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Abstract

Detection of Beta-Barrels from Medium Resolution Cryo-electron Microscopy Density Maps
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Dong Si
Computing & Software Systems

Cryo-electron microscopy is becoming one of the most popular techniques used to deter-
mine protein structures. At medium resolutions, secondary structures can be seen from
within cryo-electron microscopy density maps. The automatic isolation and detection of
these secondary structures directly from density maps would be helpful to many, such as
drug researchers to enable faster and better drug design for targeted proteins. One such
secondary structure is the g-barrel, a -sheet based secondary structure that is commonly
found as in cell membranes and transport proteins. This thesis proposes a novel method
combining convolutional neural networks, genetic algorithms, and ray casting to perform au-
tomatic detection for S-barrels from within medium resolution cryo-electron density maps.
This approach was tested using both experimentally produced and simulated cryo-electron
microscopy density maps. This method achieved a sensitivity of 0.95 and specificity of 0.90
on simulated maps. However, this method was only able to obtain a sensitivity of 0.72 and

specificity of 0.79 on experimentally produced density maps.
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Chapter 1
INTRODUCTION

1.1 Motivation

Proteins are the fundamental building block of all living things on Earth. Every living thing,
from the smallest single-cell bacteria to humans, is primarily made up of proteins. Addition-
ally, proteins are responsible for regulating all of the biological processes and functions that
enable living things to move, think, etc.

Because of this, the understanding of proteins and how they work is vital for fields like
drug design and drug development. For example, understanding how a key virus protein is
able to attack and target cells would be invaluable to researchers. This would allow them
to design drugs that can target specific mechanisms unique to the virus protein in order to
effectively inhibit it and prevent disease.

The key to understanding how a protein works and the mechanisms that allow the protein
to complete its function is through its structure. The specific shape and structure of a protein
determines what other molecules are allowed to bond and interact with it, thus determining
its function and purpose.

To obtain high quality and highly detailed images of the 3D structure of proteins, re-
searchers have relied on methods such as X-ray crystallography and nuclear magnetic reso-
nance (NMR). Most of the protein structures solved in the Protein Data Bank (http://www.resb.org/)
[2] were solved using X-ray crystallography. It was one of the first methods capable of re-
solving protein structures at atomic resolutions, allowing researchers to pick out individual
atoms from one another in the image.

However, there are limitations to X-ray crystallography. In order to perform X-ray crys-

tallography, the molecule must first be crystallized. Larger proteins, such as ribosomes and



surface proteins, cannot be crystallized easily and only until recently has X-ray crystallog-
raphy finally been able to work with these types of proteins [3]. Another issue with the
crystallization is that it can modify the structure of the protein, such that it is no longer
in its native, physiological structure when the 3D structure is obtained. Additionally, stain-
ing and chemical fixation, steps done to the molecular sample beforehand to improve image

quality and detail, can change the protein and its structure.

Figure 1.1: Example of Cryo-EM Density Map. Visualized using UCSF’s Chimera [1]

Cryo-Electron Microscopy (cryo-EM) [4] is an increasingly popular technique that is also
capable of taking high quality 3D images of proteins (see Figure 1.1), but it is capable of
avoiding many of the limitations of other methods. Cryo-EM works by first freezing a sample
of the molecule being studied to cryogenic (below —180°C or 93K) temperatures by placing
the sample in an ethene bath cooled using liquid nitrogen. This has the advantage of preserv-
ing the sample in its native, physiological state. Afterwards, an electron microscope, which
uses beams electrons instead of light for illumination, is then used to take two-dimensional
(2D) images of the sample from as many different angles as possible. These images are then

combined to reconstruct a full three-dimensional image, also known as a density map, of the



protein being studied.

Although cryo-EM was first invented and used in the 1970s, technological limitations
prevented cryo-EM from being able to take high, atomic resolution density maps of proteins
and it fell behind other methods like X-ray crystallography. However, with recent advances,
cryo-EM has finally caught up and an increasing number of high, atomic resolution cryo-EM
density maps have been produced.

Although cryo-EM can now produce high, atomic resolution cryo-EM density maps, there
still are a large number of cryo-EM images produced in the previous decades that were re-
solved at lower, medium resolutions (“5-10A). At medium resolutions, the density surround-
ing each individual atom tend to merge and combine together. As a result, it is very difficult

to differentiate one atom from another within the density maps at these resolutions.

Figure 1.2: Two main types of secondary structures: a-helix (left) and g-sheets (right)

However, at medium resolutions, this merging of densities allow the secondary structures
within proteins to become visible. Secondary structures are localized substructures within
proteins. These secondary structures combine with one another to form the overall structure
and shape of the protein. Additionally, these secondary structures themselves have common
roles and functions within the proteins themselves. Because of this, the ability to detect
secondary structures from within proteins can be very useful for understanding the overall

structure of the protein.

The two main types of secondary structures are a-helices and -sheets (See Figure 1.2).



a-helices are the most common form of secondary structure in proteins. Within medium
resolution cryo-EM density maps, a-helices generally show up as thin cylinders of density.
Additionally, a-helices are extremely regular and well defined. This has allowed it be fairly
easy to predict and detect compared to (-sheets.

From within medium resolution cryo-EM density maps, [-sheets show up as thin sheets
of density. However, unlike a-helices, S-sheets can fold, twist, and combine to form a myriad
of different shapes and structures (See Figure 1.3), each with their own purpose and function.
This has resulted in a far more difficult task to predict and detect [-sheets and all of its

potential shapes and forms.
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Figure 1.3: Examples of $-sheet based secondary structures

[-barrels are one such potential form that S-sheets can form [5]. S-barrels are one of the
more commonly found S-sheet based secondary structures in proteins. They are found in cell
membrane proteins, where they facilitate the movement of molecules entering and exiting
the cell. Additionally, they are found in transport proteins, where they carry molecules to
different cells across the body. [-barrels generally show up as a thin hollow cylinder in

medium resolution cryo-EM density maps, although the shape of g-barrels can vary greatly.
1.2 Our Research

In this thesis, we present our novel method to perform automatic detection of S-barrels.

