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Abstract

In recent years, the cheminformatics community has seen an increased success with machine
learning-based scoring functions for estimating binding affinities. The prediction of protein-
ligand binding affinities is crucial for drug discovery research. Many physics-based scoring
functions have been developed over the years. Lately, machine learning approaches are
proven to boost the performance of traditional scoring functions. In this study, two scoring
functions were developed; one is based on the Convolutional Neural Networks and the other
one, called DLSCORE, is based on an ensemble of fully connected neural networks. Both
the models were trained on the refined PDBbind (v.2016) dataset using different types of
features. The results obtained from the CNN model was analyzed to show that nearest
neighbor features are better than the distributed features. Moreover, canonically oriented
molecular structures were proved to be better than the randomly oriented structures. The
DLSCORE model which is an ensemble of 10 different networks, yielded a Pearson correla-
tion coefficient of 0.82, a Spearman Rho coefficent of 0.90, Kendall Tau coefficient of 0.74,
an RMSE of 1.15 kcal /mol, and an M AE of 0.86 kcal /mol for the test set, outperforming

two very popular scoring functions.
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Chapter 1

Introduction

1.1 Motivation

Recent years have seen a significant improvement in the field of drug discovery because of
the advancements in computer science, genomics, and medicine. The use of information
technology along with artificial intelligence in the drug discovery field has become critical
over the past years. The use of biochemical high-throughput protein-ligand assays (the
testing of a protein-ligand complex to determine its ingredients and quality) has the ad-
vantage of providing accurate results, however, these methods are usually expensive and
time-consuming. Finding safe and efficient drugs that will be promising in medical treat-
ment is an expensive procedure that takes several years and billions of dollars. Even after
spending that amount of time and money, the failure rate is huge.

A drug discovery project consists of several steps:
e Finding a drug target (the protein that acts as a receptor) and a suitable compound.

e Testing both the compound and the receptor in the laboratory to see if they bind
together.

e Conducting clinical trials to test the effectiveness of the drug.
e Getting the approval and offering the drug to the market.

The most time consuming and expensive step of this process is to find the receptor and
the compound. In the wet-lab it takes years to understand biology and find new biomarker

(protein) for a particular disease, a compound that binds to that protein and have them
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Figure 1.1: The biopharmaceutical research and development process. Source: Pharma-

ceutical Research and Manufacturers of America thtp :/ /phrma.orgP

ready for the clinical trials. This is where cheminformatics has an important role in drug
discovery. Ome scope of cheminformatics focuses on ligand identification and discovery
of potential compound candidates. Furthermore, virtual screening (Section with an
appropriate molecular docking system (Section of potential protein-ligand candidates
helps by not only saving valuable time but also reducing the cost of the research as well.

In drug discovery, it is important to understand the protein-ligand interaction in order
to find novel drugs. There are computational methods available that helps to investigate
the protein-ligand interactions. Molecular docking is one of them. But, the techniques
that are used to predict protein-ligand interactions in the docking programs are not always
reliable.

Recent advent of artificial intelligence and machine learning methods has enabled the

researchers in drug discovery to build more accurate techniques. Now it is possible to predict


 http://phrma.org

not only the protein-ligand interactions but also the other pharmacokinetic properties as

well.

1.2 Basic Concepts

In order to understand the work described here, it is important to understand the termi-

nologies used. Following are the basic concepts of some terminologies.

1.2.1 Protein

Proteins are macro-molecules that consists of a precise sequence of amino acids (Figure
. Amino acids are small molecules composed of an amino group (N Hs), carboxyl group
(COOH), and a hydrogen atom attached to a carbon. There are 20 groups of amino acids
that construct all proteins. Proteins are folded into a three-dimensional structure called
conformation. They are not rigid lumps of material, rather, they can have moving parts

whose mechanical actions are coupled to chemical events. The amino acid chains are flexible

2

Figure 1.2: A protein structure (pdb id: lale)



Figure 1.3: A ligand structure (pdb id: ladk)

1.2.2 Ligand

The term “ligand” refers a small organic molecule that usually binds to a receptor (protein).
It came from the Latin word ligare, meaning “to bind” [4]. Figure shows a ligand

structure.

1.2.3 Protein-Ligand Complex

When a ligand binds to a protein/receptor, the resulting structure is called a protein-ligand
complex.

The ability of a protein to bind selectively and with high affinity to a ligand depends on
the formation of a set of weak, noncovalent bonds, hydrogen bonds, ionic bonds, and Van
der Waals attractions plus favorable hydrophobic interactions. Since the bonds are weak, in
order to have an effective binding interaction, these bonds need to form simultaneously. In
protein-ligand complexes, the surface of the ligand molecule fits very closely to the protein
which enables the ligand to bind to the protein like a hand in a glove [4]

The protein changes its conformation to help the ligand fitting to the binding site.
A successful fitting is possible if the interaction between the protein and the ligand is

strong enough. The interaction is measured by binding affinity which is affected by the



Figure 1.4: A protein-ligand complex (pdb id: 1a0q)

intermolecular forces between the protein and the ligand. Strong intermolecular forces

result in high-affinity protein-ligand binding.

1.2.4 Molecular Docking

Molecular docking is a technique that helps to predict the effective orientation of one

molecule to another when they come close to each other to form a bond and make a stable
complex [29].

Target Ligand Complex

docking
+ >

+ ’g{ﬁ docking

Figure 1.5: Schematic illustration of docking a small molecule ligand (green) to a protein

target (black) producing a stable complex (source: Wikipedia)



The researchers in drug discovery use docking for different purposes. Using virtual

screening of large databases to find desired drug compounds is one of them.

1.2.5 Virtual Screening

In drug discovery, the most popular technique for identifying a new compound is the phys-
ical screening of large libraries of chemicals against a biological target (high-throughput-
screening). The compounds are tested against the target to see if they bind together or
not. An alternative approach is to use a computation technique called Virtual Screening

(VS) to screen large libraries of chemicals [37].

Test predictions !M!i!ﬂl

i s A

Figure 1.6: Virtual screening for new ligands. [37]

There are two types of virtual screening techniques: ligand-based and structure-based.

The scoring functions described in this work are used only for structure-based virtual



screening. This type of virtual screening required docking (see Section of candidate
ligands into a target and apply a scoring function to estimate the probability that the
ligand will bind to the protein. The scoring function computes the probability based on
structure-based calculations and considers the molecular structures of both the protein and
ligand. Nowadays, machine learning models are being used to build such scoring functions

that are fast enough to help perform the virtual screening quicker than before.

1.2.6 Scoring Function

Scoring functions are mathematical methods used to predict the binding affinity between
two molecules after they have been attached to each other. In drug discovery, one of the
molecules is ligand and the second is the target such as a protein/receptor [23].

There are four general classes of scoring functions [3]:

1. Force Field. It uses the sum of Van der Waals interactions and electrostatic interac-

tions between all atoms of the molecules to predict the affinities.

2. Empirical. It counts different types of interactions between the molecules in order
to estimate the affinities. The interactions terms include hydrophobic/hydrophilic
contacts, number of hydrogen bonds, number of rotateable bonds etc. The number of
ligand and protein atoms in contact with each other are counted. Usually, multiple

regression methods are used to fit the scoring functions.

3. Knowledge-based. It estimates the affinities based on the statistical observations of

intermolecular close-contacts in 3D databases.

4. Machine-learning. This are machine-learning-based scoring functions that are trained
to form a functional relationship between the structural features and the binding
affinities. Later, the functions are used to predict the binding affinities of unknown

samples.



Scoring functions are widely used in drug discovery and other molecular modeling ap-

plications that includes:
e Virtual screening (see Section [1.2.5)

e De novo design (design from “scratch”) of novel small molecules that bind to a protein

target [10].

e Lead optimization of screening hits to optimize their affinity and selectivity [26].

1.3 Contributions

The goal of this thesis is to propose two different types of scoring function to predict
protein-ligand binding affinities of protein-ligand complexes. The first one is based on
Convolutional Neural Networks (see Section[3.3)) and the second one is based on an ensemble
of feed-forward neural networks (see Section [3.2).

The contributions of this thesis are summarized as follows:

e An approach to use Convolutional Neural Network is shown to build a scoring function

for predicting protein-ligand binding affinities.

e Two different types of features, nearest neighbor and distributed, are proposed. These

are used to generate voxel descriptors of the protein-ligand complexes..

e A novel ensemble of feed-forward neural networks is proposed. It is found that, using
this type of ensemble to build scoring functions for binding affinity prediction works

better than the other machine learning techniques.

