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– Graph-CNN variants 

• Network-based methods
– Deep network fusion (deepNF)

• Conclusions and future work



What do we mean by Function?

• Gene Ontology (GO):
– hierarchical classification scheme for 

organizing and describing protein functions

• Consist of 3 independent DAGs: 
–Molecular Function (MF)
– Biological Process (BP) 
– Cellular Component (CC)

• Goal: Narrow down the search space (of ~40,000 
possible GO terms) for experimentalists 

QuickGO: https://www.ebi.ac.uk/QuickGO



*Data from Gene Ontology (GO)



GO 
prediction:
challenges

• Large numbers of yet to be discovered 
labels

• No real negative examples
• Class imbalance (implied by hierarchy)
• Cell context and need for integration of           

very diverse data types
• Evolutionary relationships make    

evaluation challenging
• Protein-level annotations



We can use different data for function prediction
MetGlyArg

Arg
Ile
Gln Gly Gln Arg Arg
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DNA sequence Protein sequence Protein structure Protein interaction 
networks

Cheap and easy 
thanks to sequencing 
technology. 

Y2H system, AP-MS 
experimental 
methods. 

X-ray crystallography; 
NMR; Rosetta 
predictions. 



Deep learning is well-suited for function prediction

• Traditional methods
–Sequence alignment methods (e.g., BLAST)
–Machine learning methods 

(e.g., SVM, Logistic regression, etc.)

• Benefits of using Neural Networks (NN)
–multiple functions
– high-level features
– do not require feature engineering (e.g., CNNs)
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→ require feature engineering

→ fail on non-homologous sequences

→ predict one function at a time



CNN for sequence-to-function mapping



Convolution Neural Networks

• Reduce number of parameters to be learned
• Localize and share weights (conv filters) à self-similarity
• Translation invariance 
• Computationally efficient 
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We evaluate performance on new functional 
annotations over time

Temporal holdout (based on CAFA)

• Data: UniProt GOA

We only use experimentally validated annotation



CNN outperforms baselines on Swiss-Prot 
manually annotated and reviewed sequences
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GCN for structure-to-function mapping



Example: 1U8R-B

C!-C!
< 10Å



A new encoding scheme is needed for 
structural features

Regular CNN:

Protein contact map

Hou, J. et al. "DeepSF: deep convolutional neural network for mapping protein sequences to folds." Bioinformatics (2017)



We use Graph Convolutions for processing 
contact maps

CNN Graph CNN

Image Graph



Graph Convolutional Networks
• Types of GCNs:
• Spectral formulation
• Spatial formulation

• Applications:
• Node classification
• Graph classification



An example of a Graph CNN...
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Input Graph CNN 
Layer 1

Graph CNN 
Layer N

…

ReLU ReLU

Output 
Layer

Max
Pooling

Graph CNN Layer:

Dense layer 
(sigmoid)

A – adjacency matrix representing contact map
D – diagonal degree matrix
H(0) – input feature matrix (H(0)=I, 1-hot encoding 
if features not available)
W(l)- weight matrix for layer l

Kipf, Thomas N., and Max Welling. "Semi-supervised classification with graph convolutional networks." arXiv preprint arXiv:1609.02907 (2016).



Brief intro to Graph Theory

fi



Laplace operator

Euclidean Non-Euclidean

fi

fj!(#) !(# + ∆#)!(# − ∆#)



Spectrum of the Laplacian

Euclidean Non-Euclidean



Convolution operation

fi

Filter coefficients depend on Laplacian eigenvectors!



Spectral graph CNN

fi

Convolution in spectral domain: 

where W is n x n diagonal (learnable) matrix of spectral 
filter coefficients    

Henaff, M., Bruna, J., & LeCun, Y. (2015). Deep convolutional networks on graph-structured data. arXiv:1506.05163.

• Filters are basis-dependent à does not generalize 
across graphs !

• Learning complexity O(n) !
• Computational complexity O(n2) !
• Filters are not localized in space !



Example: CoRA citation network

Bronstein MM, Bruna J, LeCun Y, Szlam A, Vandergheynst P. (2017) Geometric deep learning: going beyond euclidean data. IEEE Signal Processing Magazine. 



Chebyshev CNN

Defferrad M, Bresson, X, Vandergheynst P. (2016) Convolutional neural networks on graphs with fast localized spectral filtering, NIPS



Graph Convolutional Networks

Kipf, Thomas N., and Max Welling. "Semi-supervised classification with graph convolutional networks." arXiv preprint arXiv:1609.02907 (2016).



GCN variants





For benchmarking we use the PDB

annotations Chains PDB IDs

Experimental 
annotations 107451 40478

Inferred 
annotations 179852 76675

Experimental PDB structures:



Graph-CNN: implementation details...
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Our model (schematic representation):

dense layers

Optimizer: Adam, lr = 0.001
Loss: binary cross entropy
Batch size: 64

A [None, 600 , 600]
S  [None , 600, 20] 

GAP





MF-GO: total 543
Top 100 GO terms

Structure (0.148) Sequence (0.093)



GCN autoencoder for protein fold discovery



Alpha-helices Beta-pleated sheets

Protein secondary structure



CATH classification of structures



Autoencoders for reducing feature space for 
representing different protein fold classes
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Autoencoders for reducing feature space for 
representing different protein fold classes
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Galaxy of folds



GCNN on Rosetta-predicted structures





Deep Learning Methods for Function 
Prediction of Microbial Proteins

Microbiome Immunity Project 
• 90,000 genomes
• 187 million sequences (12.8M 

gene families)
• predicting functions of new 

microbial protein families from 
sequences and contact maps





Function prediction: NATIVE vs LE structure
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