Although the ultimate goal of our research is to perform automatic detection of all secondary



structures, because of the large number of S-sheet based secondary structures, we focused on
one specific secondary structure. We chose to focus on the automatic detection of -barrels,
as they are one of the most commonly found secondary structures.

Our method is separated into multiple components. The first and main component of
our method consists of a convolutional neural network that is responsible for labeling and
detecting the g-barrel from medium resolution cryo-EM density maps. In order to increase
the accuracy of our method, the output of the convolutional neural network undergoes post-
processing. The first post-processing (and second overall) component consists of a genetic al-
gorithm that attempts to fit an ideal cylinder to S-barrel region. The second post-processing

component uses ray casting to accurately isolate the voxels associated with the S-barrel.

1.3 Outline of this Thesis

The rest of this thesis is organized as follows. In Chapter 2, a literature review is provided to
explore previous work done in this area. In Chapter 3, a background on the major concepts
used in this thesis is provided. In Chapter 4, the implementation details of our method is
presented. In Chapter 5, the results from our method is presented along with discussion
and analysis of these results. Lastly, in Chapter 6, we conclude the thesis by discussing any
current limitations to our method and suggest potential future work that could be done to

improve our method.



Chapter 2
LITERATURE REVIEW

In this chapter, an overview of the general history of secondary structure detection,
secondary structure detection from cryo-electron density maps, and our work leading up to

this thesis is presented.

2.1 Past Secondary Structure Detection

Research on methods and techniques to automatically identify the secondary structures lo-
cated within proteins have been worked on for decades. The Chou-Fasman method [6],
developed by Chou and Fasman in the 1970s, was one of the first techniques developed to
be able to predict the location of secondary structures. An empirically-based method, the
Chou-Fasman method would take the protein’s amino acid sequence and output probabilities
for each amino acid being part of a specific secondary structure. Additional methods such as
the GOR method [7] and the one developed by Lim [8] would follow. These methods would
achieve accuracies of approximately 55-60% [9]. Lately, machine learning based methods,
like PSIPRED [10], would be developed in the 1990s and achieve up to around 80% accuracy
[11].

All of these methods used the protein’s amino acid sequence as input to detect the
secondary structures located within the protein. The key limitation with using just the amino
acid sequence as input, is that the amino acid sequence does not contain any information
about how the protein amino acid sequence is oriented and folded in 3D space [12]. Secondary
structures form when nearby amino acids interact in specific ways to bond and combine into
specific shapes and these interactions may be done by amino acids not local to each other in

the sequence [11]. As a result, there is no possible way that any method based on the amino



acid sequence alone can have this information.

2.2 Secondary Structure Detection For Cryo-EM

One way to avoid this limitation was to utilize three-dimensional images, such as the den-
sity maps produced by cryo-EM, as the input instead. Unlike the amino acid sequence, it
is possible to take into account the localized interactions between amino acids within the

sequence.

As a-helices consistently appear as cylinders at medium and lower resolutions, one of the
first methods that used three-dimensional density maps for secondary structure detection was
Jiang’s Helixhunter [13] to detect a-helices. Further research would be done on automatic
detection of a-helices on medium resolution cryo-EM density maps, achieving very high
accuracies [14] [15] [16]. Because of this, the focus of our method was to perform detection

on the more difficult S-sheet secondary structures.

Unlike a-helices, -sheets can form and combine to form numerous different geometrical
configurations and structures. As a result, performing any sort of automatic detection of
[-sheets is far more difficult, as any such method would need to be able to handle a large
number of potential shapes and geometries. Recent research [17] [18] done on [-sheet de-
tection has been successful in detecting the §-sheet itself, but not the larger structure these

sheets may form.

For (-barrels, some preliminary work has been started. In Si’s BarrelMiner, a random
sample consensus based method was used to attempt to fit an ideal cylinder to match the
p-barrel using a cryo-EM density map [19]. However, a major issue BarrelMiner faced
was that p-barrels themselves can vary greatly in shape and size. Simple ideal cylinders
struggled to fit some of the more irregularly shaped g-barrels, resulting in reduced accuracy

and detection rate.



2.3 Our Previous Work

We proposed a new method in [20] using a combination of genetic algorithms and ray casting
to perform [-barrel detection. A genetic algorithm would be used to fit an ideal cylinder to
the general area of the S-barrel. Using this ideal cylinder, the ray casting portion would be
used to attempt to discover the actual S-barrel shape and account for the irregular shapes
commonly found in S-barrels.

Following from this, we continued to refine our method in [21]. The two major targets
for improvement were: the issue with the genetic algorithm fitted cylinder being either too
long or too short compared to the actual S-barrel length and the amount of time that the
ray casting portion was taking up. As a result of this, we developed a method to stretch
and shrink the cylinder to better match the actual length of the g-barrel. Additionally, in
order to reduce the computation time needed to run the ray casting portion, a kd-tree was
implemented to help speed up the ray casting.

In [22], further optimization to improve the speed of the ray casting portion was done.
To do this, we utilized graphical processing unit (GPU) based parallelization on the ray
casting portion. However, we found that although the time needed to perform ray casting
was drastically reduced and the maximum number of rays that we could feasibly cast without
significant slow down increased, the accuracy did not improve. As a result, for this thesis,
we focused our efforts on improving the processes upstream of the genetic algorithm and
ray casting and attempted to explore convolutional neural networks as a solution to this

problem.