1.4 Outline

Related works are described in Chapter [2J Chapter [3] describes different types of neural

networks. Methodologies along with the results and discussions for both the proposed



scoring functions in this thesis are described in Chapter [] and Chapter [5] respectively.
Finally, Chapter [] has the concluding remarks.



Chapter 2

Related Work

Nowadays, many researchers in both cheminformatics and bioinformatics are using differ-
ent approaches of Al to mimic the experimental biochemical high-throughput results of a
protein-ligand interaction, aiming to evaluate the binding geometries of a putative ligand
with a known protein target. One of the most recurrent approaches for binding affinity
prediction is employing machine learning techniques.

Recent developments in machine-learning based scoring functions are discussed below.

2.1 Scoring Functions Based on “Shallow” Machine
Learning Models

A typical application of generic scoring functions would identify chemical compounds that
would bind to a target protein. Performance of such a scoring function affects the lead
optimization directly which is measured by correlation and error metrics between predicted
and original binding affinities on a test set.

One of the first attempts to build a machine-learning scoring function was by Deng et al.
[14] for scoring protein-ligand interactions. They adopted quantitative structure-activity
relationship (QSAR) approach [13] that considers that the strength of ligand binding is cor-
related with the nature of specific ligand /binding site atoms pairs in a distance-dependent
manner. In this technique, atom pair occurrence and distance-dependent atoms pair fea-
tures are used to generate an interaction score. They used a genetic algorithm-based feature

selection method and obtained the results using a regression model based on Kernel Par-

10



tial Least Squares (K-PLS) [39]. The model was trained on small datasets of 61 and 105
protein-ligand complexes. It was able to accurately predict the binding affinities of some
complexes in the test set. In 2006, Zhang et al. [43] used the k-nearest neighbors algorithm
on a diverse set of 517 X-ray characterized protein-ligand complexes. They used electroneg-
ativities of ligand and protein atom types instead of geometrical properties as features by
mapping every four neighboring atoms to one quadruplet. Their model achieved a coeffi-
cient of determinaion (R?) of 0.83 for the test set. The first use of neural networks (NN)
to build a scoring function was in 2008 by Artemenko [6]. The scoring function includes
a small number of physicohemical descriptors and a large number of quasi-fragmental de-
scriptors. The first group of descriptors is chosen from the following set: (1) the number of
close nonbonded contacts, (2) a score for ‘metal-atom’ interactions, (3) the number of flex-
ible bonds, (4) van der Waals interaction energy, and (5) electrostatic interaction energy.
A training set of 288 ‘protein-ligand’ complexes was used to develop the scoring function.
The best model achieved an average correlation coefficient (R,,) of 0.847 on the test set.

In 2009, a comparative study of 16 widely used scoring functions on the same test set
[12] was done. This benchmark is known as the PDBbind benchmark [8] which provided
an idea of the state-of-the-art scoring functions. X-Score [12] was discovered as the best
scoring function. In 2010, use of Random Forest (RF) was proposed for building machine-
learning scoring functions [§] that achieved a better performance compared to other classical
scoring functions in predicting binding affinities. The RF model, called RF-Score, obtained
a Pearson Correlation Coefficient (R) of 0.776 where other 16 classical scoring functions
shown a lower performance.

Ballester [7] introduced SVR-Score which was trained using the same data and features
as RF-Score [§]. Li et al. [30] also used SVR to model ID-Score. Both these SVR-based
scoring functions outperformed all others except RF-Score on the PDBbind benchmark.
Even though these two scoring functions used very different feature sets, their performance
was similar. B2BScore [31] used a more precise data representation and 131 structure-based

features. SFC-Score [44] outperformed RF-Score which used only 66 features and shown

11



very good performance (R = 0.79) on PDBbind dataset.

After all these studies, it was assumed that more feature improves the prediction per-
formance of scoring functions. In order to verify this assumption, Ballester et al. [9] tested
the impact of the number of features of the protein-ligand complex on the prediction per-
formance and, surprisingly they found that more features do not generally contribute to the
model performance. They reported that binding affinity prediction depends mostly on the
error introduced by the model assumptions, dependence of representation and regression

and conformational heterogeneity in data.

2.2 Deep Learning Based Scoring Functions

Deep Learning (DL) has shown great success in multiple fields, such as computer vision,
speech and image recognition, natural language processing, and now in the development
of potential ligands for novel drug discovery [11], 34]. The salient feature of DL is building
higher-level representations of the data progressively that reduces the need for carefully
hand-crafted features in contrast with the shallow machine learning models that have a
single layer of feature transformation, limiting the modeling and representational power
when applied to more complex data. Working with DL models enables the researchers to
shift their focus from feature engineering to building more efficient model architecture.
One of the first neural-network-based scoring functions was proposed by Jacob Durrant
[16]. The scoring function was known as NNScore that uses inter-molecular interactions
used by AutoDock Vina [40] and BINANA descriptors [16]. It was developed mostly for vir-
tual screening (see Section , a method that identifies the potential drug compounds.
In 2013, Merck posted a machine-learning challenge in drug discovery for predicting differ-
ent properties of compounds. The winner team used a DL network that has an accuracy
improvement of 14% over the Merck’s system. Hsin et al. [19] combined multiple docking
tools and two machine-learning scoring functions to predict the binding affinity of docked

ligand poses. They considered using physicochemical properties of the ligand as additional

12



features along with the intermolecular interactions. The PDBbind v.2007 refined set was
used as the training and test set by splitting (85% and 15% respectively). The combination
of two machine-learning models achieved an average R of 0.82 where RF-Score obtained
and average R of 0.60-0.64 on the same docked poses.

Most recently, Convolutional Neural Networks (CNN) have become very popular in
image recognition and object detection tasks. In 2012, a deep CNN won the ILSVRC
image recognition challenge [28]. After that, CNNs started dominating that competition. It
also got attention from the drug discovery community and has been applied to a number of
different studies [33] 5, 21]. Duvenaud et al. [I7] introduced a convolutional neural network
that operates directly on graphs and allows end-to-end learning of prediction pipelines.
The network generalizes standard molecular feature extraction methods based on circular
fingerprints [36].

Gomes et al. [I8] developed a CNN model for learning atomic-level chemical interac-
tions directly from atomic coordinates and demonstrated its application to structure-based
bioactivity prediction. The model was trained to predict the experimentally determined
binding affinity of protein-ligand complexes by direct calculation of the energies associated
with the complex, given the crystal structure of the protein-ligand complex. They found
that their models either outperform or perform competitively with the cheminformatics
based methods.

Jimenéz et al. [25] used CNN in the development of Kpggpp model and obtained a
Pearson Correlation Coefficient of 0.82, with a Root Mean Squared Error (RM SE) of 1.27
in pKEI units between the predicted affinities and the experimental values [25].

All these studies produced a number of machine-learning based scoring functions that
performed well compared to the cheminformatics based methods. But it is hard to compare
the performances of these machine learning models by looking at the performance metrics

reported in the papers since they were evaluated on different sets/samples. It would be a

'pK = logi1oK, where K is a dissociation constant. The dissociation constant is usually defined for a

simplified reaction equation and, it represents a quantitative measure of the strength of an acid in solution.

13



very good study to benchmark all the models on the same dataset that would allow the

community to have a comparative view at these models.

14



Chapter 3

Neural Networks

3.1 Introduction

Neural networks are a set of learning algorithms designed to recognize patterns. The
recognized patterns are numerical data which can be used to make predictions. When the
data is unlabeled, the pattern is used to find the similar groups among the example inputs
and, if the data is labeled, then it can classify. Neural networks are also used to extract
features from inputs.

Neural Networks map inputs to outputs. If z and y are the input and output of a
function f then a neural network can approximate f after a process of learning.

Following are some of the basic concepts that are necessary to understand the mecha-

nism of neural networks.

3.1.1 Neurons

A neuron is the basic unit of an artificial neural network. For a set of inputs received from
another set of neurons, it computes the output. Each neuron has an associated weight (w)
based on its importance compared to the other neurons. Figure [3.1| shows a neuron that
takes inputs z; and zo and has the weight w; and w, associated with the inputs. There
is another weight b, known as the bias that provides every node with a trainable constant

value in addition to the inputs that the node receives.

15
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Figure 3.1: A Neuron

The output of the node is defined by a function f as below:

Output,y = f(x1 - wy + x2 - wy +b) (3.1)

where x1, x5 are the inputs and b is the bias term. The function f is non-linear and is called
activation function that introduces non-linearity into the output of a neuron. The pur-
pose of using this non-linear function is to let the neurons learn non-linear representations
as most of the real world data is non-linear. There are several activation functions such as
Sigmoid, tanh, ReLU etc.

