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Histone Modification and
Gene Transcription
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Task Formulation

Prediction Task
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Related Work
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Solution

Convolutional Neural Network (CNN)
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Image courtesy: (1) https://www.nervanasys.com/deep-learning-and-the-need-for-unified-tools / (2) http://cs231n.github.io/convolutional-networks/
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Solution

Analogy to our task
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CNN Model
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Experimental Setup

« Cell-types: 56
* Input (HM): ChlIP-Seq Maps (REMC)
* Output (Gene Expression): Discretized RNA-Seq (REMC)
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Experimental Setup

Cell-types: 56
Input (HM): ChIP-Seq Maps (REMC)
Output (Gene Expression): Discretized RNA-Seq (REMC)

Histone Mark _____| Functional Category

H3K27/me3 Repressor
H3K36me3 Promoter
H3K4me1 Distal Promoter
H3K4me3 Promoter
H3K9me3 Repressor

Baselines: Support Vector Classifier (SVC) and Random
Forest Classifier (RFC)

Training Set Validation Set Test Set
6601 Genes 6601 Genes 6600 Genes




Results: Accuracy
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Visualization
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Results: Visualization
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Results: Visualization
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Results: Visualization
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Conclusion

1. First deep learning implementation for gene
expression prediction

2. Unified Framework

a. Outperforms state-of-the-art implementations

b. Visualization of high-order combinatorial relationships

Available @ www.deepchrome.org
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