Chapter 3
BACKGROUND

In this chapter, an overview of the three major concepts used in this thesis is presented:

machine learnin and convolutional neural networks, genetic algorithms, and ray casting.

3.1 Machine Learning

Machine learning is the class of methods where computers are taught to perform a task
without explicitly programming an algorithm to enable them to. This is different from
the traditional approach in computer science towards solving a problem, where a specific
algorithm and/or a set of rules is created to solve the problem. Instead, machine learning
seeks to use prior examples to "teach” a machine to perform a task or solve a problem.

Machine learning is generally divided into two major categories: supervised learning and
unsupervised learning. In supervised learning, the true labels of the training data is known
beforehand. This allows us to train the machine learning model to recognize patterns and
learn how to map the inputs to specific labels for output. Alternatively, in unsupervised
learning, the true labels of the data being analyzed is not known beforehand. As a result,
the goal of unsupervised learning is to discover any clusters of data in the input and extract
features from the input itself.

One of the major tasks of machine learning and supervised learning is performing classi-
fication on a data set. In classification, the goal is to train a machine learning model that
can take in input data and output a specific label using the attributes and features in the
input data. Developing models capable of automatic and accurate classification for a wide
variety of data is of great interest to many different fields, from computer security and image

processing to biochemistry and medicine.
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A variety of algorithms have been proposed and developed for performing classification.
These include older statistical analysis based methods, such as Discriminant Analysis and
Naive Bayes, to more modern classification algorithms, such as support vector machines,
decision trees, and neural networks. This thesis will focus on neural networks used for

classification.

3.1.1 Neural Networks

Neural networks are an attempt to imitate how neurons work in living beings using a com-
puter. The original implementation of the neural network was the perception [23]. In the
perception, input would be weighted and summed together to produce a value. The value
would be inputted into a simple activation function. If the value was above a specific thresh-
old, the perception/neuron would fire and output a value of 1 as output. If the value was
not above the threshold, the perception/neuron would output a value of 0. While training
the perception with training data, the perception would learn how to classify input by ad-
justing the input weights. Further research would be done to optimize the performance and
efficiency of these perceptions over the years. For example, alternatives to the original acti-
vation function were found to perform and/or train better, such as the very popular rectified

linear unit (ReLU) activation function [24].

One of the major innovations to neural networks was to add multiple layers of perceptions
to form a neural network. A limitation with the classic single layer perception was that it
was not capable of handling non-linear separable functions [25]. Additional layers could
be inserted between the input and output layers and these hidden layers were capable of
learning to solve non-linearly separable problems [26]. These hidden layers are generally
fully connected, which means that any single neuron in a given layer is connected to every
neuron in the next layer. These multi-layer based neural networks would be referred to as

Multi-Layer Perceptions (MLP).
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3.1.2 Conwvolutional Neural Networks

However, in fields, such as image processing and computer vision, a major limitation of the
application of multi-layer perceptions is the sheer potential size of the feature space that
problems in these fields require. Because of large feature space necessary, the number of
neurons, layers, and weights needed to fully handle such a feature space increases exponen-
tially and requires an equally large enough training set to properly train. Additionally, the
standard multi-layer perceptions do not take into account spatial locality between features.
In image recognition, what features are nearby other features in the image is very important.
For example, when attempting to recognize a person’s face, the position of the eyes, nose,
and mouth on the face and how they are oriented to each other is vital for recognition. This

led to the development of convolutional neural networks (CNN).

LeCun [27] proposed the use of convolution layers within MLPs to tackle this limitation.
In the convolution layer, the spatial relationship between local input features is extracted.
This is done by using a smaller matrix of numbers, called the filter. This filter is shifted over
the input by a specific distance every step, called the stride. At each step, the dot product
of the filter and the input that the filter overlaps over is calculated and stored in an matrix
for output. This is repeated until the entire input has been covered and the fully calculated
output matrix is sent to the next layer in the CNN. By using the filter to extract features
from a portion of the input, this greatly reduces the number of parameters and weights
necessary compared to a traditional fully connected neural networks along with extracting
localized features. The size of the filter, the values in the filter, and the stride size can be
varied to optimize the performance of the CNN. For example, smaller filters is capable of
extracting more information for the next layer at the cost of more steps required to cover
the entire input. Conversely, larger filters are faster, but results in less information being

passed to the next layer.

Additionally, convolutional neural networks include pooling layers after convolutional

layers. This is done to further reduce the size of the input. This is also done to promote
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translation invariance and to avoid overfitting, where the model is fit too well on training
data and performs poorly on new test data as a result. A pooling layer is very similar to a
convolutional layer. The only difference is that instead of calculating the dot product between
the filter and input, a specific function is applied instead. The most popular function for the
pooling layer is the max-pooling function. In max-pooling, the maximum value within the
portion of the input that overlaps with the filter is selected and passed onto the next layer.

After a number of convolutional and pooling layers, the input is then fed to a traditional
multi-layer perception. This is done to allow the convolutional neural network to learn how
to perform classification on the input. As the input data has been drastically reduced in size
and convolution has been performed to capture local features, the limitations that prevented

use of a multi-layer perception is largely averted.
3.2 Genetic Algorithm

The genetic algorithm is an optimization algorithm based on the concept of natural selection
[28]. The genetic algorithm attempts to find the solution to a problem by iterating through
numerous generations of solutions that slowly evolve towards the optimal solution.

A genetic algorithm requires two primary components: a set of candidates that represent
potential solutions and a fitness function that evaluates these candidates. Each candidate
consists of a genome, or a set of properties that defines the candidate and is used in the
fitness function to calculate fitness. The fitness function must be designed so that it will
assign higher scores or "fitness” to candidates that represent more optimal solutions to the
problem being solved.