Sigmoid functions take real-valued input and provide an output that ranges from 0

to 1.
(@) = — (32)
o(x) = .
14e®
tanh converts the input to a value between —1 and 1.
tanh(z) = — (3.3)
anh(r) = —— — .
14 e 2

ReLU stands for Rectified Linear Unit. It takes a real valued input and outputs the

maximum of zero and the input value.

f(z) = max(0, x) (3.4)

16



3.2 Feed-Forward Neural Network

The feed-forward neural network is one of the basic neural network architectures wherein
connections between the nodes do not form a cycle. The information moves in only one
direction, from input nodes to output nodes. It contains multiple neurons/nodes in lay-
ers. The nodes of the adjacent layers are connected by edges. These edges have weights

associated with them.

W, \\NI/ \\\NI/MM/
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s e
\ P g 1 g P

"l»&«\" "l»@\" "l»&«\" "l»&«\"
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\

«'\ \

/AX\\ \

/AX
w,

Figure 3.2: Multi-layer feed-forward network

The nodes in a neural network can be divided into three groups: inputs nodes, hidden
nodes and output nodes. The input layer of a network consists of input nodes that provides
information from outside. No computation are done on the input layer as they are used
only to pass on the information to the next layer. The number of nodes used in the input
layer is equal to the number of features used to represent the input object. Hidden nodes
build the hidden layers. They are called “hidden” as they have no direct connections to
the output nodes. These nodes are used to perform computations and transfer information
from the input nodes to the output nodes. There could be more than one hidden layers
in a neural network. Output nodes are used build the output layers that are responsible

for transferring information from inside of the network to the outside after performing pre-

17



defined calculations. For a classification task, the output layer consists of multiple output
nodes equal to the number of classes. In case of regression task, the output layer has only

one node. Figure [3.2] shows a multi-layer feed-forward-neural network.

3.3 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are different than the feed-forward networks. Like
the feed-forward networks, CNNs consist of neurons that have learnable weights and biases.
They also have a loss function (mean squared error or categorical cross entropy). But the
difference is CNNs assume that the inputs are images. So, the input types are different.
Unlike the inputs for regular neural networks, CNN inputs are generally multi-dimensional.
For examples, RGB images are 3-dimensional matrices (length, width and channels) as
shown in Figure [3.3] Every layer of CNN transforms the 3D input volume to a 3D output
volume. In the figure, the red input layer is the image where the height and width would
be the dimensions of it and the depth would be the channels (red, green and blue).

depth

55555 height
- 50000 ~— 7

OOOOOM width

2

Figure 3.3: CNN architecture

However, the final output could be the same as regular neural networks, a single value
or a list of probabilities of the classes.
Other than the input and the output layer, there could be another type of layers in

between. In most of the cases, they are convolutional layers, activation layers, pooling

1Source: http://cs231n.github.io/convolutional-networks/

18



layers or fully connected layers (usually before the output layer).

Convolutional layer computes the output of neurons that are connected to local regions.
It uses a number of filters to compute different types of spatial features. In that case, the
output of the convolutional layer is still a 3D matrix but the number of channels would be
equal to the number of filters used.

Pooling layers are used to down-sample the matrix along the spatial dimensions. Usu-
ally, it is done by taking the maximum value of a local region or by taking the average value
of that region. The first operation is done in max-pooling layers, and the second operation
is done in average-pooling layers.

Before the output layer, a fully-connected layer or a set of such layers are used to

compute the class score or the overall output value.
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Chapter 4

A Scoring Function Based on

Convolutional Neural Networks

4.1 Introduction

Jimenéz et al. [25] developed a Convolutional Neural Network (CNN) based scoring func-
tion to predict protein-ligand binding affinity. The architecture of the model is inspired by
SqueezeNet [22]. In this thesis work, the model developed by Jimenéz et al. was trained on
several datasets to see what type of features works better in order to predict protein-ligand

binding affinities.

4.2 Materials and Methods

4.2.1 Dataset

The PDBbind dataset (v. 2016) [41] was used to train, validate and test the CNN model.
The dataset is divided into 3 subsets: general, refined and core set. Only the refined set
was used in this study as it has better samples than the general set in terms of quality and
experimental precision of binding measurements. The core set is more diverse and contains

only a few samples, which are not sufficient to train the network. The PDB IDs used in

this study are available in the Appendix [A.]]
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4.2.2 Data Splitting

For this work, the entire refined-set was divided into 3 parts: training, test and, validation.
Using a random sampling method, 80% of the samples are chosen for the training set, 10%

for the test set and the remaining 10% for the validation set.

4.2.3 Feature Selection

Jimenéz et al. [24] proposed a set of descriptors for both proteins and ligands that can be
used to represent the properties of atoms in the protein-ligand complexes. In this study,
a 3D voxel representation of those descriptors for both protein and ligand using Van der
Waals radius (r,q4,) for each atom type was used as the input of the CNN network. The
potential energies computed by the formula |4.1| were assigned to each of the voxels if those

contain atoms and/or are neighbors of atoms that have the following properties:

e Hydrophobic (aliphatic or aromatic C)
e Aromatic (aromatic C)

e Hydrogen bond acceptor (acceptor 1 H-bond or S spherical N; acceptor 2 H-bonds or
S spherical O; acceptor 2 H-bonds S)

e Hydrogen bond donor (donor 1 H-bond or donor S spherical H with either O or N

partner).
e Positive ionizable (Gasteiger positive charge)
e Gasteiger negative charge (Gasteiger negative charge)
e Metallic (Mg, Zn, Mn, Ca, or Fe)

e Excluded volume (All atom type)
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Figure 4.1: Graphical feature representations [24] (a) Hydrophobic, (b) Aromatic, (c) Pos-
itive Ionizable, (d) Hydrogen Bond Acceptor, (e) Hydrogen Bond Donor, (f) Negative
lonizable, (g) Metal, (h) Occupancy
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The descriptor values assigned to the voxels depend on the distances between the centers

of those and the atoms (r) according to equation

n(r) = 1 — exp (— (”:W>12) (4.1)

where n(r) is the atomic potential energy at distance 7, 7,4, is the Van der Waal’s radius.

To account for both the proteins and the ligands in the voxel descriptors, a total of 16
channels were used. The protein-ligand complexes were represented by a subgrid with sides

of 48 A. Each side of the cubic voxels is 2 A long.

4.2.4 Dataset Generation

In total, 12 different datasets were generated using the descriptors mentioned earlier. These

datasets were generated using the following two methods:

Nearest Neighbor Features: For each of the atoms, the descriptor values are assigned

to the nearest voxel. The descriptor values are calculated using Eq. [£.1]

Distributed Features: Unlike assigning all the descriptor values to a single voxel, those
are assigned to the neighboring voxels of the atoms. Including these where the center of
the atom is; a total of 27 voxels were chosen to assign the descriptor values. The assigned
values vary depending on the distances between the voxel centers and the center of the
atoms, according to Eq.

Six different datasets were generated using each of the methods above (a total of 12) as

in Figure [4.2]
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Figure 4.2: Generated datasets

Among these 6 datasets, 3 of them were canonically oriented. That means the protein-
ligand complexes were reoriented to a common structure. A 3D coordinate system was
chosen in such a way that its origin sits in the center of the ligand and the positive x-axis
is directed to where most of the ligand atoms are. The y-axis is perpendicular to the x-axis
but it is directed towards the center of the protein structure. The z-axis is perpendicular
to both the x and y-axis. The coordinates of the proteins and the ligands were transformed
using the new axes system.

Both the original and the canonically oriented dataset were augmented by performing

24 90°-rotation and 32 random rotation of the voxel structures.

4.2.5 Model Architecture

The CNN model (Fig. has 7 building blocks between the initial convolutional layer
and the dense layer at the end.
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input: | (None, 24, 24, 24, 16)
input_2: InputLayer
output: | (None, 24, 24, 24, 16)
Y
input: | (None, 24, 24, 24, 16)
convl: Conv3D
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(None, 12, 12, 12, 16)
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(None, 12, 12, 12, 256)

Figure 4.3: CNN model architecture (part 1/3)
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input: | (None, 12, 12, 12, 256)
maxpool_4: MaxPooling3D
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Figure 4.4: CNN model architecture (part 2/3)
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input: (None, 5, 5, 5, 384)
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output: | (None, 2, 2,

input: (None, 2, 2, 2, 512)

output: (None, 4096)

flatten: Flatten

Y
input: | (None, 4096)

dense_2: Dense
output: (None, 1)

Figure 4.5: CNN model architecture (part 3/3)

Each of these building blocks has a “squeeze” layer that consists of a convolutional layer,
an expansion layer consisting of two convolutional layers and a concatenation layer that
merges the expansion layers back together. There is a max pooling layer followed by the
third building block and an average-pooling layer followed by the last building block. The
output layer is the only dense layer of the model. The total number of learnable parameters
of the model add up to 1,340,769. Adam optimizer was used for optimizing the model and

Glorot uniform weight initialization method was used to initialize the layers.

