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Supplemental Figure 1. Flowchart on patient selection, event and anchor date

identification, and baseline periods generation and filtering

| All Patients in Optum EHR from 01,/2016 to 06/2023 |
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Identification of asthmatic patients:
At least two ICD9/10 asthma codes within 1 year but at least 30 days apart

}

Identification of exacerbation events:
ER, urgent care visit or inpatient visit for asthma with systemic administration of corticosteroids. If multiple exacerbation events
occurred within one week, only the first exacerbation event was considered

Patients with exacerbation(s) l l Patients without exacerbations
Exacerbation event anchor date: Non-exacerbation event anchor date:
The date the exacerbation was recorded Random date in the patient clinical history with an asthma code
Drawing of four baseline windows (non-overlapping) starting Drawing of two baseline windows (non-overlapping) starting
from the anchor date from the anchor date

! !

Baseline periods were dropped if:
— Patient was < 18 years of age at any point during that period
— Patient first appeared in the database after the period began (incomplete coverage)
— Patients never interacted with the health care system
— Non-exacerbation windows were removed if they overlapped with an exacerbation window.

EHR, electronic health record; ER, emergency room; ICD, International Classification of

Disease



Supplemental Methods
ML Model Details

XGBoost is a sequence of models that correct mistakes made by the previous step in such a
sequence. The first model is trained with data and the next model will improve it, with the
third model improving the outputs from the second and successively thereon. Hence, overall

predictions are improved.!

LSTM is a special recurrent neural network (RNN) that allows information to persist, thereby

addressing the vanishing gradient problem.?

Transformer is an architecture that uses an “attention mechanism” to create global
dependencies between the input data and outputs without relying on RNNs of convolutional

neural networks (CNNs).?

LSTM and Transformers algorithms can digest time series data to make predictions.
Meanwhile, XGBoost expects structured data as input and is not able to leverage the temporal
nature of our clinical data, at least without complicated data manipulation. Therefore, data

preprocessing was tailored to the specific algorithm’s requirements and limitations.

Model Training

For training of ML models, data were split into 5:1:1 training, validation, and test sets based
on the patients’ unique identification number. All three models were validated on a holdout
set. For LSTM and Transformer models, the training was performed with early stopping and
learning rate decay, and hyperparameters tuning was accomplished with Kera-tuning. For the

XGBoost model, hyperparameters tuning was carried out with GridSearchCV. Given the



dataset's imbalance, we assigned greater weight to misclassifications made by the model on

the minority class during training. This weight was calculated as follows:

n samples in the majority class

~ nsamples in the negative class

Model performance was reported on the hold out test set.

Model Evaluation

Models were evaluated on the holdout test set and generated a probability of exacerbation. To
convert probability to binary class values, the threshold that generated the highest F1-score

was chosen. Precision, recall, accuracy, and NPV were calculated using the threshold.

Model Prediction Explanation with SHAP

The predictions of the XGBoost model were explained using SHAP.* SHAP values are a
game theoretic approach to explain the output of any ML model. Shapley values, which are
used to explain how much each feature in a model contributes to the model's output are
calculated by comparing the output of the model with and without each feature. The
difference in the output is then attributed to the feature, and the SHAP value for that feature is
the average of these differences over all possible combinations of features. SHAP values can
be used to explain the output of any ML model, including black box models such as neural
networks. SHAP values are also local and can be used to explain the output of the model for a
single data point. Features with positive SHAP values are associated with a higher probability

of exacerbation. Meanwhile features with negative SHAP values have been associated with



lower probability of exacerbation. The absolute mean SHAP values of a feature is indicative

of how important that feature is in driving model predictions.

Tools and Platforms

Data preparation, XGboost training, and SHAP analysis were carried out on Databrick.

Transformers and LSTM-based models were trained and evaluated on AWS SageMaker.
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