The genetic algorithm is generally divided into three major steps: selection, crossover, and
mutation. The selection step of the genetic algorithm involves selecting which candidates
are allowed to pass down their ”genes” to the next generation of candidates. There are
numerous algorithms and methods to determine which candidates are selected [29], but
generally candidates with higher fitness are prioritized for selection in order to pass on

"successful” genes to successive generations. This is done so that successive generations
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should have higher fitness than previous generations, therefore each generation is making

progress towards reaching an optimal solution.

The next step in a genetic algorithm is the crossover step. In this step, the selected
candidates and their genes are used to produce a new generation of candidates. Although
this process may vary, multiple "parent” candidates will pass on a portion of their genes
to create a child candidate. This process is repeated until a full set of child candidates is

created. This step is done to create potential solutions that have not yet been explored.

The last step, mutation, is done to introduce randomness to the genetic algorithm. With-
out mutation, a genetic algorithm’s performance would be completely dependent on the ini-
tial set of candidates and their genes. By introducing random mutations to child candidates
after crossover, potentially new genome combinations of genes and solutions can be explored.
Additionally, by introducing mutation, the randomness from mutation allows the algorithm

to avoid becoming trapped in local minima/maxima.

Using the newly created child generation, these three steps can be repeated as necessary

until either an optimal solution is found or a stop condition has been reached.

3.3 Ray Casting

Ray casting is a computer graphics technique that renders images by attempting to mimic
how light rays and our eyes work to enable vision. First proposed in 1968 by Arthur Appel
[30], ray casting represents the simplest algorithm in a class of graphics rendering techniques

that attempt to mimic light called ray tracing [31].
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Algorithm 1: Ray Casting Algorithm
Data: List of Objects, O; ray origin, Fp; ray direction, P

Result: Object that Ray Collided with, O¢min)
foreach Object O; in O do

Ju

2 if O; intersects with P then

3 Calculate distance, d;, from Fy to O;
4 if d; < dgmin) then

5 Set O¢min) to O;

6 Set dimin) to d;

7 end

8 end

9 end

10 return O(min);

In ray casting (see Algorithm 1), a ray is shot out from an origin point. From this origin
point, the ray will iterate through all possible objects in the scene/universe (line 1). For
each object, a check is made to determine if the ray intersects with the object (line 2). If
the object intersects with the ray, the distance from the origin to the object is calculated
(line 3). This is done in order to find the object that is closest from the origin in the path
of the ray (line 4 to 6). The object that intersects with the ray and is closest to the object
is returned as the result (line 10).

To render an image, a ray is casted for every pixel in the image. Based on the optical
properties of the object the ray collided with (i.e color), the color and shading of the pixel is
determined. This is repeated for every pixel in the image until the full image is rendered. This
ray casting method can be extended to handle reflections, refractions, and other graphical

details [31].



Chapter 4

IMPLEMENTATION

15

In this chapter, the overall implementation of our method (see Figure 4.1), its details,

and how it was tested is presented.

DATA
Solved Protein Simulated
Structures Cryo-EM
(PDB) Density Maps

Experimental

Cryo-EM
Density Maps

Convolutional
Neural
Network

Genetic
Algorithm

Ray Casting

Figure 4.1: Overview of our method

Output
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4.1 Cryo-EM Density Maps (MRC)

In order to test our method’s viability and its accuracy, cryo-EM density maps were used to
train the convolutional neural network and to test the overall ability of our method to detect
[B-barrels. These cryo-EM density maps would be stored in the MRC file format, the standard
file format for cryo-EM density maps [32]. Each MRC file consists of a three-dimensional
grid of voxels (a 3D pixel) and a header that contains the metadata for the density map.
Each voxel in the grid contains a value corresponding to the electron density at that voxel

position.

4.1.1  Ezxperimentally Produced Density Maps

Experimentally produced cryo-EM density maps between 5 and 10 A (medium resolution)
were obtained from the EMDataBank (http://www.emdatabank.org/) [33]. Only density
maps for proteins that had a correspondingly solved protein structure were selected, as
we needed to be able to determine the accuracy of our detection method. Solved protein
structures were obtained from the CATH database (http://www.cathdb.info/) [34] and the
Protein Data Bank (http://www.rcsb.org/) [2]. These were stored in the standard Protein
Data Bank (PDB) file format. In the end, a total of 8 experimental cryo-EM density maps
at medium resolution containing [-barrels were found. Due to the limited quantity of ex-
perimental cryo-EM density maps, none of these maps were used for training and validation

and all were used for testing.

Additionally, because experimental cryo-EM density maps can use any maximum or
minimum for their electron density values, all experimental density maps had their electron
density values normalized to between 0 and 1. This was done to both allow for fair comparison
of electron density between different experimental maps, but also to match simulated cryo-

EM density maps which are automatically scaled to between 0 and 1.
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4.1.2  Simulated Density Maps

Due to the limited quantity of experimentally produced cryo-EM density maps, simulated
cryo-EM density maps would be used for both training and testing to augment the data set.
These simulated density maps are created using the actual protein structure (stored as a
PDB file) and attempts mimic how an ideal cryo-EM density map would look if cryo-EM
was actually performed on that protein. These simulated cyro-EM density maps were created
using the pdb2mrc command in EMAN2 [35] with the PDB files. Each simulated map was
simulated at a resolution of 9 A, using a box size of 64 x 64 x 64, and at 1A per voxel. The
PDB files were obtained from the CATH database (http://www.cathdb.info/) [34] and the
Protein Data Bank (http://www.rcsb.org/) [2]. In the end, a total of 53 simulated cryo-EM
density maps were created. These were divided into a training set of 31 density maps, a

validation set of 11 density maps, and a testing set of 11 density maps.

