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Over the past decade deep learning techniques have achieved great success in such
application as face recognition, textmining, textgeneration etc. Computational biology couldn’t
stay untouched. Due to dramatic progress in massivelyparallel computation many problems in
the field of computational biology are now gaining new perspectives. Among these is the
functional analysis of protein molecules. It's well known that protein function can be
dramatically affected by substitutions of single amino acids, and nowadays a lot of data
regarding relationships between such substitutions and human diseases has been accumulated.
Based on these data, we explore different deeplearning approaches that can be utilized in order
to predict possible effects of single amino acid substitutions on protein function. We also focus
on different ways one can represent protein structures, and how those can be used in two distinct
neural network architectures in order to test different representations as well as in mentioned
above classification problem.
It has already been shown in our work (Korvigo et al., 2017) that deeplearning methods
can be successfully used to discriminate between neutral and pathogenic nonsynonymous single
nucleotide variations. We used massivelyparallel training and a genetic algorithm to optimize

hyperparameters. The resulting classifier outperforms all popular methods on several
benchmarks and gains accuracy exceeding 90%. Hence we find it feasible to apply deeplearning
to protein functionalspace analysis.
According to published data recurrent neural networks (RNN) are a very promising
technique for application in computational biology, e.g. predicting protein function (Søren Kaae
Sønderby, 2014), gene regulatory networks (Khalid Raza, 2014) and protein secondary
structures (Zhen Li, 2016). For our purposes we made use of layers with long shortterm memory
(LSTM) cells combined with convolutional layers. An LSTM is a recurrent network model that
excels at remembering long and shorttime dependencies. We consider it a key advantage that
can be used to predict phenotypical consequences of amino acid substitutions. Our goal was to
infer possible damaging consequences of substitutions from protein sequence information, alone.
We used the HUMSAVAR database as our source of reviewed categorized amino acid variations.
For representation purposes we tried to encode the amino acids as onehot encoded vectors,
vectors of physicochemical properties and vectorembeddings. The latter idea was inspired by
recent research on continuous representation of molecules (Rafael G´omezBombarelli, 2016).
We also tried to build a protein autoencoder similar to the molecular autoencoder (Rafael G
´omezBombarelli, 2016). Each amino acid was represented as one hot vector. Amino acid
sequence for each protein was transformed into internal latent space. The goal was to recover
amino initial sequence from latent space. We achieved accuracy up to 40 %.
In our second project we created a deep spatial convolutional neural network. CNNs can
leverage spatial and temporal structure of the domain they model. It has been shown that CNNs
can be applied, for example, to protein function classification problems (Zacharaki et al, n.d.), or
to prediction of bioactivity of small molecules in ligandprotein interaction (Wallach, Dzamba, &
Heifets, 2015). Since spatial structure is an intrinsic property of protein molecules, it is natural
to expect that patterns of threedimensional protein organization could be very prominent in
predicting the functional impact of amino acid substitutions. We propose a voxelbased
representation where each amino acid is represented by a nonempty voxel. In order to preserve
important properties of a protein molecule which could serve as potential features in neural
network training, we use two different ways of representing amino acids. The first one is based
on the most important amino acid physical properties (Gu et al., n.d.; Li & Koehl, 2014). The

second approach is inspired by natural language processing techniques (Mikolov et al, n.d.) and
utilizes vector embeddings. In our work, we also analyzed the sparsity of all protein models
available at PDB and evaluated the information loss caused by downscaling the representation.
Based on these data we have selected an optimal representation size, which corresponds to
maximum available memory capacity of GPUunits used during training process. We present
our preliminary results on training CNN and CAE using model representations described above,
discuss their advantages and limitations and emphasize differences in training results of chosen
network architectures.
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