A Deep Learning Approach to Identifying Complex Structural Variation in the Genome
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Figure 3. We employ a set of heuristics to identify candidate complex regions given an input genome
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« Many complex SV events have arbitrary
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B: Self Supervised Pretraining C: Regional Embedding
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Figure 4. Our method includes two pretrained autoencoders to generate CNA and SV aware features. 0 Unsupervised DiSCOVéI‘y

(A) CNA and SV calls are parsed from candidate regions along with supporting summary statistics
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self-supervised autoencoder pretraining Figure 5. Our method uses a machine learning approach to classify complex SVs. Read SV and CNA callers
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model appended to autoencoders with (B) Candidate regions are input into pretrained autoencoders (Fig. 1) for context-aware featurization and further localization

object-ness and classification heads Train a single hidden layer MLP (54k parameters) to classify complex SVs from candidate regions . Refine autoencoder objective functions