Implementation

The model was implemented using Keras [I]. The ODDT toolkit [42] and rdkit [2] were

used to read the PDBbind files and molecular manipulations. Training and testing were
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carried out using two machines (chanti00.utep.edu and chantiOl.utep.edu). Each of the
machines have two Intel(R) Xeon(R) CPU E5-2680 v4 @ 2.40 GHz processors, 128 GB of
RAM and 8 GeForce GTX 1080Ti GPUs.

4.3 Results and Discussions

The model was trained on 12 datasets in 12 different training sessions. Each training was
carried out for 100 epochs with a learning rate of 1074, While training, the model weights
were saved only when a better validation performance was achieved. Figure [4.6/and Figure
[4.7] shows the training and the validation loss curves for both the nearest neighbor features
and distributed features respectively.

Even though the training was done for 100 epochs on each of the datasets, the model
achieved its best performances on the validation set within first few epochs in most of
the cases. As shown in the Figure [4.6a] the validation performance on the original (with-
out augmentation) nearest neighbor features was saturated during the early stages of the
training and did not show any further improvements. In fact, the validation performance
on the augmented dataset (90° rotated) was decreasing with more training (Figure .
A similar pattern was observed when the model was trained on the canonically oriented
dataset except for the one which was randomly rotated (Figure . For this dataset, it
took a considerable amount of time to have the loss saturated.

For the distributed features, a similar pattern in the loss curves was observed; the
training loss was decreasing but the validation loss was saturated during the early stages
of the training. Moreover, a rough pattern was observed in the validation loss curves.
Choosing a tiny batch size is the reason for having such patterns. The model’s performance

on the training and the test set is documented in Table [4.1]
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Figure 4.6: Training and validation losses when trained with nearest neighbor features.
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Figure 4.7: Training and validation losses when trained with distributed features.

According to the results on the test set, it can be claimed that the nearest neighbor

features were better than the distributed features. The values of R? were better in case of

30



nearest neighbor features except for the samples that were rotated by 90°. In those cases,
distributed features showed better results.

Furthermore, canonically oriented nearest neighbor features improved the results. A
similar scenario was observed when the distributed features were used except when the
structures were augmented by 90°-rotation. So in general, the canonical orientation of
the complex structure helped the model predict better. This behavior could be explained
by assuming that the model always learned a “common” structure (because of canonical
orientation of the complexes) of protein and ligand where the ligand structure is always
along the x-axis and the protein is somewhat aligned with the y-axis. The model also made

the predictions on similarly oriented samples.

Table 4.1: Pearson correlation coefficients achieved by the model on the training and the

test set for different datasets.

Performance (R?) on the | Performance (R?) on the
Datasets

Nearest Neighbor Features | distributed features

Training set | Test set Training set | Test set
Original (no augmentation) | 0.49 0.31 0.30 0.21
90-degree rotated 0.45 0.31 0.46 0.40
Randomly Rotated 0.59 0.43 0.35 0.29
Canonically oriented 0.42 0.30 0.25 0.21
Canonically oriented

0.32 0.30 0.34 0.32
and 90-degree rotated
Canonically oriented

0.40 0.46 0.35 0.31
and randomly rotated

The results shown here provides a comparative view of two different types of feature
extraction methods and, also provides an evidence that canonical orientation of the protein-

ligand complex helps CNN to make better predictions. Unfortunately, the overall prediction

31



performance of the model was not satisfactory and there are some strong reasons behind it.
First of all, CNN models are very good at image classification and object detection tasks.
Training a CNN model on images is easier than training it on the voxel descriptors. An
image is a 3D matrix (length, width, number of channels), which becomes 4D for a batch.
On the other side, a voxel descriptor is a 4D object (length, width, height, number of
voxel features) that becomes a 5D matrix for a batch. The extra dimension of the training
samples makes the learning of the model much harder compared to when it learns from
images.

Second, the voxel representations of protein-ligand complexes are usually sparse. For
example, the training samples used for this study were more than 99% sparse, which has
a negative effect on the model’s performance. If most of the neurons of a model are zeros,
then it becomes hard for the model to learn and predict the samples. Sparsity occurs in
the voxel descriptors mainly because of two reasons. First, the protein-ligand complexes
are irregularly shaped. Since the model used here is not a fully convolutional network (a
CNN with only convolutional layers), the input shape needs to be the same. In order to
do that, smaller voxel descriptors were padded with zeros which increased the sparsity.
Second, there is a considerable amount of atoms in each protein-ligand structure that do

not have all the attributes, and that resulted in having a lot of zeros in the inputs.

4.4 Concluding Remarks

Using CNNs as scoring functions to predict protein-ligand binding affinities is still a daunt-
ing task as the network needs to deal with very sparse inputs and added dimensions. Rather
than building a new CNN model, this study compared the performances of the model on
different feature types. It was shown that canonically oriented features help the model
learn better. It was also shown that nearest neighbor features are better than distributed
features. A future work on the network architecture would probably be done to increase

the performance of the model.
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Chapter 5

DLSCORE — A Scoring Function

Based on Feed-Forward Networks

5.1 Introduction

The previous chapter described an attempt to use a Convolutional Neural Network as a
scoring function to predict protein-ligand binding affinities. Since the performance of the
model was not promising, another study was done to investigate the performance of an
ensemble of feed-forward neural networks as a scoring function. This chapter describes the

method of building such an ensemble of networks, called DLSCORE.

5.2 Materials and Methods

5.2.1 Dataset

This study used the same PDBbind (v. 2016) dataset that was used to train the CNN
model. One of its subsets, the refined set was used due to its high-quality data obtained

after applying different filters regarding its binding features and resolution [35] 27].

5.2.2 Protein-Ligand Preparation

The protein-ligand complexes were downloaded from the PDBbind website and then con-
verted from .pdb to a .pdbgt format, which contains additional properties of the complex,

such as partial charges, and atom types. This conversion was necessary in order to obtain
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the BINding ANAlyzer (BINANA) features [15] that were used to train DLSCORE.

5.2.3 Intermolecular Features (descriptors)

The BINANA algorithm [15] was implemented in NNScore 2.0 [I6] in order to characterize
the binding of ligand-receptor complexes and extract the features. These descriptors are
used as the input in the DLSCORE model. BINANA identifies ligand and protein atoms
within a distance of 2.5 A - 4.0 A between them, as well as electrostatic interactions,
binding pocket flexibility, hydrogen bonds, salt bridges, rotatable bonds, 7 interactions,

among others [I5]. A total of 348 features were considered for each protein-ligand complex.

5.2.4 Model Architecture

For the DLSCORE model, only the fully-connected layers were used to build a set of feed-
forward neural networks. The networks in the model consist of multiple hidden layers with
a different number of neurons. Each hidden layer has a weight matrix (/) with a dimension
ruled by the input size and the number of neurons in that layer. The size of the output
layer is 1 since DLSCORE predicts a value.

Each protein-ligand complex is represented by a feature vector (f = f1, fo, f3... fn) of
size 348. The input layer takes the feature vector, performs a matrix multiplication with
the weight matrix (1W7) and then it propagates the information after applying a non-linear
activation function (Rectified Linear Unit (ReLU) [32] in this case) to it. The next hidden
layer takes these values and performs the same operation before propagating these values to
the next layer. It is worth to mention that the probability of each of the neurons information
to be propagated depends on the dropout probability [38]. Here, the dropout probability
was 20% for the input layer and 50% for the hidden layers. The network architecture can

be expressed mathematically as follows:
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hi = ReLU(z - Wy + by)
hg == ReLU(h1 . W2 + bg)

h3 = ReLU(h2 . W3 + bg) (5 1)

hy = ReLU (hp_1 - Wy, + by,)

where h; ... h, are the hidden layers, z is the input, Wy ... W, are the weights and b; ... b,
are the biases for each of the corresponding hidden layers.