4.1.3  Augmentation

Data augmentation has been proven to increase the effectiveness of neural networks by both
increasing the amount of data available to train the neural network and to help avoid over-
fitting of the model during training [36] [37]. Data augmentation was performed on the
simulated cryo-EM density maps in order to maximize our limited data set. Each original
simulated cryo-EM density map would be rotated 90° in the z, y, and z directions to produce

six additional cryo-EM density maps each.

4.1.4  Labeling

In order to train the convolutional neural network to perform classification and for us to be
able to verify the accuracy of the detection later, the training data must be labeled with
the correct classification beforehand. For this method, only two labels/classes were used for
each voxel in the density maps: part of a S-barrel and not part of a S-barrel.

Using the solved protein structure in the PDB file, a voxel would be labeled as part of a
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B-barrel if it was within 2 A of any a-carbon of an amino acid that is part of a -barrel. An
a-carbon represents the central carbon atom within an amino acid. In general, it is common
to approximate the location of the amino acid with the location of its a-carbon. If the voxel

is not within 2 A, our labeling process would label it is not part of a S-barrel.
4.2 Convolutional Neural Network

The purpose of the convolutional neural network is to scan through the cryo-EM density map
and isolate the voxels associated with the S-barrel. In order to label each voxel individually,
our method feeds specific subsection of the entire density map, called patches, to the con-
volutional neural network instead of the whole density map [38] [39]. This is done because
feeding the entire density map into the convolutional neural network would only return a
single label (f8-barrel or not) for the entire density map and our method needs labels for
every voxel. To get around this limitation, we break up the entire density map into patches.

For each voxel in the density map, the electron density values surrounding that voxel is
obtained in order to form the patch. For this method, we used an 9 x 9 x 9 patch size, so
that the voxel of interest is at (5,5,5). For voxels outside of the original dimensions of the
density map, like for the 64 x 64 x 64 box for simulated density maps, the electron density
value is assumed to be 0. Google’s Tensorflow [40] library was used to build and run the
convolutional neural network.

The convolutional neural network, as seen in Figure 4.2, consists of two convolutional
layers, two max-pooling layers, and a single dense layer. The first convolutional layer (CL1)
takes in the 9 x 9 x 9 patch and applies 32 3 x 3 x § filters to the patch using a stride size
of 2. Additionally, this convolutional layer used an eLU activation function [41] and a zero
padding of 1. After CL1, a max-pooling layer (MP1) using 2 x 2 x 2 filters and a stride of
2 was applied to downsample the input. The second convolution layer (CL2) takes in the
resulting 4 x 4 x 4 input and applies 64 8 x 3 x & filters to the input using a stride size of
1. Like the first convolutional layer, a zero padding of 1 was used to maintain the size and

an eLLU activation function was used. Lastly, a max-pooling layer (MP2) is applied to the
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Figure 4.2: Architecture of the Convolutional Neural Network

output of the second convolution layer using a 2 x 2 x 2 filter and a stride size of 2.

The output coming out of the max-pooling layer is then fed into a single dense layer
consisting of 1024 neurons activated using the ReLU activation function. This layer is re-
sponsible for performing classification on the features extracted by the previous layers. The
output of this dense layer is then fed into a Logits layer. Using softmax normalization, the
Logits layer will then attempt to map class probabilities from the dense layer output. These
probabilities will then be used to determine which of two labels (part of a S-barrel and not

part of a S-barrel) is output as the final result.

The convolutional neural network was trained using the Gradient Descent Optimizer
using a learning rate of 0.01. Tensorflow’s sparse softmax cross entropy with logits was used

as the training loss function. The training batch size was 10,000 patches for 1000 epochs.
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Once the patch has gone through the convolutional neural network, the label output by
the CNN is now associated with the voxel at the center of the patch (5,5,5).

4.3 Genetic Algorithm

The purpose of the genetic algorithm is to fit an ideal cylinder to the center of the S-barrel
region within the density map. Once this ideal cylinder is fitted, the ray casting can then be

performed to isolate the S-barrel voxels from within the density map.

4.8.1 Candidate

The candidate used in our genetic algorithm is an ideal cylinder, defined by seven parameters
(1, Y1, 21, T2, Yo, 22, T]. These parameters represent the two points at the center of the two
circles/ends of the cylinder along with the radius of the cylinder. The cylinder is considered
to be hollow and open ended to match [-barrels. The initial set of cylinder candidates is
produced by randomly selecting values for each parameter. For the six coordinate param-
eters, a value is randomly selected but bound by the dimensions of the density map. The

radius parameter is randomly selected between 2 A and 10A.

4.8.2 Selection, Crossover, Mutation

The selection step is performed by first sorting the cylinder candidates by their fitness score.
Afterwards, the top fifty percent of candidates are then selected to be parents for the next
generation. The lowest fifty percent of candidates is discarded. Using these selected cylinder
candidates, crossover is performed by randomly pairing up two selected cylinders together.
Each parent pairing will then produce two children cylinders. For each parameter, one of
the child cylinders will randomly select one of the parent’s parameters and the other child
will select the parameter that was not chosen. This is repeated until the both child cylinders
have a full complement of parameters. For the mutation step, during the creation of each

child cylinder, for each parameter there is a small chance that it will mutate and vary by
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a percentage. The percentage that each parameter will vary by is determined using a non-

uniform mutation strategy.

4.3.3  Fitness Score

The fitness score attempts to define how well the ideal cylinder fits to the S-barrel region.
The fitness score, F, is given by Equation 4.1.

