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ABSTRACT

QUALITY ASSESSMENT OF PROTEIN STRUCTURES USING GRAPH
CONVOLUTIONAL NETWORKS

The prediction of protein 3D structure is essential for understanding protein function, drug
discovery, and disease mechanisms; with the advent of methods like AlphaFold that are capable
of producing very high quality decoys, ensuring the quality of those decoys can provide further
confidence in the accuracy of their predictions.

In this work we describe QQ., a graph convolutional network that utilizes a minimal set of
atom and residue features as input to predict the global distance test total score (GDTTS) and
local distance difference test score (IDDT) of a decoy. To improve the model’s performance, we
introduce a novel loss function based on the e-insensitive loss function used for SVM-regression.
This loss function is specifically designed for the characteristics of the quality assessment problem,
and provides predictions with improved accuracy over standard loss functions used for this task.
Despite using only a minimal set of features, it matches the performance of recent state-of-the-art
methods like DeepUMQA.

The code for Q. is available at https://github.com/soumyadip1997/qgepsilon.
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Chapter 1

Introduction

Proteins are found in all biological systems, from unicellular organisms to multicellular species
like humans [5] and understanding their structure is essential for deciphering their biological func-
tions [6]. The prediction of a protein’s three-dimensional structure from its amino-acid sequence
has been a longstanding challenge in computational biology [7].

In recent years, advances in protein structure prediction have been driven by the development
of novel techniques and the growth of sequence and structure databases [8]. Many attempts are
being undertaken in wet laboratories to identify physiologically native tertiary structures in order
to decode protein functions [9]. Experimenting to identify protein structure takes time and money,
but computational methods are far faster and less expensive. Technological improvements now
allow for the production of hundreds of thousands of tertiary structures, known as decoys, in a
matter of CPU hours [10]. Methods that predict structure produce a large number of decoys and
are not great at finding the best ones, so it is necessary to identify high-quality, near-native decoys
among hundreds of thousands of decoys in an ensemble [11]. This stage in identifying the near
native decoys is also known as the quality assessment stage.

In this work we address the decoy quality assessment problem with the help of graph convo-
lutional networks; we introduce a novel loss function inspired by the support vector regression
e-insensitive loss function that is designed to take into account our intuition about what makes for
a good quality assessment predictor, namely that it focus on making correct predictions for those
decoys that matter: those with high quality. We compare our method, called (), to other state-
of-the-art methods and demonstrate that our method outperforms most of those methods while
using only a very basic set of features computed from a decoy’s sequence, without the need for
engineered features.

The remainder of this thesis is organized as follows. The remainder of the introduction includes

a basic explanation of proteins as well as a quick outline of quality assessment. Chapter 2 looks at



previous research in the topic of quality assessment. In Chapter 3, we’ll learn how to characterize
a protein as a graph and look at some of the ways to apply graph convolution to protein structures.
In Chapter 4 and Chapter 5 we discuss about the graph architecture, pooling method, loss function
and atom and residual features that are input into our network. In Chapter 6 we describe the
experimental setup, which includes training, testing and validation data as well as the experimental
approach and important metrics used to evaluate our various graph convolution algorithm. Finally
in Chapter 7 we evaluate all of the findings from our investigations and outline future work that are

based on the findings of this thesis.

1.1 Proteins

Cells are the basic building blocks of all living organisms on Earth. There are two main types
of cells: prokaryotic and eukaryotic. Prokaryotic cells are smaller and simpler in structure, lacking
a nucleus and other membrane-bound organelles. Eukaryotic cells, on the other hand, are more
complex and larger in size, with a distinct nucleus and other organelles enclosed in membranes.
Every eukaryotic cell consist of three primary components: the cell membrane, cytoplasm, and
nucleus. The cell membrane acts as a selectively permeable barrier, regulating the entry and exit of
substances into and out of the cell. It also plays a role in cellular recognition and communication.
The cytoplasm is the gel-like substance that fills the cell providing a platform for cellular organelles
to carry out their functions. It contains various molecules that support metabolic reactions. The
nucleus is a crucial component of the eukaryotic cell. It houses the genetic material in the form of
chromatin threads, which are consist of deoxyribonucleic acid or DNA. The nucleus has the ability
to control the cell’s shape and function, and it is also responsible for directing cellular activities,
such as protein synthesis and cell division.

We now arrive at the central dogma of molecular biology [13], which is concerned with the
transfer of genetic information from DNA to proteins via RNA. It implies that all of the infor-
mation required to build a protein is contained inside a DNA sequence and is communicated to

the ribosomes via a messenger RNA. Ribosomes aid in the translation of DNA data into the final
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Figure 1.1: The three stages of the central dogma i.e. replication, transcription and translation [12].

product, which is a protein. This is referred to as gene expression. The Central Dogma can be
described in three stages as illustrated in Figure 1.1 the first stage is DNA replication, in which
a single parental double-stranded DNA molecule is duplicated into two double-stranded DNA
molecules by the enzyme DNA polymerase. The second stage is transcription, during which mes-
senger RNAs (mRNA) are synthesized from DNA by RNA polymerase, and the third stage is
translation, during which the ribosomes read the messenger RNA sequence and use it to assemble
a specific sequence of amino acids into a protein. Amino acids are a class of organic molecules
that include at least an alpha carbon atom, an amine group, a single hydrogen atom and a carboxyl
group (COOH). It contains a side chain that is connected to the a-carbon. The side chain differen-
tiates amino acid from each other. Also, the side chain has an effect on the amino acid’s chemical
characteristics. Figure 1.2 shows the 21 amino acids based on the chemical properties exhibited by

their side chains.