To find out the optimum number of fully connected hidden layers and the number of
neurons in each of the layers, a set of {128, 256, 512, 768, 1024, 2048} was considered.
By taking all possible combination and permutation, there were 55,986 different neural

networks. All these neural networks were trained using the following parameters:

Table 5.1: Training parameters

Optimization Adam
Learning rate 0.001
Loss function Mean Squared Error

Activation function | ReLU [32]

Dropout rate 20% (input layer), 50% (hidden layers)

DLSCORE model is not a single neural network, instead, it is an ensemble of multiple
“good” performing networks. Since each network may capture different features, they
might be performing better for some protein-ligand complexes but not for the others since
there are a variety of conformations available in the database. So, in order to have a
consistent result, it was better to use the predictions from multiple networks and take

the ensemble average. Therefore, after training the networks, they were ranked according
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to their performances on the validation set (see section [5.4) and only the top performing

networks were chosen for the ensemble.

5.3 Evaluation metrics

The networks were evaluated using statistical metrics, including, mean square error (MSE),
mean absolute error (MAE), root mean squared error (RMSE), Pearson (R), Spearman rho
(p) and Kendall Tau (7) correlation coefficients. The mathematical formulae for the metrics

are given below:
n

1
MSE = i Z(yz — ) (5.2)
j=1
1< .
MAE = EZL%—?M (5.3)
j=1
1 X
RMSE =, |~ >y —4;)? (5.4)
j=1

Zj (25— 2)(y; — )

\/Z; () — \/Z] (Y5 —

where y; and ¢; represent the experimental and the predicted binding affinity, respectively.

_ 6> d
p—l—m (5.6)

(5.5)

where d; is the rank difference for the i-th sample and n is the sample size.

C-D

T C+D (5.7)

where C' is the number of concordant points and D is the number of discordant points.
The MAE measures the average magnitude of the errors in their binding affinity pre-

dictions, while the RM S E measures the ability of DLSCORE to properly identify a small

prediction range of the predicted vs the experimental values. A confidence limit of 1-2

kcal /mol was chosen to test the scoring functions overall performance.
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5.4 Results and Discussions

Initially, the DLSCORE was trained with a total of 3,191 protein-ligand complexes using
molecular BINANA descriptors [I5]. During the training, a 10-fold cross-validation was
performed in order to obtain unbiased results.

The best 100 networks were chosen based on the performance on the validation set while
training. The second step was to adjust the other training parameters like the dropout rate,
learning rate, L1 — L2 regularization, etc. However, no noticeable difference was observed
in the overall performance of these 100 networks while tuning these parameters. Therefore,

The initial configuration of these networks was preserved.
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Figure 5.1: Plots displaying the statistical values of DLSCORE as a function of the number
of networks. The first plot (above) shows the correlation coefficient values of Spearman,
Pearson, and Kendall. The second plot (below) shows the RMSE and MAFE values in

terms of kcal /mol
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Since getting a prediction from an ensemble of 100 networks is time-consuming, ensem-
bles of different sizes were analyzed to come up with a smaller ensemble that would show an
optimum performance. The comparative statistics (Pearson, Spearman, Kendall, RMSE,
and M AE) for different size of ensembles (Fig. was done and it was noticed that the
optimal performance (highest correlation coefficients and lowest RM SE and M AFE) is pos-
sible with the top 10 networks. Moreover, choosing this subset of networks over a hundred
resulted in 10x speedup of the program. Based on the Pearson correlation coefficient, the
default number of networks for the model was chosen to be 10.

When the test set was evaluated using DLSCORE, NNScore 2.0, and Vina, it was
observed that DLSCORE outperformed NNScore 2.0 and Vina (Table 5.2 Fig. [5.2)).

Table 5.2: Main statistics of binding affinity predictions of DLSCORE, NNScore 2.0 and

Vina after testing it with 300 refined protein-ligand complexes.

Statistical value DLSCORE | NNScore 2.0 | Vina
N (sample size) 300 300 300

RMSE (kcal/mol) 1.15 2.78 3.17
MAE (kcal/mol) 0.86 2.03 2.50
Max possible correlation 0.98 0.98 0.98
Pearson Correlation Coefficient | 0.82 0.21 0.15
Spearman rho 0.90 0.47 0.39
Kendall tau 0.74 0.33 0.27

When compared the three scoring functions (DLSCORE, NNScore 2.0, and Vina) with
PDBbind (v.2016) refined set, DLSCORE had the optimal performance, getting the closest
values to the experimental data (Fig. in terms of AG (The change in free energy
in a chemical reaction) values. Vina obtained 88 protein-ligand complexes (29.33% of the
total data) with a difference less than 1 kcal/mol of the experimental values, 52 data

points (17.33%) within 1-2 kcal/mol boundaries, and 160 (53.34%) were greater than 2
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Figure 5.2: Graphs showing the predicted values within 1 kcal/mol (dotted line) and 2
kcal/mol (solid line) range. Green dots represent a predicted score less than 1 kcal/mol
away from the experimental value. Yellow dots represent a predicted score between 1

kcal/mol and 2 kcal/mol of the experimental value. Red dots represent a predicted score

greater than 2 kcal/mol away from the experimental value.
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Figure 5.3: Graphs showing the absolute difference between the predicted and the ex-
perimental values in terms of AG (kcal/mol) given three scoring functions (DLSCORE,
NNScore 2.0 and Vina). Figure displays the density plot behavior. Figure shows

the skewness, variability and normality in a side by side box-plot representation.

kcal/mol. NNScore 2.0 got 114 values (38%) less than 1 kcal/mol, 71 (23.67%) between 1-
2 kcal /mol and 115 (38.33%) were higher than 2 kcal/mol. On the other hand, DLSCORE
outperformed the other scoring functions, where 203 data points (67.67% of the total data)
were less than 1 kcal/mol away from the experimental values, 71 (23.67%) were within 1-2
kcal/mol, and the 26 (8.66%) remaining were found outside the 2 kcal/mol boundaries.
Moreover, DLSCORE appears to have less variability, but a bigger number of outliers
(Fig [5.3b]), while NNScore 2.0 showed a greater standard deviation, but fewer outliers.
Likewise, Vina displays slightly similar variability with NNScore 2.0, but fewer outliers.
Both NNScore 2.0 and Vina have a max value of approximately 10.17 kcal/mol and 10.36
kcal /mol (respectively) between the predicted and experimental values, while DLSCORE

has a max value of 4.43 kcal/mol.
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5.5 Concluding Remarks

DLSCORE has proven to be a suitable ensemble of neural networks for making better
predictions of binding affinities of crystalized structures, outperforming NNScore 2.0 and
Autodock Vina. Furthermore, DLSCORE has proven to show more consistency in its
results. The key reason behind its success is using an ensemble of neural networks where the
network architectures are different from each other, enabling those to learn the randomness
of the atomic properties in the molecular structure. Taking an average of the outputs
from 10 different neural networks helped DLSCORE to provide an output that is similar
to the experimental value. So, DLSCORE is a simple (less complicated neural network

architecture) yet more accurate scoring function compared to other popular ones.
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Chapter 6

Conclusions and Future Work

6.1 Concluding Remarks

This thesis work described the methods of using Convolutional Neural Networks (CNNs)
and feed-forward neural networks in order to build scoring functions for predicting protein-
ligand binding affinities. A comparative result was shown for the CNN model that was
trained with different types of features. It was observed that the nearest neighbor features
were better than the distributed features when they were used to train a CNN model. The
results were further improved by reorienting the molecular structures using a canonical
transformation.

The ensemble of neural networks, DLSCORE, performed reasonably well in predicting
binding affinities. In fact, it outperformed two popular scoring functions NNScore 2.0
and Vina. This study concludes that feed-forward networks are capable enough to predict

binding affinities when used an ensemble of those are used.

6.2 Future Work

In future, following experiments can be carried out for further improvement of the scoring

functions.

e The CNN model used in this study was borrowed from Gomes et al. [18]. But the
feature extraction methods were different than theirs. It would be interesting to see
if a CNN model with a completely different network architecture trained on these

features could make better predictions.
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e In order to improve the performance of DLSCORE, the ensemble needs to be more
diverse in identifying the molecular structures. The rank-score characteristic function

[20] can be used to select more diverse networks for the ensemble.

e PDBbind refined set was used to train and test the models. There is another dataset,
called DUD-E (http://dude.docking.org/) which is very large and diverse. It would
be interesting to see if the models can make better predictions when trained with a

subset of the DUD-E dataset.