F:Z%+Z(dj)3 (4.1)

The first half of Equation 4.1 attempts to calculate the mean squared distance. N repre-
sents the total number of voxels in the density map and d; is the distance between the voxel
and the cylinder. The second half of Equation 4.1 attempts to calculate a penalty for voxels
being located inside of the [-barrel wall. M represents total number of voxels inside of or
on the S-barrel surface and d; is the distance between any such voxel and the surface of the

cylinder.
4.4 Ray Casting

Once the genetic algorithm has fitted an ideal cylinder to the [-barrel region, ray casting
is done to isolate the voxels associated with the §-barrel. This step is performed because
[B-barrels can vary greatly in shape and no single shape can represent them all. By fitting
a simple ideal cylinder to the [-barrel region and using ray casting to identify the S-barrel
voxels, our method is capable of handling S-barrels of any shape.

The cylinder is split up into evenly divided slices along the long axis of the cylinder.
Within each slice, rays are shot every 1° from the cylinder outwards (See Figure 4.3). The
origin point of each ray is the midpoint between the top and bottom of the slice on the
central axis of the cylinder. The objects in this case is every voxel remaining in the density
map. Because voxels are infintesimally small, the casted rays are given a "thickness” of 0.5

A. The ray will then find the closest voxel to the cylinder slice. This returns a set of voxels
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Figure 4.3: Ray Casting. Red circle represents the fitted cylinder and the yellow lines
represents the rays being casted to find the g-barrel walls.

per slice of the rays that collided with it.

4.4.1  Parallelization

One of the key limitations to ray casting is its relatively high computational cost. The
computational cost of ray casting scales with both number of rays casted along with the
number of objects in the scene. Given that a 64 x 64 x 64 density map contains 262,144
voxels, repeating the ray casting algorithm for thousands of rays will increase the time needed
to execute this method. In our previous work, this was a major bottleneck as the ray casting
portion would dominate the time needed for completion along with limiting the number of
rays that could be casted [20] [21]

Fortunately, the ray casting algorithm is embarrassingly parallel, as the algorithm does
not contain many of the traditional limitations that prevent easy parallelization [42]. Each
ray does not depend on data from any other ray, only the set of objects/voxels and the
direction of the ray. As a result, we decided to parallelize the ray casting such that each ray

would be run on its own thread.
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However, the average CPU contains two to four cores, limiting the number of threads
that can be run in parallel to two or four. Given that we are potentially casting thousands of
rays per density map, this does not seem. As a result of this, we chose to take advantage of
accelerators, such as graphical processing units (GPU), to speed this up even further. GPUs
are designed to run far more, potentially thousands of, threads simultaneously compared
to the average CPU and, as a result, achieve massive speed up for algorithms that can be
parallelized [43].

For this thesis, the C+4 Accelerated Massive Parallelism (AMP) library was used to
offload the ray casting computations onto the GPU [44]. The results of this parallelization
can be seen in Table B.1 and Table B.2 in Appendix B.

4.5 Postprocessing

One limitation that the genetic algorithm has when attempting to fit the cylinder into the
center of the [-barrel region is that the resulting cylinder tends to be of the wrong length.
To account for this, the cylinder can be stretched or shrunk. Starting from the two outer
slices, the ratio of rays colliding with a voxel over the number of rays shot is calculated. If
this ratio is above 0.5, an additional slice is added to that end of the cylinder. Rays are then
casted from this slice to determine the ratio for that slice and this is repeated until a slice
that does not meet the 0.5 ratio is reached.

However, if the ratio is below 0.5, then the slice is removed and the next slice in the
cylinder is checked to see if it meets or exceeds the ratio. This continues until a slice that
has at least a ratio of 0.5 is reached. If no slice reaches a ratio of 0.5, then all of the slices
will have been removed and our method would determine that there is no S-barrel in this
density map.

Additionally, because the [-barrel may not perfectly enclose the cylinder and/or gaps
may form in the §-barrel wall. To take into account rays that may be cast through these
gaps, voxels that are more than two standard deviations (¢) away from the mean distance

between voxels and the cylinder surface are removed from the solution.
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The sets of voxels for each slice are then combined together, giving us the set of voxels
that represent the g-barrel. Unlike attempting to fit an single shape to match [-barrels,
which can vary greatly in shape and size, this allows our method the ability to handle many

different types of S-barrels.

4.6 Metrics

To determine and quantify the detection accuracy of our method, two metrics were used:

the sensitivity and the specificity.

4.6.1 Sensitivity

Sensitivity (Sens) represents the true positive rate, or the ratio of S-barrel a-carbons that
were correctly detected. A sensitivity of 1 would mean that our method was capable of
detecting every single a-carbon that is a part of a S-barrel. The sensitivity for this method

is calculated using Equation 4.2.

# of B barrel o carbons detected
total # of B barrel o carbons

Sensitivity = (4.2)

4.6.2  Specificity

Specificity (Spec) represents the true negative rate, or the ratio of non fg-barrel a-carbons
that were correctly identified. A specificity of 1 would mean that zero non [-barrel a-
carbons were identified as part of a S-barrel. The specificity for this method is calculated

using Equation 4.3.

# of non-B barrel a carbons detected

Specificity =1 — (4.3)

total # of non-B barrel o carbons
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Chapter 5
RESULTS

Using the previously described methods, the results of testing those methods are pre-

sented and discussed in this chapter.
5.1 Experimental Setup

The following results were evaluated using a desktop computer dual-booted Windows 10
and Ubuntu 18.04. The computer contained an Intel i7-4790k CPU, 16 GPU of RAM, and
a nVidia GeForce 980Ti. The convolutional neural network was run using the Python 3.5
branch of the Tensorflow library 1.7 and was performed on the Ubuntu 18.04 partition.
The genetic algorithm and ray casting portions of the method were run on the Windows 10
partition of the desktop computer.

