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Additional Information

Conventional machine learning algorithms

Random forest (RF)

We implemented the random forest [1] algorithm using the scikit-learn package [2] in Python. The hyperparameters were set as follows: maximum number of n_estimators: 500, maximum depth: 10, and maximum leaf nodes: 10. To address the problem of data imbalance, the class_weight parameter was set to ‘balanced’.

Adaptive Boosting (AdaBoost)

We implemented the AdaBoost [3] algorithm also using the scikit-learn package in Python. The hyperparameters were set as follows: maximum number of n_estimators: 100.

Light Gradient Boosted Machine (LightGBM)

We employed the LightGBM package to implement the Light Gradient Boosted Machine algorithm [4-6] in Python. The hyperparameters were tuned as follows: maximum number of n_estimators: 500, maximum depth: 15, and learning_rate: 0.1. To tackle data imbalance, the class_weight parameter was set to ‘balanced’. 

Deep learning algorithms

Long short-term memory (LSTM)

We implemented the LSTM network [7] using the PyTorch [8] package. Specifically, the input layer was followed by two LSTM layers. The sizes of the two layers were set to 64. The second LSTM layer was followed by a linear layer with 64 neurons and an output layer with two neurons. To prevent overfitting, a dropout operation with a rate of 0.5 was implemented for the output of the LSTM layers. During the training process, focal loss [9] was used as the loss function. The batch size for input data was set to 256. The number of the training epochs was set to 50. The learning rate was set to 0.001.

Bidirectional long short-term memory (BiLSTM)

[bookmark: __DdeLink__15144_2009542274][bookmark: __DdeLink__195_736511936]We implemented the BiLSTM network [10] using the Pytorch framework. The network connected the input layer with two BiLSTM layers, and the hidden size was set to 64. After the BiLSTM layer, we connected a linear layer with 128 neurons and an output layer with two neurons. To prevent overfitting, dropout operation with rate of 0.5 and 0.9 was implemented for the output of the BiLSTM layer. During the training process, focal loss was used as the loss function. The batch size for input data was set to 256. The number of the training epochs was set to 50. The learning rate was set to 0.001. Adam [11] optimizer was used to tune the model parameters.

Convolutional neural network (CNN)

We implemented the CNN network [12] also using Pytorch. We stacked three one-dimensional convolutional layers following the input layer. The first convolutional layer had an input channel of 21, an output channel of 32, a convolutional kernel size of 5, and a step size of 1. The remaining two layers had an input and output channel size of 32, a convolutional kernel size of 5, and strides of 2. To prevent overfitting, a dropout operation with a rate of 0.3 was implemented after each convolutional layer. After flattening the third convolutional layer, we added a linear layer with 128 neurons, followed by an output layer with 2 neurons. During the training process, focal loss was used as the loss function. The batch size for input data was set to 256. The number of the training epochs was set to 50. The learning rate was set to 0.001. Adam optimizer was used to tune the model parameters.
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