A scoring function is a small part of the virtual screening process in drug discovery.
Those can be used for de novo (starting from the scratch) design of drug molecules as well.
The scoring functions developed in this work will be used to produce novel drug compounds

in the future.
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Appendix A

A.1 PDB IDs (PDBBind-2016)

A.1.1 Training and Validation set

4cwo,
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3iub, 3g2z, 4m8x, 1bqg4, 3t84, 1nlm, lyvm, 3ccz, 4h81, 2v88, 3s75, 3iss, 4bt4,
31ldq, 3zlr, 3t82, 3ao2, 2hnx, lypj, 4gj3, 3qwb, 1lgbs, 3ppr, 3v4t, 3glw, 3o0ld,
4k70, 1lcet, 20xx, 4nbk, 1bn4, 5dlr, 4abf, 3kbv, 4dy6, 3ccw, 1tkb, 1y3p, 2quf,
3ai8, 3ckb, 1h22, 2qpu, 2wk6, 3k00, 1bzc, 3pyy, loar, 2zkj, 4rdn, 4e7r, 1sdv,
3£78, 3fqe, 1ndw, 1if8, 4ufm, lusn, 4jyt, 4j48, lqan, 3tt4, 4nja, 2r2w, 308p,
4q7v, 3o0il, 4gly, 3zv7, 3m37, 1lsw2, 3zso, leb2, 3elc, 1lhbv, 1ppk, 3hkt, 1lduv,
1t5f, lale, 4rr6, 1hsl, 1v01l, 3hzk, 1d3d, 3ttp, 3kek, 1ltcx, 1cbs, 1c4u, 3hkn,
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4np9, 3zhx, 4zb8, 4o0c0, 4hwo, 2ceq, 4jne, 3fbk, 1jvu, 1bb52, 4fev, 3arp, 2j95,
2iko, 1pkx, 4en4, 3kyq, 411j, 2csn, 2xii, 3pww, 2vwl, 2e2r, 2pov, 3r7o, 2ihj,
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4eoh, 4m2u, 3m35, 4qgsv, 4u73, 2gh9, 4dbm, 1lhpx, 3ub5j, 4deu, 3fed, 4tkh, lelc,
lcny, 4h7q, 3m3c, 2cbv, 3gld, lgar, 41lch, 3wz7, 1fh9, 3mhi, 2j47, 1rpj, 2rfh,
1919, 4lzr, 4np2, 4mO0f, 3cs7, 4cj4, 4efk, 4ef6, 4ad2, loif, 4m2w, 3aid, 4arw,
2xej, 1ltnh, 3mhl, 3f6g, 4uye, 1s39, lenu, 2dri, 3rf4, 1tjp, bSer2, 3qgxb, 4ty6,
4uoh, 4daf, 1zoh, 4bcn, 3su4, 1k21, lony, 314z, 4a6b, 4hj2, 3a20, 1b61l, 4z93,
2vb7, 1f4f, 1hi4, 1fkh, 1d9i, 4bs0, 1iiq, 3pgl, 4lov, 4bco, 1y0l, 3cct, 1le3g,
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4myd,
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3b26,
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4nwc,
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204r,
3ao4,
3vbt,
1xt8,
1bty,
1dif,
3lgs,
2zda,
4qfn,
3c39,
1msm,
1br6,
2pwc,
2qrl,
1xr9,
1lua4d,
4ih7,
1dmp,

1clv,

4b73,
4k55,
1183,
logg,
419y,
2pul,
3pcg,
3dri,
3eqr,
2vot,
lyet,
4io4,
5f14,
3gi4,
2gm9,
2041,
5dgw,
1mbw,
3ryv,
4keq,
dewn,
43h0,
3qfd,
3d4y,
4djx,
2zwz,
1dgn,
4ymh,

4b9k,
4abd,
4tjz,
3dzt,
3ikg,
3ril6,
3bvb,
3s8n,
3vjc,
1fzj,
44dv8,
304k,
2brb,
3e3c,
3ffp,
4q7w,
1k9s,
3q6w,
2hkf,
4avh,
4j21,
1ndy,
1£f5k,
4y8x,
3c2f,
2wmO,
2uyf,
3isj,

1qf2, 4mOr, 4or6,
3ozt, 3suw, b5abq,
3tif, 5cbm, 4ygf,
3s78, 4gzt, 1lyx,
2qnn, 4dhl, 5e2p,
1t32, 4xel, 3milk,
3jzh, 3umq, 4f6w,
3hku, 2xj1, 1thz,
2usn, 4zx0, 1luou,
3131, 3i6o, 2ghz,
3dx1, 3rr4, 3ozj,
1hib, 3sr4, 1lodi,
102w, 1lbwa, 3wz8,
Sacy, 3suu, ligb,
4ymg, 3s81, 4dkr,
3fat, 2uy4, 3d7k,
4p3h, 1b8o, 3r24,
4cwt, 4qfl, 2d3u,
3v2q, 4nh8, 4xbz,
3zns, 2fqy, 3kjd,
4b5d, 3juo, 1f0s,
4bt3, 1a9m, 2blg,
3kr4, 204j, 1xq0,
1nbr, 1ppi, 4gzw,
4i3z, 1mOb, 4jkw,
3nu9, 1llgw, 4jyc,
3qxt, 4f7v, bcbs,
5cap, 1wl3, 4lzs,
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2xab, 1gxk,
1zea, 2yaz,
2zdl, 3mz6,
lhxw, 4bah,
1sdt, 1tmn,
1rlj, 3hix,
3zq9, 2v2q,
immqg, 3vhd,
3ed0, 1a69,
2cle, 3sub,
1fh8, 2ayr,
4nbl, 1zc9,
3a05, 3ekr,
4xip, 3nub,
3zi8, 4abb,
1g45, 4kiu,
5bry, 3fv2,
966c, 1syi,
2zfs, 4ovh,
4omj, 4clj,
lajx, 414z,
3m36, 2e9u,
1972, 3ejp,
3vtr, 4mr6,
4gr8, 3jvr,
4ejl, 2pbw,
2xxx, lew8,

31pl, 4j45,

3gs6,
3st5,
3g01,
4yes,
4z84,
4ih6,
314y,
depy,
1yfz,
4w91i,
5aba,
lgaf,
4qgxo,
198t,
4347,
4omk,
2aoe,
4kp8,
2a8g,
4tun,
lvzq,
2reg,
befc,
2pk6,
2wed,
4alx,
4unp,

4drww,

2alb,
3sug,
4pin,
4ab9,
diije,
4005,
3dk1,
2p15,
3suf,
1pxo,
4bch,
3th9,
4d4d,
3rm9,

2f7o,
4tz2,
1xpz,
2x00,
4abh,
102z,
4yo8,
1g7v,
3ebp,
2p4j,
31p7,
1t7d,

4ipn,



3pel,
3fla,
3rz7,
3ms9,
3ueu,
3vhk,
4ive,
3vw2,
3kmx ,
10gs,
begm,
2rly,
2p31i,
1jgl,
1x8d,
3o0e4,
1h2k,
2v2c,
4zeb,
2pvk,
4qf7,
4hzm,
3alt,
3rul,
2fqo,
3lvw,
3tz0,

1pfu,

2pu2,
4gid,
4rd6,
3ekt,
4rqk,
2h15,
3ffg,
2w8w,
2vwn,
100n,
4ynl,
1d71,
4gub,
4kzu,
5tmp,
2j34,
1qlg,
4f12,
3r6u,
1h46,
3b7j,
3qlm,
3cda,
3bva,
2p7a,
1d41i,
2ubg,
1uv6,

5f16,
1ndk,
3s43,
3k4d,
4i71,
2bt9,
4az6,
1bdq,
3oaf,
2exm,
3vgg,
2adm,
4g8v,
4qge,
1nm6,
1ik4,
4bup,
2p4s,
3gl19,
2jh5,
lohr,
luml,
1d2e,
2xp7,
4135,
3m3z,
2xb7,

3zsy,

lppl,
1b8y,
4psb,
3pb7,
1841,
4ajl,
2xc4,
2qgbr,
4iic,
1fkf,
4ndu,
locq,
1£f0u,
3fcq,
dezr,
4elh,
4x6n,
3d6p,
1rr6,
4yhs,
4aqb,
1xh9,
3fhb,
31lka,
3iob,
1036,
lelx,

