
Graph Convolutional Networks for Epigenetic State
Prediction Using Both Sequence and 3D Genome Data
Jack Lanchantin and Yanjun Qi
University of Virginia, Department of Computer Science

Epigenetic State Prediction

Epigenetic state of DNA window xi : active chromatin elements at
that location (TF binding, histone modifications, and accessibility).

Modeling the 3D Genome Using Hi-C Data

ChromeGCN: Combining Sequence and 3D
Genome Data for Epigenetic State Prediction

Method: ChromeGCN
Goal: given DNA window xi predict the probability of a
set of epigenetic labels ŷi = f (xi), where ŷi ∈ RL.

1. Local Sequence Representations Using a CNN

fCNN encodes each local sequence window xi into hi ∈ Rd

using a shared convolutional network:

hi = fCNN(xi)

2. Long-Range 3D Relationships Using a GCN

fGCN encodes 3D genome relationships between windows
hi using a graph convolutional network. Relationships are
defined by Hi-C edges in the form of adjacency matrix A:

zi = fGCN(hi,A)

Each hti is revised using a function of its neighbors N (i):
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3. Predicting Label Probabilities for Each Window

fPred uses linear classifier layer to classify each zi into its
output space (a set of epigenetic labels):

ŷi = fPred(zi)

Finding Important Hi-C Edges via Saliency Maps

We propose Hi-C Saliency Maps, a method to identify the
important 3D relationships for ChromeGCN’s predictions:
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Prediction Performance
GM12878 K562
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CNN [1] 0.895 0.350 0.293 0.894 0.325 0.265
DanQ [2] 0.886 0.348 0.290 0.900 0.343 0.290
ChromeRNN 0.906 0.384 0.342 0.910 0.365 0.327
ChromeGCNconst 0.904 0.377 0.331 0.904 0.358 0.321
ChromeGCNHi -C 0.904 0.385 0.341 0.903 0.358 0.319
ChromeGCNconst+Hi -C 0.909 0.395 0.356 0.912 0.372 0.338

We find that across two cell types, using known long range 3D genome data
from Hi-C maps improves prediction accuracy.

Analysis of Using Hi-C Data
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Each point represents one epigenetic state label. As the average label degree
increases, the improvement of ChromeGCNHi -C over the CNN increases.

Hi-C Saliency Map

Saliency Map for all 500k edges in AHi -C for YY1 transcription factor in
GM12878 Chromosome 8 (total of 23,600 windows). The darker the line, the
more important that edge was for predicting the correct epigenetic state.
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