For each density map that was tested, two different versions were tested for. The first test
involved using the convolutional neural network only with no postprocessing. The resulting
labeled output would be checked for detection accuracy directly. The second test was to
utilize both the convolutional neural network and the genetic algorithm/ray casting.

These two tests were done in order to determine the performance of the convolutional
neural network alone and to determine if performing the genetic algorithm and ray casting

on the output improves the detection accuracy.
5.2 Results

In Table 5.1, the average results for both simulated and experimental cryo-EM density maps
are shown for both tests. CNN only presents the results for just using the convolutional

neural network for detection. CNN + GA presents the results using the convolutional neural
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network, genetic algorithm, and ray casting.

Category CNN only CNN + GA

Simulated Sensitvitiy  Specificity | Sensitvitiy — Specificity

Average 0.95 £ 0.02 082 £ 0.04|0.93 £ 0.035 0.90 £ 0.02

Experimental | Sensitvitiy Specificity | Sensitvitiy  Specificity

Average 0.72 £ 0.09 0.66 &= 0.04 | 0.72 £ 0.09 0.79 = 0.05

Table 5.1: Detection Accuracy on Cryo-EM Density Maps (the 95% confidence interval is
shown to the right of each result)

For the complete results for individual density maps, see Table A.1 and Table A.2 in
Appendix A.

5.3 Discussion

The below images of the protein structures and the density maps were created using UCSF’s

Chimera [1].

5.8.1 Simulated Density Maps

From the results shown in Table 5.1, the accuracy for detecting simulated density maps is
generally high. This suggests that for simulated density maps, our method is capable of
accuracy detection of the (-barrel. However, the specificity for the CNN only version of
our method was relatively low. Fortunately, once the genetic algorithm and ray casting was
applied to the output of the convolutional neural network, this specificity increased from 0.82
t0 0.90. Performing a ¢-Test on the specificity results in a p-value of 0.000252, which suggests
that this increase in specificity was statistically significant. On the other hand, this increase

in specificity did result in a small decrease in sensitivity from 0.95 to 0.93. Performing a
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CNN Only CNN + GA

Figure 5.1: Results for Simulated Density Map for protein 1AJZ

t-Test on the sensitivity results in a p-value of 0.00534. This suggests that the decrease is
statistically significant and that the increase in specificity did result in a significant decrease

in sensitivity for simulated density maps.

This suggests that applying the genetic algorithm and ray casting to the output of the
convolutional neural network seems to clean up signficant amounts of misclassified S-barrel
density. This can be seen in Figure 5.1, where the detected [-barrel density (shown in red)
is shown over the full true protein structure (top row) and the actual location of the S-barrel

(bottom row) for both the CNN only run and the CNN + GA run.

In the CNN only run, the upper left and lower right portions of the density map was
misclassified by the convolutional neural network. This is understandable as the local struc-
ture of those areas resemble a flat anti-parallel plane between two strands of the protein,
which is very similar to the (-sheets that make up the walls of S-barrels. Once this output
is fed into the genetic algorithm and ray casting, however, this misclassified density has been
properly removed from the final output. As this misclassified density protrudes from the

actual -barrel, our ray casting method is capable of identifying this density as not part of
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the p-barrel as it does not form a complete ring and removing it from the output. This
results in the more accurately detected [-barrel seen in the CNN + GA portion of Figure
5.1.

5.3.2  FExperimental Density Maps

CNN Only CNN + GA

Figure 5.2: Results for Experimental Density Map 6396 for protein 5A97

However, the results also suggest that our method is not as accurate at predicting the
[-barrel for experimental density maps. The sensitivity for both the CNN only version and
the CNN + GA version was 0.72. Performing a ¢t-Test on the sensitivity results in a p-value
of 0.052. This suggests there is no significant change in the sensitivity between the two
methods. However, as the p-value is very close to the 0.05 threshold, further testing should
be done to confirm this. However, like in the simulated maps, using the CNN + GA version
increased the specificity from 0.66 to 0.79. Performing a t-Test on the specificity results in a
p-value of 0.000032. This suggests that the increase in specificity is statistically significant.

We assumed that due to the similarities between experimental and simulated cryo-EM
density maps, we would only train on the far more numerous and easily obtained simulated

density maps and save experimental density maps for testing. However, the large drop in
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accuracy between experimental and simulated density maps using our method suggest that
this assumption is incorrect.

In Figure 5.2, the results are shown for an experimental density map. The detected
B-barrel density is shown in red and overlain on top of the full true protein structure (top
row) and the actual -barrel location (bottom row).

The additional misclassified density in the upper left portion of the red density map
surrounds a small isolated [-sheet that is not part of the S-barrel. This results in the convo-
lutional neural network labeling that section of the density map and density surrounding it
as part of the S-barrel. When this output is fed into the genetic algorithm and ray casting,
we can see that it removes this misclassified density from the output, thus returning output

that more accurately identifies the -barrel from within the density map.

5.3.8 Additional Observations

As noted earlier, these results suggests that our convolutional neural network is correctly
searching for density that resembles the -sheets that make up [-barrels. However, because
the convolutional neural network is designed to take in only a small portion (a patch) of
the entire density map, it classifies anything that resembles the [-sheet without regard for
whether or not it is actually part of a S-barrel wall or not. Without being any knowledge
of the density map structure outside of the patch, it cannot make the distinction between

isolated (-sheets, like Figure 5.2, and the actual -barrel.
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Chapter 6
CONCLUSION

This thesis has described a method that attempts to perform automatic detection of
[B-barrel secondary structures from within medium resolution cryo-electron microscopy den-
sity maps. The ability to automatically detect S-barrels from within cryo-EM density maps
would greatly help researchers study proteins and aid drug researchers develop drugs that

can better target specific proteins.

