Supplementary Material – Machine Learning
Machine Learning Overview
Machine learning involves using computers and algorithms to process large amounts of data (observations, patient characteristics, and measurements) and identify patterns without explicit human programming.1 The strength of machine learning is its ability to sieve through massive amounts of data to find new information and insights by iteratively improving its model without assumed relationships. Since the methods perform without explicit programming, the results require an inspection from a human expert to determine whether the algorithms are performing as expected. Interpretable machine learning algorithms can simplify this task. Machine learning algorithms can model and provide insights into a very wide range of data, including genomics,2–4 images,5–7 sound recordings,8,9 vital signs,10 and electronic health records data collected in primary,11,12 secondary,13 and tertiary care.14 
Machine learning is an umbrella term, consisting of tools and techniques that use data to learn how to perform a given task. It is commonly used in data science to model and describe large amounts of data, and to predict events or measurements of interest without any assumption of the relationship between the predictors and the predictions (a priori knowledge). Also, it can model very complex, non-linear, relationships that are not possible with regression analysis. Although most machine learning algorithms applied to asthma management with mHealth use traditional supervised and unsupervised learning techniques, some studies have also used various deep learning approaches (see Supplementary Figures 1 and 2 for a schematic overview of machine learning). In the current study, we refer to traditional machine learning methods as those that require explicit feature engineering (either done manually or using additional machine learning algorithms for feature extraction and selection). Traditional machine learning methods include supervised learning techniques such as logistic regression, support vector machine (SVM), and decision trees. In contrast, increasingly popular methods (such as deep learning) creates new features within the model while finding the best fit to the data.15 Although, deep learning was conceptualized decades ago,15,16 it has only become computationally feasible around the turn of the millennium. It can be used to model the same data as traditional machine learning with better performance and without prior domain knowledge, but the models are harder to interpret, which has limited its widespread adoption. 
Supervised learning refers to algorithms that learn to label or categorize data that is already labelled. This approach is suitable for tasks that have a well-defined goal such as predicting outcomes. Unsupervised learning, on the other hand, refers to algorithms that describe patterns and structures in the data without following the lead of labels or categories. Such methods typically require large amount of data. If only some data is labelled, such as with medical images that requires an expert to label, semi-supervised learning can be used to leverage the benefits of supervised and unsupervised learning. Reinforcement learning refers to algorithms that examines how a computer agent would interact with an environment to maximize a reward. An example application of reinforcement learning is the AlphaGo Zero that learnt to play the board game of Go at a super-human level through self-play with no knowledge but the rules of the game.17 Deep learning is a class of machine learning algorithms that have been driving the latest wave of AI publicity, because they can be applied to almost any application given the right data and sufficient computing power.
A common challenge to machine learning is overfitting, which is where the model is trained to the data too closely such that its predictions on new data becomes incorrect. Including features selection and feature extraction in the data pre-processing stage can tackle this challenge. Feature selection refers to selecting a few features in the dataset for training, which can also be used to better understand the patterns displayed in the data. Feature extraction or feature engineering refers to generating new features based on the original features in the dataset to summarize several features, such as computing linear combinations of the features.

