP level was included in all three scoring systems (Gunma [11],
Kurume [12], and Osaka [13]), days of illness at initial therapy was included in two scoring systems
(Gunma [11] and Kurume [12]), serum sodium level was in the Gunma score [11], and serum total bilirubin
level was in the Osaka score [13]. In contrast, serum total cholesterol level was not included in the three
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previously established scoring systems. Using the 450 cases of the Yamanashi cohort study, we
con�rmed that Yamanashi score was as reliable as the Gunma score and more reliable than the Kurume
score and the Osaka score.

Among �ve features in the Yamanashi score, the serum level of total cholesterol had distinctive
characteristics as it was not included in all of the three commonly used scoring systems [11–13]. In the
SHAP dependence plot of the present study, serum total cholesterol level lower than approximately 130
mg/dL was associated with higher risk of IVIG resistance. Our machine learning �nding seems to be
consistent with a previous �nding showing that levels of serum total cholesterol decreased in the acute
phase of KD patients due to abnormal lipid metabolism [31]. In particular, recent report by Shao et al [32]
revealed that serum total cholesterol level before the initial IVIG treatment was signi�cantly lower in the
cases of IVIG resistance in a single-center prospective cohort study. Although the underlying mechanism
for association between dyslipidemia and the severity of systemic in�ammation in KD remains unclear, a
recent study by Zhang et al [33] revealed that dyslipidemia during acute phase of KD was associated with
aberrant levels of adipokines including adiponectin, omentin-1, and chemerin. In the above study by Shao
et al32, alterations in the other lipid proteins were also associated with IVIG resistance: a higher level of
triglyceride and lower levels of high-density lipoprotein cholesterol, low-density lipoprotein cholesterol,
and apolipoprotein A. Thus, although the lipid pro�le was not fully evaluated in the present study,
dyslipidemia due to systemic in�ammation in the acute phase of KD patients may be a rational
explanation for the usefulness of serum total cholesterol level as one of predictors for IVIG resistance in
the Yamanashi score.

This study has several limitations. First, since the majority of the subjects in the present study were of
Japanese ethnicities, further validation is required before the present scoring system can be applied to
other ethnicities and different populations. Second, although the patients were treated with a
standardized protocol, the study was based on retrospective data collection from a number of hospitals.
Third, several known predictive factors such as neutrophil-to-lymphocyte and platelet-lymphocyte ratios
[34] were not evaluated. Forth, insu�cient reduction in the serum CRP level was additionally included in
the de�nition of IVIG resistance in the present study, while only persistent fever was evaluated in many
studies [35, 36].

In conclusion, we implemented the machine learning algorithm to predict IVIG resistance in KD patients
and con�rmed its potential. Moreover, using the top �ve features of the random forest model, we
designed a simple scoring system to predict IVIG resistance. Of note, in spite of its simplicity, the scoring
system predicted IVIG resistance as accurately as the machine learning approach. In general, although
the machine learning approach has great potential for predicting clinical outcome, our approach in
reconstituting a simple scoring system by using top in�uential features in the machine learning algorithm
is a more practical approach for clinical management.

Abbreviations
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AUC: area under the ROC curve

CAL: coronary artery lesions

CRP: C-reactive protein

IVIG: intravenous immunoglobulin

KD: Kawasaki disease 

ROC: Receiver Operating Characteristic 

SHAP: Shapley additive explanation 

SMOTE: synthetic minority over-sampling technique
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Figure 1

Flowchart of machine learning  

Among 1134 consecutive Kawasaki disease cases enrolled in the cohort of the Yamanashi study, 138
cases were excluded for machine learning due to indicated reasons. The remaining 996 cases were
separated randomly into training dataset (80%; 796 cases) and test dataset (20%; 200 cases). Machine
learning was performed using a random forest model. Synthetic minority over-sampling technique
(SMOTE) was applied for an imbalanced dataset of intra venous immunoglobulin (IVIG) resistance, and
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Shapley additive explanation (SHAP) was applied to identify the variables that in�uenced the prediction
model.  

Figure 2

Prediction ability of machine learning for IVIG resistance 

(a) ROC curve of prediction model for IVIG resistance. The horizontal axis indicates false positive rate
(speci�city), and the vertical axis indicates true positive rate (sensitivity). AUC is indicated on the top. (b)
The 20 most important features for predicting IVIG resistance in the random forest model. (Left) SHAP
summary plot of the top 20 features. The higher the SHAP value of a feature, the higher the probability of
IVIG resistance. Each dot represents the feature attribution value of each patient. A red dot represents
higher feature value, and a blue dot represents lower feature value. (Right) Importance matrix plot of the
top 20 features. SHAP value of each feature is indicated in descending order. (c) Correlation among the
top six features. Each coe�cient of correlation is indicated by the color scale.
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Figure 3

SHAP dependence plot of top �ve features 

The SHAP dependence plots of days of illness at initial therapy (start day), serum levels of C-reactive
protein (CRP), sodium (Na), total bilirubin (T. bilirubin), and total cholesterol (T. cholesterol). The
horizontal axis indicates the actual value of the feature, and the vertical axis indicates the SHAP value of
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the feature. The horizontal line indicates the zero level of the SHAP value, and the vertical line indicates
the cutoff level for each variable. Cutoff value is indicated on the top in each panel.

Figure 4

Comparison of Yamanashi score with three previously established scoring systems
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Comparison of ROC curves (left panels) and correlations (right panels) between Yamanashi score and
Gunma (a), Kurume (b), and Osaka (c) scores in the 450 cases of the Yamanashi cohort study. Color
scale indicates the number of cases. 
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