
Proteins are responsible for most functions in our body. Determining their 3D structure is key to

understanding how they work, why they cause diseases, and how to design drugs to block or

activate their functions [1]. Convolutional Neural Networks (CNNs) have been recently applied to

structural biology. Capsule Networks introduce capsules, a new building block that better models

the hierarchical relationships in the internal knowledge representations of a neural network [2]. In

this research, the implementation of two Capsule Network architectures is discussed and their

performance is compared to the ones of conventional CNN architectures. Although slower than

conventional CNNs, Capsule Networks produce better testing accuracy values.
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Figure 1. Cartoon representation of the GDP-bound human KRAS crystal structure (a) and van der Waals

representation of the GGA1 GAT N-terminal region in complex with ARF1 GTP form crystal structure (b).

The RAS family of proteins are of great interest in cancer research [3]. The PSI-BLAST dataset

is used to test the ability of our capsule network architectures to classify between RAS structures

and structures that closely resemble them. The approach proposed by Corcoran et al. [4] is used

to encode 3D proteins from Protein Data Bank (PDB) files into 2D representations (voxel grid) by

mapping a traversal of space-filling Hilbert curves. 3D PDB files are also transformed into 3D

voxel cubes representations (no Hilbert curves mapping involved).

Capsule Network Architecture

Figure 2. The input data is fed into a convolutional layer that detects basic features in the voxel

representations of the proteins [4]. This information is passed to the primary capsules layer that generates

combinations of those features. This output is reshaped into n-dimensional vectors and squashed to

enforce the probabilistic nature of the length between 0 and 1. Then, the voxel capsule runs the vectors

through the dynamic routing algorithm that applies affine transformations to generate predictions of what

the output of the next capsule layer will be. These predictions are compared and the information that agree

the most is passed forward. Finally, the voxel capsule layer outputs two vectors (one for each possible

classification), which are sent to an auxiliary layer that replaces them with their length.
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Hyperparameters

The 2D and 3D Capsule Network implementations obtained a prediction accuracy of 0.92 in both

2D and 3D KRAS-HRAS datasets while the accuracies for the 2D and 3D PSI-BLAST datasets

were 0.68 and 0.84 respectively.
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Future Work

Future work will be focused on developing Capsule Networks for the more challenging task of

scoring 3D protein structures in the context of protein structure prediction using the results

obtained in this research. Also, additional work will be done to develop concepts and techniques

to improve the interpretability of these deep neural networks. The concepts include ways of

extracting information from the network during training, validation, and testing, and the

techniques include visualization tools powered by saliency maps and parse trees.

Conclusion

Capsule Networks are the next generation of artificial neural networks to improve 3D protein

structure classification through hierarchical relationships. In this research, two Capsule Network

architectures are implemented to classify KRAS-HRAS and PSI-BLAST 2D and 3D datasets. To

the best of our knowledge, this is the first time Capsule Networks are applied to structural

biology. Although Capsule Networks classified the datasets up to 38 times slower than the

CNNs, they obtained superior accuracy values greater than 0.91 for the KRAS-HRAS 2D and 3D

datasets and greater than 0.84 for the PSI-BLAST 2D and 3D datasets during testing. The

running times are a consequence of the number of trainable parameters of the Capsule

Networks, which can be up to 65 times higher than the ones present in the CNNs. The superior

accuracies obtained by the Capsule Network implementations demonstrate that the dynamic

routing algorithm between capsules helps the network to establish spatial relationships between

the atoms that compose a protein through the calculation of weights that consider information of

the previous capsule layers.
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Figure 4. The Capsule Networks accuracy and loss during training (a) and testing accuracies among various

network architectures (b) for the 3D KRAS-HRAS dataset.

Figure 5. The Capsule Networks accuracy and loss during training (a) and testing accuracies among various

network architectures (b) for the 2D PSI-BLAST dataset.
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Figure 6. The Capsule Networks accuracy and loss during training (a) and testing accuracies among various

network architectures (b) for the 3D PSI-BLAST dataset.

Classification Results

Figure 3. The Capsule Networks accuracy and loss during training (a) and testing accuracies among various

network architectures (b) for the 2D KRAS-HRAS dataset.
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Table 1. Hyperparameters for the Capsule Networks KRAS-HRAS and PSI-BLAST 2D and 3D experiments.

Table 2. Testing accuracies and running times among various network architectures with and without data

augmentation for the 2D KRAS-HRAS dataset (a) and 2D PSI-BLAST dataset (b).

(a)                                                                                                                   (b)

Table 3. Testing accuracies and running times among various network architectures with and without data

augmentation for the 3D KRAS-HRAS dataset (a) and 3D PSI-BLAST dataset (b).

(a)                                                                                                                   (b)

Interpretability

Figure 7. Scores per channel for an instance of a KRAS-HRAS protein dataset.

Table 4. Classification results from targeted changes, and the norm between the original activation vectors

and the modified version vectors.
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Figure 8. Original (a) and modified (b) crystal structure of human K-RAS G12D Mutant in complex with GDP

and Cyclic Inhibitory Peptide.


