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Supplementary Methods
Image processing
Digital Imaging and Communications in Medicine (DICOM)
data for the patients were de-identified using DICOM Anonymizer Pro (NeoLogica S.R.L., Cairo Montenotte, Italy) and
converted to the Neuroimaging Informatics Technology Initiative format using dcm2nii (McCausland Center for Brain Imaging, Columbia, SC, USA).
Brain tissue extraction was automatically performed sliceby-slice (i.e., center out slice ordering) by taking the diffusion-weighted images (b=1,000 sec/mm2) and using level set
segmentation in which the initial level set function is an outer
circle enclosing the brain tissue. We excluded the cerebrospinal
fluid regions by thresholding apparent diffusion coefficient
(ADC) values greater than 1,200×10-6 mm2/sec and setting
them to 0. The midsagittal plane in the axial brain slice was
automatically estimated after determining the optimal values
of the translation and rotation parameters. The midline helped
correct the head tilt in the axial brain images and identified
the contralateral and lesion hemispheres. The ADC ratio has
been reported to predict the final infarct volume better than
the absolute ADC value. Accordingly, we identified the “core”
and “core+penumbra” regions based on the ADC ratio thresholds of 0.7 and 0.85, respectively.
First, the diffusion-weighted imaging (DWI) lesion was automatically detected and segmented using a trained U-Net model. With this process, two features (i.e., DWI lesion volume and
right or left brain side of the lesion) were extracted. The center
of the brain tissue mask was determined, and a polygon enclosing the brain tissue mask was obtained. Radial lines connecting each vertex in the polygon and the center were drawn,
and the vertices dividing the inner/outer regions in an axial
brain were obtained to determine the inner and outer regions.
Once the inner and outer regions were identified in the lesion hemisphere, the following features were extracted for
each region. The largest lesion size in each slice was identified
after automatic labeling of the binary lesion mask and finding
the area of the largest four-connected labels. The five largest
lesion areas were chosen as features. In addition, a histogram
of the ADC ratio values in 15 bins was obtained from 0 to 0.9.
In each bin, the lesion volume (i.e., voxel count multiplied by
the voxel size) was calculated. Hence, the total number of features was 42=2+5×2+15×2. The feature names are listed in
the Supplementary Table 3.

Machine learning
Machine learning (ML) models were developed using logistic
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regression (LR), random forest, and support vector machine
classifiers. Five models were developed: (1) a model that predicts the probability of good outcome from data with successful recanalization (SR) (i.e., modified treatment in cerebral infarction [mTICI] 2b–3); (2) a model that predicts the probability
of a good outcome from data with unsuccessful recanalization
(i.e., mTICI 0–2a); (3) a model that predicts the probability of
SR from endovascular thrombectomy (EVT) treatment; (4) a
model that predicts the probability of a good outcome from
data with EVT treatment; and (5) a model that predicts the
probability of good outcome from data without EVT treatment.
Fivefold cross-validation was performed using a randomized
search for hyperparameter optimization of each classifier in
Scikit-learn.
For external validation, we used baseline DWI images from
54 patients with EVT and 18 patients without EVT, who were
from either University of California Los Angeles (UCLA) or Samsung Medical Center (SMC). The perfusion-weighted imaging
(PWI) and DWI lesion volumes were estimated using RAPID
software for the UCLA data and a custom software tool for the
SMC data. The mismatch ratio was calculated as the ratio of
the PWI lesion volume to the DWI lesion volume. All 42 features were used as inputs for ML predictions. For each ML
method, we obtained 10 different train/validation splits using
10 different random seeds and performed 10 five-fold
cross-validations to 10 different models, which were tested on
an external validation cohort to calculate 10 area under the
curve (AUC) values.

Statistical analysis
Statistical analysis was conducted using R version 3.5.0 (R
Foundation for Statistical Computing, Vienna, Austria). Descriptive demographics and clinical and radiological data are
shown as mean±standard deviations or numbers or median
and interquartile range. A two-sample unpaired Student’s
t-test was performed to determine if the development and validation data were significantly different in terms of age, National Institutes of Health Stroke Scale score, lesion volume,
and onset-to-magnetic resonance imaging time. For the external validation data, we calculated the receiver operating characteristic (ROC) AUC values for the comparison of the prediction of good outcome. The Mann–Whitney U test was used to
test the statistical significance of AUC differences between
unconditional and conditional ML models. Statistical significance was set at P<0.05.
An interaction term of the ML-estimated gain of thrombectomy (GoT) and EVT (binary variable) was used for a LR model
with an mRS score ≤2 at 90 days as the outcome binary varihttp://j-stroke.org
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able. The GoT×treatment interaction was considered significant
if the P-value was <0.05. We divided the patients treated with
EVT into two groups (high and low GoT groups) based on the
threshold in the ML-estimated GoT. The cutoff point was ob-
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tained by calculating the Youden index from the ROC curve,
where the binary functional outcome was the dependent variable. The same dichotomization scheme was used for the patients treated without EVT.
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