Supervised Learning
Supervised learning finds a mathematical function to link the data with known labels and is suitable for tasks that have a well-defined goal. For example, supervised learning can be used to link data to whether (or not) a patient has an asthma attack. Generally, supervised learning is used for two types of tasks: classification and regression. Many supervised learning algorithms can be used for both classification tasks that use categorical labelled data (such as absence or presence of an asthma attack) and regression tasks that use continuous labelled data (such as serial peak flows). There are three general steps in developing a supervised learning algorithm: 1) define training and testing datasets, 2) fit machine learning model to training data, 3) evaluate the model’s performance using the testing set (see Supplementary Figure 3).
The simplest supervised learning algorithm is linear regression, which fits a straight line over the data, then a decision boundary is used to decide which class the data belongs to. The decision boundary is a point on the line that is chosen to split between two classes. Like linear regression, logistic regression also fits a line over the data, but an S-shaped line (sigmoid), which is particularly useful in classification tasks.18 A challenge with logistic regression, and machine learning algorithms in general, is that it could overfit the data, meaning it is only applicable to one set of training data and not to new unseen data. One method that is used to reduce overfitting is Least Absolute Shrinkage and Selection Operator (LASSO). The LASSO technique involves eliminating features one-by-one, starting with the features of least predictive power, thereby reducing the number of features used to model the data.19 Although this reduces the model’s ability to discern details in the training data, those details could be unique to the training data and not appear in the testing data. Logistic regression, linear regression, and LASSO were used in nine papers.20–28
Where linear and logistic regression fit a line to the data, Support Vector Machine (SVM) fits the decision boundary line to best separate the labelled data. If the data to model the label consists of more than two variables, then a line in a higher dimension (hyperplane) is used to separate the labelled data.18 SVMs were used in five papers.21,24,29–31
Another supervised learning method is decision trees, which use a series of decisions to separate the data. Decisions can be binary, using a decision boundary, or non-binary with categorical data.32 Random forest algorithms are an extension of decision trees. These algorithms train an ensemble of decision trees on random subsets of the data and makes a prediction based on the average of the ensemble of decision trees. Gradient boosting is another ensemble method that uses multiple decision trees, it iteratively adds decision trees with a single split to the model to refine its decision making in more intricate areas of the data. However, as a trade-off for better predictions, random forests and gradient boosting are harder to interpret than decision trees and are known as a “black box” method.33 Decision tree-based methods were used in 10 papers.20,21,24,30,34–39
Compared to the deterministic methods discussed so far, Naive Bayes is a probabilistic method that fits a probability of being in each class; the naive describes the assumption that all variables are independent.18 Naive Bayes is the simplest form of a Bayesian network, which is a network that describe the probabilistic relation between variables of the dataset. Adaptive Bayesian Networks starts with a naïve Bayes model. Iteratively features are added to the Bayesian network until the predictive accuracy cannot be improved.40 Bayesian methods were used in four papers.20,21,24,40
The k-nearest neighbors (kNN) classification algorithm is a modeless supervised learning algorithm, which considers each new point relative to the k-nearest points of the training set and assigns a class accordingly.18 kNN also has applications in semi-supervised learning, where it can propagate the labels to unlabelled data. kNN were used in two papers.24,34

Unsupervised Learning
Unsupervised learning describe patterns and structures in the data without following the lead of labels or categories defined by a human. Unsupervised learning is often used to derive data-driven clusters of patients or variables or to reduce the dimension of the dataset. Clustering refers to the task of finding natural groupings in the data, where observations in the same cluster are similar and observations in different clusters are dissimilar. Dimension reduction refers to the task of finding a new set of variables or dimensions that would represent the properties of the original space, but with fewer dimensions.
Some common unsupervised learning algorithms include k-means clustering, Gaussian Mixture Models (GMM), and principal component analysis (PCA). 
k-means clustering is one of the most common clustering algorithms, favored for its efficiency. It creates k centroids then assigns the data into k clusters based on the closest distance between observations and centroids.41 K-means were used in two papers.38,42
[bookmark: _Hlk89789437]Gaussian mixture models (GMMs) are similar to k-means, but instead of a definite assignment, it gives a probability of being in each class. Assuming the data is composed of multiple Gaussian or Normal distributions, the algorithm finds the location and shape of the distributions seen in the data.18 Each distribution represents an unsupervised cluster in the data. However, once the distributions have been fit, GMMs can also be used in supervised learning tasks by defining decision boundaries. GMMs were used in one paper.43
PCA transforms the feature dimensions into principal components, which are a new set of dimensions that maximizes the variation seen in the data and are linear combinations of the feature dimension.18 PCA is a method that is commonly used to visualize the data and perform dimensionality reduction. PCA were used in four papers.20,22,35,38

Deep Learning and Reinforcement Learning
[bookmark: _Hlk89789284]Deep learning refers to a class of algorithms that use artificial neural networks (ANN) as a building block. Such algorithms have many parameters to optimize, and they are often computationally intensive. Consisting of many layers, each layer has units that represent information; by increasing the number of layers, more complex information can be represented by the algorithm. Deep learning algorithms can be used for supervised and unsupervised learning tasks. 
The prototypical artificial neural network is formed of three types of layers of nodes; beginning with the input layer, followed by hidden layers, and finally an output layer.18 The nodes of the input layer could represent the features of the data or the pixels of a picture. In all other layers, each node is a function processing the inputs from the previous layer and giving an output for the next layer. The final output layer gives the predictions or end-result of the model.
In a feedforward fully-connected neural network architecture, each layer of nodes connects to the next layer of nodes by an edge to every node on the next layer. This means that each node represents different information based on the weight assigned to each of the nodes in the previous layer. In the training process, the weight or importance of each node and edge is adjusted (typically using gradient descent and backpropagation) to match the training label. Compounding the layers of nodes can be interpreted as each progressive layer of the ANN representing higher levels of information, but uncovering its decision process is difficult and the methods are generally considered difficult to interpret. However, model-agnostic methods can be used to interpret the decision making process of the ANN, such as extracting the most important features.33
Recurrent neural network (RNN) (such as long short-term memory (LSTM)44), in contrast to a feedforward neural network, can consider sequential data by feeding the results of the previous time step to the next. Other more complex ANN architectures can combine different types of layers (such as fully connected layer (or dense layer), recurrent layer, convolutional layer, pooling layer and deconvolutional layer) to manipulate different data types in different ways. When there are many layers to the ANN, the algorithms are commonly referred to as deep learning. Forms of deep learning were used in two papers.43,45
Reinforcement learning algorithms or agents iteratively take an action to interact with the environment and receive a reward for the action and an updated state from the environment. Depending on the policy of the agent, the reward may or may not affect the agent’s next action. Some policies focus first on learning about the environment before maximizing its reward, while others balance exploring and maximizing reward. Regardless, all agents will have an understanding of the environment represented mathematically as a Q-function, the reward that is given for taking some action at some state.46 None of the identified papers used reinforcement learning. 

