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Supplemental Methods

Our dataset had multiple variables for predicting growth outcomes. Datasets with a large amount of data require methods for selection of important features for outcome prediction. Feature selection is the process of reducing the number of input variables when developing a predictive model such as the one in our study (1, 2). These feature importance scores are further shown to be highly important in building predictive models that are efficient along with providing insight into the variables important for predicting outcomes (1), such as growth in our study. 

There are various methods for calculating feature importance which include Random forest, XGBoost, and CART. Random forests are traditional machine learning models that are able to correct for overfitting better than XGBoost and CART for less noisy non-image datasets like ours due to which we selected it for the purpose of our study (3), due to which we selected it for the purpose of our study. Random forests are a learning method for classification, regression and other tasks that operate by constructing a multitude of decision trees at training time and outputting the class that is the mode of the classes (classification) or mean prediction (regression) of the individual trees. 

Random forest classification, in laymen terms, suppose within the training set the children with stunting at birth (variable) are more often stunted at 20 months of age (outcome), the random forest will learn this. It will learn other similar variables and their relationship with the outcome. It will keep making decision trees based on the variables and their corresponding relation with the outcome, and finally the variable that gets the majority of the votes (mode of the classes) will be classified as the strongest predictor of the outcome. Random forest regression, rather than the mode of the classes (as used in classification), uses the mean prediction of the individual trees to predict the outcome. 

For the purpose of the above mentioned Random forests we used sklearn’s Random Forest Classification and Regressor packages. These packages use python programming language that have been developed by Scikit-learn and are a state-of-the-art implementation package created to maintain an easy-to-use interface tightly integrated with the Python language (4). These packages use the same method by creating multiple decision trees although they do not provide visualization of the trees that were created.
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