4q0k,

4pop, 1k27, 1mfa,
3v2p, 1lqaw, 4ibc,
laj7, 1gai, 2yioO,
4b7p, 1k4g, 3fl5,
2wc4, 3u81, 2qtg,
Bdwr, 2zcs, 3tzm,
2gbp, 1fcz, 4m2r,
lobg, bboj, 1cbp,
3uug, 3nee, 4qpd,
4gkm, 3b67, 2zbl,
3bkl, 2hnc, 1pro,
41oh, 3pnl, 2pog,
314x, 5afv, lavn,
4msa, 4agh, 4c9x,
2jjb, 2xjj, 3rbt,
41ko, 4q08, 4q7p,
2r58, 1qbn, 1td7,
1cbx, 2euk, 2w8j,
2y7x, 3sjf, 4hpi,
3ge7, 3uod, 3hmp,
1sv3, 1xug, 1lo2n,
4b6p, 1lwsl, 2xmy,
41m2, 1c84, 41mO,
3daz, 2ygf, 3vbp,
3d4z, 1cby, 1grg,
40zj, 3t8v, 3rbu,
2vkm, lebw, 2cf8,
3n35, 2zyl, 2pb3,
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3gba, 1gjc, 4zvi, 3kmy,
39x9, 1mlb, 4ek9, 3h89,
3hww, 4w90, 4mc6, 2v3d,
2zxd, 1r91, 2fmb, 2r0z,
3dne, 3mi3, 2qdt, 4tsi,
3twp, 2clh, 3wjw, 2hzy,
1bxr, 1sbl, 4f39, 5am6,
4kif, 3mss, 3zyu, logx,
4elg, 4ks4, 4k3n, 4att,
1gx8, 2v2v, 1sbg, 2web,
1m2x, 1y6r, 2vuk, 4mo4,
1d7j, 4yml, 3w9r, 4iob,
3ts4, 2wédx, 3dx2, 3dp9,
2uy0, 4dew, 1fki, 2vrj,
2pdy, 3s77, 400b, 3el9,
3ppq, 4qlw, ljao, 1pbq,
1nfx, 3cyw, 3d7z, 1nvs,
1g48, 1fpc, 4dkp, 1fkn,
4xul, 4elk, 3mhc, 4fai,
4m7j, 4dq2, 3cd7, 4eb8,
2qd7, 1laf, 2vc9, 1hk4,
lfcy, 3zdv, 2z94, 1v2n,
3i4b, 3b24, 1h6h, 1ljaq,
4e6d, 2bvd, 1nvq, 4zei,
3ebh, 4m14, 3bv9, 2wlz,
4nuc, 5cau, 3d50, 3vf7,
1stc, 4n6z, 4cws, 1pln,
1kjr, 3rfb, 2pl6, 4b2i,

4jfm,
3mof,
1plo,
2wjg,
204s,
ihis,
4cab,
3iww,
4eid,
3p3r,
dyiv,
2qtn,
1cht,
1chx,
4n8q,
2afx,
1o2r,
2xm1,
3spf,
4x6m,
1jcx,
4dsy,
11i2,
2033,
2zx8,
4ij1,
1x38,
3tfp,

11pg,
1g21,
4ykj,
4xy8,
4hws,
4azc,
2jkh,
4io03,
31ljo,
2vwce,
3rdm,
3mdz,
4cs9,
4ish,
3fee,
4yth,
4erl,
4h42,
4knm,
2zdm,
3tza,
4na9,
2hjb,
4mgd,
305x%,
3t0x,
456¢,

4ruy,



2yel, 1bjv,
1g85, 2wca,
2r75, 4zji,
1f4g, 1sln,
2wer, 1ghy,
1m2p, 3s8o,
lhvi, 1txr,
4ad6, 1fao,
5am7, 3v78,
2pcp, 3str,
4oma, 2ybh,
3f70, 2jds,
2cbj, 3own,
1ghc, 2al4,
4r4c, 3mhw,
3veh, 1z6s,
lkui, laaq,
1gi4, 4bks,
1hvl, 4f9w,
2aog, 3p8z,
41kk, 3s9e,
2xxt, 2yi7,
1984, 3eax,
2bza, 3tk2,
1hpb5, 1qin,
2zc9, 1nw7,
2nnd, 1zp8,
2bak, 4llp,

4fzj, 3nox,
3vrx, 118g,
3f7h, 3hfb,
Infy, 1lec3,
3pd9, 1zs0,
41kq, 4b9z,
ljak, 4j31,
2wzs, 4kb9,
2ylc, 1hps,
3gch, 3d8z,
2qe4, 4qpl,
3cj2, 1v2t,
2vT7a, 498y,
4hdb, 1nja,
4k7n, 1z9y,
3uwb, 4hym,
2pwr, 2q8h,
2e2p, 4kqp,
1km3, 2zxg,
411k, 2xog,
4r5t, 1hbv,
4eul, 2qrk,
4rd0, 1wbx,
Saut, 3djp,
4cps, 4des,
1gno, 1kl11,
4ayu, ligj,
4do4, 3n2u,

2b7d,
3ejq,
2x7t,
2rbp,
1gbt,
4qgd,
lowh,
1flr,
3sww,
4cpw,
3gr2,
lwvj,
1z1h,
3hit,
2vk2,
2r9x,
31k8,
5bs4,
1bju,
4cig,
2fqt,
3alc,
3lpp,
20gy
2gst,
2hb3,
3n76,
2z1w,

2ax9,
4gr3,
1bnw,
1nki,
4iva,
2isw,
4rit,
1k6t,
2h3e,
3p2e,
2yxj,
dowv,
2xht,
29g0,
3gc4,
314w,
1to4,
1c83,
313m,
3tfu,
3wtn,
1vim,
2131,
3pn4,
3qkd,
3f8c,
3rt8,
4fby,

le5j,
3iqu,
1£8c,
4qfp,
3h30,
2bys,
1ghv,
3n86,
1wOu,
4k5p,
4bcm,
1nwl,
2evl,
1cbn,
5d21,
int1,
3nsn,
4djy,
4wb2,
3fj7,
3acx,
2ypi,
3b66,
3ipq,
4o0ak,
1p19,
4eo08,
imfi,
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1m2q,
1y6q,
dcwr,
2bfr,
29bq,
3zcl,
4f3c,
3mér,
3ove,
4ua8,
3eby,
2ez7,
3upk,
4b3c,
2cht,
ltng,
4efs,
2h4dk,
4r76,
3ekx,
4k0o0,
4tu4,
3s45,
3ulo0,
3re4d,
4hf4,
lpyn,
3tal,

2flr,
3k4q,
befa,
1syh,
4pnu,
3psi,
3099,
3bqc,
4xmb,
3gst,
3uxk,
lutn,
2r9w,
2xj2,
2buv,
1kc7,
lhsh,
5e8f,
2zft,
1lulb,
2i0a,
2cgr,
4db7,
1bnqg,
2qzr,
4n31,
1hxDb,

1moq,

4agp,
4jeT,
3ikd,
4cga,
lebs,
7std,
4ahs,
4rdi,
3fql,
3cyx,
3sut,
4aj4,
4cgi,
3ckp,
4dzwz,
3PPP,
3nu4,
3c4h,
3lzz,
2uz9,
41bu,
2vxn,
3jvs,
4itp,
5a7b,
2amt,

2r3t,

4gqr,

2i3h,
3tb6,
30y8,
1w3j,
4z2b,
3ml5,
3p51,
4gel,
4ag8,
3g30,
3f71,
310v,
5cqu,
3nes,
3g31,
4jfk,
3g0e,
2pq9,
4br3,
2vo4,
1mgb,
lado,
2vk6,
2y7z,
3mfw,
lols,
2wyj,
2cfo9,

3b4f,
2jew,
3k8q,
1v2r,
lyds,
3fas,
4c6u,
5aol,
lwu7g,
4c2v,
2pk5,
4d8z,
4djq,
bdqge,
4fxp,
1np0,
lbzy,
3n8k,
2wej,
4abs,
2rab,
4owm,
2jdm,
31xk,
1fch,
1v2u,
4b7r,
2f71,

1kv5,
2x0y,
1srg,
1lag,
1kin,
2bvs,
2¢cn0,
3bgq,
1v48,
3hek,
2j2u,
4adw,
3b92,
4druz,
2hu6,
1g53,
4erf,
2xnb,
4fys,
4bam,
2xn3,
4aib,
2wc3,
4xmr,
1tx7,
2ews,
3fvk,
20le,



3ioc,
3nuo,
1£8e,
2vwo,
3zdh,
lypg,
1kav,
3uex,
ba2i,
2xde,
lulw,
1swg,
lctu,
416t,
4std,
3d8w,
4wko,
2qi6,
3n3j,
2zjw,
2uy3,
lapv,
3p3s,
2xeg,
2x4z,
4x50,

