HetEnc: A Deep Learning Predictive Model for Multi-type Biological Dataset
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Figure 1. (a) Diagram of CombNet. Microarray and RNA-seq data
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As demonstrated in this study, HetEnc outperformed previously-reported machine learning models overall, achieving a significantly better predictive performance. Three aspects accounted for its performance: (1)
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Figure 5 HetEnc overview. (a) feature representation model [ Feature_A} [ Feature.B ] [ Feature.C ] e By using exact the same dataset (i.e., the same pre-processed data as model input), HetEnc showed significantly better predicting performance than such machine-learning algorithms as support vector machine
architecture and three different encoding networks (AE, (SVM), nearest shrunken centroids (NSC) and k-nearest neighbors (KNN). We observed this superior performance from both “head-to-head” comparative analysis and previously-published results. (2) With no
CombNet and CrossNet) used iIn the study; (b) feature Dense 1024 restrictions on data pre-processing and modeling strategies, HetEnc still performed better than the best models developed by other groups in the SEQC project. (3) Performance differences between cross-
extraction and 6-DNN structure in the mOdelmg step. ¥ flattening I validation and external testing are relatively small in developed HetEnc models, indicating that the HetEnc model can be applied more generally to new test sets.
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