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Supplementary methods 1. Selection of 
variables which were used as input for 
model

The input features for predictive models included only clinical 
variables measurable at admission. List of the variables and de-
tailed counts of missing variables are listed in Supplementary 
Table 1. The missing values were substituted by Multivariate 
Imputation by Chained Equations (MICE).1,2 In addition, predic-
tors were excluded if they were found to have multicollinearity 
by a variance inflation factor before model development. Full 
lists of the variables which were used as input for model are as 
follows: age, sex, hypertension, diabetes, high risk of cardiac 
embolic sources, hyperlipidemia, current smoker, previous 
stroke including transient ischemic attack, initial systolic blood 
pressure (BP), initial diastolic BP, hematocrit, initial glucose, 
total cholesterol, high-density lipoprotein cholesterol, National 
Institutes of Health Stroke Scale (NIHSS) at admission, dura-
tion between onset and admission, body mass index, and trial 
of ORG 10172 in acute stroke treatment (TOAST) classification.

Supplementary methods 2. 
Developments of model

Predictive models were constructed using logistic regression 
(LR) and machine learning (ML) algorithms including deep 
learning (DL), radial-kernel support vector machine, random 
forest, and XGBoost. Multiple LR analyses were performed with 
stepwise model selection using the Akaike information criterion 
(AIC). The DL model used in this study had the structure of a 
deep feed-forward neural network, also known as the multi-
layer perceptron. The targeted encoding scheme was used to 
convert a categorical variable into binary features, and stan-
dardization was employed to normalize continuous variables 
when constructing ML models except for random forest and 
XGBoost.3 As the performance of models derived from the 
same algorithms can vary according to the settings of the vari-
ous hyperparameters, we tuned them by searching the best 
sets using 3-fold cross-validation and a random search strate-
gy. Cross-entropy which is weighted with class frequency was 
used as a loss function. In a post-processing, temperature scal-
ing and isotonic regression was applied to help the neural net-
work and the other ML models to calibrate, respectively.4,5 The 
models and strategies were implemented on Python 3.7.3 with 
the Scikit-learn and Skorch library.6,7 

Supplementary methods 3. Evaluation 
of reliability and clinical benefit

We used expected calibration error (ECE) for quantitative as-
sessment of calibration. ECE is the average of all gaps between 
the actual and predicted probabilities in each bin, as depicted 
in a reliability diagram.8 More precisely,
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where actual(Bm) is the observed frequency (probability) of 
the favorable outcome in the mth bin and predicted(Bm) is the 
average of the predicted probabilities in the mth bin. If the 
predictive model is perfectly calibrated, predicted probability is 
equal to actual probability, resulting ECE value becomes zero. If 
the model is overconfident, the predicted probability will be 
out of the actual probability, resulting ECE value becomes 
large. In this study, each bin has the same number of samples; 
i.e., 10-quantile binning. We did not perform an additional sta-
tistical test, Hosmer-Lemeshow test, to assess agreement be-
tween actual and predicted probabilities as Moons et al.9 were 
recommended.

We constructed decision curve analysis to assess the clinical 
utility of different decision tools, which shows net benefit 
across probability thresholds.10 When none of the diagnosis or 
treatment strategy would apply (none-strategy), it has no ben-
efit (e.g., early detection of disease) and no cost or harms (e.g., 
superfluous exposure to radiation in person without disease).11 
On the other hand, for instance, some discrimination allows 
the population to have more benefits than a case that all the 
patients are diagnosed with some disease (all-strategy).
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