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Stoic is an original approach that aims to identify the sequences features responsible for specific 100 © o o
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Stoic was compared to a non-guided approach that first runs a clustering of the CRE expression profiles & 1 y

with a standard k-means algorithm, and then trains k RFs to predict cluster membership using sequence

features.
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8 However, Stoic provides higher AUC values provide an updated perspective on the transcriptional regulations at play during neuronal differentiation.
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