6.1 Conclusion

The method discussed in this thesis utilizes a combination of a convolutional neural network,
genetic algorithm, and ray casting to attempt to detect S-barrels from any medium resolution
cryo-EM density map. A convolutional neural network was trained to be able to label any
voxel in the density map as either part of a S-barrel or not when given a small subsection
of the entire density map surround the voxel. Once the density map is labeled, a genetic
algorithm is used to attempt to place an ideal cylinder into the center of the S-barrel region.
Afterwards, ray casting is performed using the cylinder as the reference point to search for
the voxels surrounding the cylinder. This set of voxels is then returned as the detected
[-barrel voxels from within the density map.

The results suggest that our method is capable of accurately detecting [-barrels from
simulated cryo-EM density maps, as these averaged a sensitivity of 0.95 and a specificity
of 0.90. However, our method struggles with detecting -barrels from experimental density
maps, where it averaged a sensitivity of 0.72 and a specificity of 0.79. Additionally, our
results suggest that using the convolutional neural network alone can result in poor specificity.

Fortunately, the combination of the convolutional neural network with the genetic algorithm
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and ray casting can significantly improve the specificity.
6.2 Future Work

As discussed earlier in Chapter 5, expanding the convolutional neural network to be able
to take into account spatial information that isn’t just local to the voxel being labels could
reduce the number of false positives. This could be done by attempting to increase the
patch size to allow the neural network to ”see” farther out. Alternatively, the patch based
convolutional neural network could be replaced by a different architecture/system that can
perform voxel-wise classification of the density map in one go.

Additionally, better and/or improved training of the convolutional neural network along
with optimizations to the convolutional neural network’s architecture could be done to in-
crease accuracy. All of the above improvements could increase the accuracy to the point
where the genetic algorithm and ray casting is no longer necessary and true end-to-end
detection can be performed.

Additionally, the training of the convolutional neural network could be repeated except
including experimental density maps into the training set. This could be explored to see if
it is possible to obtain similar detection accuracy between the simulated and experimental
density maps. Lastly, though the scope of this thesis was focused on the one specific type of
secondary structure, adapting this method to other secondary structures is another potential
direction of research that could be pursued.

Lastly, work should be done to explore how to modify and expand the method discussed
in this thesis to perform automatic detection of other secondary structures, specifically sec-

ondary structures that are geometrically similar to f-barrels.
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Appendix A

COMPLETE RESULTS

Table A.1 presents the results of this thesis for simulated cryo-EM density maps by PDB
ID. Due to the fact that augmentation was performed on the simulated density maps, the
below numbers are averaged between the different augmented density maps as they originated

from the same protein/density map.

Table A.1: Detection Accuracy for Simulated Cryo-EM Density Maps

PDBID | CNNonly | CNN + GA

Sens Spec | Sens Spec

1AJZ_A | 1.00 0.83 | 1.00 0.92
1AL7 A | 094 085 ] 0.90 0.88
1JB3_A | 097 0.82 | 096 0.87
INNX A | 1.00 0.89 | 098 0.93
ITIM A | 099 0.76 | 0.94 0.85
1YOY A | 093 0.69 | 0.93 0.87
2DYI_A | 092 0.84 | 0.87 0.91
2F01_A | 097 085 | 094 0.89
2VDF A | 0.89 0.89 | 0.89 0.92
3GP6_A | 092 083 | 092 0.90
3ULJ_A | 093 0.75 | 0.92 091

Average | 0.95 0.82 | 0.93 0.90




Table A.2 presents the results for experimental cryo-EM density maps by EMDB ID.

Table A.2: Detection Accuracy for Experimental Cryo-EM Density Maps

EMDB ID/Resolution | CNN only | CNN + GA

Sens Spec | Sens Spec

1657 (5.8A) 0.63 0.62 | 0.63 0.80
1780 (5.54) 0.71  0.63 | 0.71 0.73
1849 L (8.25A) 0.62 0.72 | 0.60 0.82
1849 W (8.25A) 0.63 0.65 | 0.62 0.73

2169 (8.1A) 0.79 061 | 0.79 0.71
2605 (5.5A) 0.68 0.64 | 0.68 0.83
5036 (6.7A) 0.80 0.71 | 0.79 0.84
6396 (6.4A) 0.93 0.69 | 0.93 0.87

Average 0.72 0.66 | 0.72 0.79
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Appendix B
GPU PARALLELIZATION PERFORMANCE

Table B.1 and B.2 presents the results of the parallelization using the C+4 Accelerated
Massive Parallelism library compared to the original CPU based implementation.

Original represents the original CPU based set up using OpenMP and eight CPU threads.
GPU represents the results using the C++ AMP library on a nVidia GeForce 980 TI. The

results shown are displayed in seconds.

Table B.1: Parallelization Results for Simulated Cryo-EM Density Maps

PDB ID  Voxels Original GPU

1AJZ_ A 20242 137 36
1AL7 A 26189 184 37
1JB3_A 11808 68 20
INNX_A 6938 49 20
1ITIM_A 16999 127 29
1YOY_ A 25434 196 o6
2DYI A 12879 83 35
2F01 A 8963 65 26
2VDF_A 16051 104 24
3GP6_A 12820 75 37
3ULJ_A 6849 41 18

Average 102.64  30.73




Table B.2: Parallelization Results for Experimental Cryo-EM Density Maps

EMDB ID(Res) Voxels Original GPU

1657 (5.84) 3720 7 2
1780 (5.5A) 4570 11 3
1849 L (8.25A) 2592 4 1.07
1849 W (8.254) 2509 4 1.03
2169 (8.1A) 1800 4 1.10
2605 (5.5A) 867 2 1.08
5036 (6.7A) 3524 8 3
6396 (6.4A) 3051 6 2

Average 5.75 1.77
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