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Abstract of Thesis

Can state—of-the—art computer vision methods be applied for protein structure determination tasks? This
thesis answers the above question by defining the problem of locating and classifying amino acid (AA)
residues in protein electron density (ED) maps as an image segmentation problem.

Proteins are organic macro—molecules whose function depends on their 3D structure. By determining
their structure, the information may be used in computational simulations for drug discovery,
bioinformatics and computational biology.

ED maps are three-dimensional, volumetric data acquired via an imaging method called X-ray Diffraction
(XRD). ED maps can be considered a 3D image of the protein molecule’ s shape

Two limitations of protein structure determination are the dependency on sample resolution and
processing time. Automatic model building toolkits have difficulties below 3A& resolution which
necessitates the use of high-resolution ED maps to obtain reliable results. Unfortunately, obtaining
high-resolution ED maps is difficult, contributing to a low, approx. 5% success rate of model building
efforts.

Model building toolkits create structural models by mapping the AA sequence into the ED map by
matching and merging chain fragments. This is computationally intensive: the process may take hours to
days. At lower resolutions AAs are less discernible, leading to incomplete models or the outright
inability to handle low resolution ED maps.

The thesis proposes two 3D convolutional neural network (CNN) architectures to overcome the above
limitations. CNNs excel at parallel computations and effectively utilize the parallel computing
capabilities of modern GPUs, which by itself leads to improved computational times. The proposed
methods assign AA labels directly to ED maps by crop—stitching fixed size windows, only observing the
densities without relying on the AA sequence. Thus, the computational time scales linearly with the
volume of the ED map instead of the number of residues in the AA chain, resulting in further reduced
computational time.

A custom data set with annotations for supervised semantic and instance segmentation is created to
train and evaluate network performance. It contains high—, mid- and low-resolution ED maps generated
from the same approximately 7000 proteins, allowing the CNNs to specifically target each resolution
With low-resolution data in the challenging sub—3A range, the CNNs can be trained to be functional even
where state—of-the—art toolkits fail.

A real-life data set from experimental XRD observations of over 500 protein samples is also
established. These samples are used to fine—tune and measure the practical, real-life performance of
the proposed CNNs.

The first proposed CNN architecture, 3D FC-DenseNet matches the performance of state—of-the-art
toolkits at high resolutions, and beats them at medium and especially at low resolutions, which are a
failure case for toolkits. Its upgrade, MT-StackNet is capable of simultaneous semantic and instance
segmentation of ED maps and, due its improved performance, it outperforms model building toolkits even
at high resolutions. It can locate and classify all AA instances with a single forward pass using a
novel offset vector regression technique.

Both methods process ED maps with better performance and much faster than model building toolkits,
showing that computer vision methods and CNNs are applicable for protein structure determination
tasks.
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