2wky,

lyej,

1d4y,
3fzn,
4gg7,
1b55,
4jxs,
4vwkn,
5e2o0,
3rzi,
4g8m,
1x39,
4j46,
1z71,
4cpr,
2ydt,
3t70,
2rkf,
1t4v,
lgnn,
4poh,
3uo4,
3b7r,
4gap,
3hky,
1b57,
lalw,
2nmx ,
1if7,

lonz,

2whp,
1fhd,
4ibb,
2qwb,
4zbi,
lie9,
3pol,
1jys,
3pe2,
1xh4,
402Db,
3iw6,
2xdk,
4981,
3hs4,
3b65,
4isu,
2x97,
3pgu,
11kk,
3ng4,
2cgf,
30k9,
4jal,
4rrf,
3q44,
2v54,
1d3p,

1hih,
4w9c,
2v2h,
41m4,
413k,
5bwc,
4pmm,
1xka,
31qg2,
31e9,
4999,
3g3r,
4kwo,
4uof,
1d4k,
11vu,
4b21,
1b8n,
4kmz,
3wok,
2ces,
4fk6,
4gj2,
4deb,
1cbc,
3utu,
1pa9,

3imc,

3mxe,
4ymq,
4og4d,
3ta0,
1u33,
2fgx,
2zx6,
3aby,
1gid,
4b7j,
4w9j,
2h6b,
3gbe,
3hvj,
2ce9,
4£11,
2r2m,
injs,
4i74,
3dbu,
1u0g,
2ihq,
3ebu,
lele,
4gql,
4io02,
3b2q,
4z1k,

195k,
1bn3,
4ciw,
3v2n,
2vob,
4agm,
4tkj,
4fnn,
3myg,
2zz2,
1gb1,
3b3s,
3ggu,
4ynb,
2epn,
2wnc,
11£2,
4knj,
4rb59,
3bxg,
3nib,
3ubh,
4dfg,
2pqz,
1ps3,
2vbh9,
4i8n,

2xyd,
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1037,
3fh7,
3jya,
1mes,
2xib,
3kdc,
2jfz,
41m3,
4101,
4mnp,
3p58,
4ago,
1£51,
1g7f,
4nxu,
2clp,
3cj4,
1tab,
2zq2,
lcnw,
laid,
4cdoO,
3zsq,
1j14,
4z14,
3gkl,
4930,
4nbn,

2wec,
3oyw,
3c8a,
2zfp,
2vik,
4qgem,
1kvi,
3k99,
2181,
2qtt,
4hab,
1cbq,
1x8r,
2dw7,
4f0c,
3cf8,
2vyg,
3159,
2jdu,
1zsf,
3gy7,
4crl,
1k22,
4xty,
1£qg5,
4knn,
5c8n,
4bao,

3q71,
1wn6,
1j4r,
1g52,
1mub,
3qlx,
2std,
3su2,
4oiv,
11i6,
1ghz,
4jx9,
4pbz,
4iwz,
4rlw,
204p,
1rjk,
3el4d,
3dx4,
3ocp,
3hl1l,
1o0h,
1w0z,
41y9,
2f8g,
4y79,
4qf8,
2d1in,

2psu,
3sha,
4uin,
11nm,
1m48,
3djx,
1965,
1zhy,
2g94,
luwt,
1zoe,
lols,
3sub,
lyei,
4kz7,
1nf8,
2wor,
4cpt,
3eba,
latr,
2xhm,
2afw,
4uyf,
3evd,
3d83,
2hoc,
2wnj,

2vb8,

4u70, 3uzb,
4mmp, 2hl4,
3u9q, 4ql9,
4rak, 4b6r,
1hii, 2uwo,
1jyq, 2xys,
3zyf, 1njc,
4jyb, 4fht,
4arb, 2rba,
4rlt, 3bgb,
1a28, 4rb5a,
4gfo, 4mrz,
2p95, 1ndz,
3huc, 4x8u,
3i73, 4dst,
3p8n, 3m8u,
1mOo, 414v,
1a94, 5dqg8,
3bft, 1xap,
3hkw, 1c86,
2cbz, 3dix,
1bxo, 2abs,
4gbd, 4ral,
5c3p, 2ydw,
4mss, 2pym,
31dp, 4h85,
3p7i, 419i,

4x5y, 2ypo,



4dko,
4i7j,
2aoc,
3kmc,
2rcn,
infu,
4crb,
1tni,
2b9a,
lefy,
1rtf,
3tay,
3vbd,
3uil,
2j75,
4hy1,
ladr,
1rd4,
1ql7,
3ip9,
1ivii,
4e0x,
1mOq,
1dhj,
4zb6,
lew9,
4km2,
lhvs,

3qbc,
3fvi,
3hmo,
1bhf,
4ipi,
3bim,
4i72,
4x5q,
1zog,
2zn7,
3o0eb,
4cch,
1i9n,
3diz,
3rm4,
4nue,
2yix,
2v58,
4riv,
2vnp,
3c79,
4idn,
3pcj,
3ejr,
1b6j,
3tu7,
314v,
4bcp,

4i7k,
3vje,
3wzn,
1n4dh,
2]g0,
1fcx,
204n,
4qij,
1501,
4iuo,
1dzk,
4dzme,
4dm2v,
3rz0,
4ceb,
3n0n,
3£18,
4av4,
1hdq,
lhos,
4ql11,
4ggz,
1w3l,
4ty7,
4xya,
4q6e,
1n51,

4gzx,

1020,
durz,
1ciz,
4ih3,
1gpk,
2bli,
2fw6,
1bma,
3lzs,
4u43,
1xhy,
3cfn,
3u93,
1137,
1siv,
lyda,
4nnr,
4leq,
2fvd,
204z,
4b33,
4i7m,
4wnb,
3f51,
4g90,
1pgp,
2qib,
41jh,

3vfa,
2cej,
4de0,
298z,
3rlp,
3uew,
4k18,
2w08,
100m,
4ub4,
1zfq,
1jqy,
2vzr,
11pz,
4ytc,
2aac,
4ej8,
3i60,
luwu,
4qfo,
1ibr,
2psv,
3fuc,
4kwg,
4ara,
1uz8,
1tom,

1nhO,

1sbz,
1jg8,
2q7q,
3cjb,
3td4,
injd,
1b38,
3pd8,
1k6p,
1c70,
4zyf,
1hpo,
1030,
2w67,
4rpn,
498x,
3pct,
3n2p,
3zbx,
1bnu,
4cfl,
4czs,
4b34,
1lwll,
4ivb,
4mOy,
4ih5,
1bwb,

4q4r, 3wz6,
4qp2, 4egk,
2yfx, lelv,
2j78, 1g7q,
5clw, 4ahr,
4app, 1lo3d,
2vw5, 4e9u,
3ale, 3ipu,
2fpz, 1x8t,
3aaq, 3dhv,
1038, 4ezz,
3pwk, 4exs,
3bl10, 3acl,
2yge, 4poj,
lksn, 4jfs,
4x60, 1hn4,
29pq, 1n3i,
3qtv, 4csd,
1lan, bels,
2wqb5, 4ppb,
der2, 1luzl,
baoi, 1871,
lgvw, lolx,
2o0c2, 4d3h,
3f17, 400a,
2wr8, 4ieh,
4gny, bceq,
4pb2, 1fm9,

o6

4cmo,
4ykk,
2i2c,
4fz3,
2uvt,
Im7y,
2avs,
3cdb,
dzec,
4jss,
3hb4,
4og3,
1ur9,
3p91,
2uyb,
3f15,
4y2q,
409w,
4non,
3ui7,
4x5p,
4kz4
2o0xn,
4ducc,
3iod,
4dnkt,
2wl0,

4q1x,

3rv8,
dmrg,
2vj8,
4nku,
1hmt,
4fsl1,
3aho,
2wbb,
3ekw,
3u8k,
leld,
4qgi,
3ml2,
4qrh,
los5,
1bv7,
2ra0,
1851,
4fs4,
3kv2,
3u92,
3exh,
4z0q,
5caq,
4umc,
3dp4,
lqy1,
3fur,

1£t7,
3t60,
1ftm,
3arq,
2y80,
incl,
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309p, 1pzi,
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2f7p, 1vOk,
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lcnx, 4rb5b,
4dkq, 2yab,
4ufj, 1hOa,
3nx7, 4u0f,
3bex, 3f7g,
1nwb, 1lcp,
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3f68, 3r4n,
1pb8, 1t31,
2y7i, 4mé6u,
4nbd, lile,
4m13, 1q7a,
4ncn, 2gsu,
4ibi, 4kzq,
2rin, 4y59,
2hdg, 1pvn,
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4tmn

3djv, 4pzv, 1pb9, 3mna, 1d4p,
2wkz, 1z4o, 4ngn, 1m7i, 4gu9,
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