Performance Evaluation
The performance of a machine learning algorithm, especially in supervised learning, is measured using many metrics, such as specificity, sensitivity, confusion matrix, and area under the Receiver Operating Characteristic (ROC) curve (AUC). These metrics require a ground truth to measure the predictions against. Typically, the dataset is split into training and testing data, and the testing data are kept aside until the evaluation stage. See Supplementary Figure 3 for a template pipeline of developing a supervised learning algorithm.
In classification tasks, a confusion matrix is useful in assessing where the algorithm is performing well or needs improving. For two classes, such as asthma attack and no attack, the confusion matrix has four parts: true positive (TP), false positive (FP), false negative (FN), and true negative (TN). True and false refers to whether the prediction is correct compared to the ground truth. The positive class is often the event of interest, such as an asthma attack, and the negative class is the absence of the event. See Table 1 for an example confusion matrix.

Table 1: Example confusion matrix for two classes
	
	
	Ground truth
	

	
	
	Positive (attack occurred)
	Negative (good control)
	

	Prediction
	Positive (attack predicted)
	True Positive (predicted attack and had an attack)
	False Positive (predicted attack but no attack occurred)
	Precision = 

	
	Negative (good control predicted)
	False Negative (good control predicted but had an attack)
	True Negative (good control predicted and good control occurred)
	

	
	
	Sensitivity = 
	Specificity = 
	Accuracy = 


The accuracy is the measure of the proportion of predictions that are correct out of all predictions. Mathematically this is equal to (TP + TN) / (TP + FP + FN + TN). Accuracy is a commonly used performance metric. However, the use of this metric can lead to over-optimistic interpretation if one of the two categories in a classification task contains most of the data. In the case of asthma attack prediction (a relatively rare event), a prediction model could predict everyone as not having any asthma attack and still be accurate most of the time. Consequently, we need to consider the balance of sensitivity, specificity, and precision when evaluating the performance of classification algorithms in such contexts. The sensitivity is the measure of how many positive outcomes were correctly identified (e.g., of all attacks, how many were correctly predicted and by implication how many were missed). Mathematically sensitivity is TP / (TP + FN). The specificity is the measure of how many negative results were correctly identified and its ability to avoid false alarms (e.g., of all patients with good control, how many were correctly identified as being well controlled). Mathematically, specificity is TN / (FP + TN). The precision is the measure of correct positive predictions (e.g., of all predicted asthma attacks, how many were actual attacks). Mathematically, precision is TP / (TP + FP).
Moving the decision boundary can vary the balance between sensitivity and specificity; as one goes up, the other goes down. The ROC curve represents all possible combinations of sensitivity and specificity attained with all possible decision boundaries. The AUC summarizes the ROC curve in a single value. This summary value is useful when comparing different algorithms: a perfect classifier would have an AUC of 100%, and random guessing would have an AUC of 50%. However, one must be careful when comparing it between studies, as the definition of a positive event might differ. 
Other than the performance measures described, there are additional performance measures used. There is no ideal performance metric, and every metric has its own strengths and limitations. It is often a good strategy to use multiple metrics when assessing the performance of any algorithm.
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[bookmark: _Ref100590689]Supplementary Figure 3: General process of developing a supervised learning algorithm. For most applications, there is a separate process for preparing the “Data for learning” known as pre-processing, which can include digital signal processing and missing data imputation. The input data (not including the labels) are commonly referred to as predictors or features, where the labels are often referred to as target, output variable, or outcome.
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