Figure 1.2: Amino acids and their chemical properties, determined by their side chains [14].



1.2 Protein Structure

Proteins can have primary, secondary, tertiary and quaternary structures. The primary structure
of a protein is a linear sequence of amino acid residues contained within a single polypeptide. The
amino acids in a polypeptide chain are held together by peptide bonds, which are double bonds
that do not rotate. However, the other single bonds within the polypeptide chain do rotate, and as a
result of this rotation, the linear polypeptide chain twists into regular patterns that form secondary
structures. The « helix (Figure 1.3) and (3 sheets ( Figure 1.4) are the two main examples of

secondary structures.

Figure 1.3: Part of the « helix from the 60BI pdb file which is obtained from the pdb website. The
residues have been represented by a single letter along with their residue number and the hydrogen bonding
between the residues has been represented by yellow lines. Hydrogen bonding occurs between the i** and
the (i + 4)th residue.Created with PyMol [15] and draw.io [16].



(a) Part of anti parallel beta sheets of the protein (b) Part of parallel beta sheets of the protein with
with pdb id 1EMA. pdb id 1EMA.

Figure 1.4: A part of parallel and anti parallel beta sheets of a protein with pdb id 1IEMA. Residues are
represented as letters along with their residue number and yellow lines represent the hydrogen bonding.
Created with PyMol [15] and draw.io [16].

Tertiary structure refers to the folding of secondary structures into distinct arrangements (also
known as domains) due to the properties of amino acid side chains [17]. The tertiary structure of a
protein is critical for its biological function, as it plays a key role in determining the protein’s bind-
ing specificity, enzymatic activity, and overall conformational dynamics [18]. The arrangement of

multiple polypeptide chains within a protein complex is referred to as quaternary structure.

1.3 The Quality Assessment Problem

Prediction of protein 3D structures from sequence is one of the challenging problems in molec-

ular biology [19]. To predict a protein structure many methods have been developed [20-22].



Computational methods for predicting a protein’s 3D structure produce large numbers of decoy
conformations for a given target protein. In quality assessment we seek to rank these decoys based
on their similarity to the experimentally determined native structure. In most scenarios, the native
structure is not available and a large number of decoys produced by the computational methods are
not good. So we need a quality assessment (QA) stage to rank the decoys based on how well they
represent the experimentally determined native structure. We collect a large number of decoys in
connection to a target protein, and our goal is to determine which decoy has a structure similar
to the target protein. This structural similarity is quantified using a score, which we shall go over

in Chapter 5.

T

Figure 1.5: Target protein T0768-D1 from CASP11 dataset

Figure 1.5 shows the image of the target protein, TO768-D1, from the CASP11 dataset and
the images of two of its decoys, TO768TS216-D1 and TO768TS345-D1 are shown in Figure 1.6(a)
and Figure 1.6(b) respectively. From the superposition figures (as shown in Figure 1.7) we can

clearly conclude that TO768TS216-D1 is a near native decoy to the target than TO768TS345-D1.



(a) Decoy structure TO768TS216-D1 with respect to (b) Decoy structure TO768TS345-D1 with respect to
the target protein TO768-D1 of the CASP11 dataset the target protein TO768-D1 of the CASP11 dataset

Figure 1.6: High and low quality decoy structures of the target structure

(a) Image showing the superposition of the decoy (b) Image showing the superposition of the decoy
structure of T0768TS216-D1 with the target structure structure of T0768TS345-D1 with the target structure
T0768-D1 T0768-D1

Figure 1.7: Images showing the superpositions of the decoy structures with respect to their target structures

In the previous example, it was possible to identify the near-native decoy by comparing it

with the available target structure. However, in quality assessment problems, where the target



structure is not available, decisions must be based solely on the decoy structures, which increases

the difficulty of the quality assessment stage.



Chapter 2

Prior work in quality assessment

Protein quality assessment methods are evaluated in Critical Assessment of Structure Predic-
tion (CASP) [23]. CASP is a community wide experiment to determine the state of the art tech-
niques in modelling protein structure from amino acid sequence. CASP takes place every two
years and the participants submit models for a set of proteins for which the experimental structures
have not yet been made public. So CASP tests are aimed at determining the present state of the art
in protein structure prediction, indicating where progress has been achieved, and showing where
future effort should be spent most effectively. There have been fifteen CASP events and the quality
assessment part began from CASP7.

Current techniques for quality assessment can be divided into two categories, one is the single
model approach [24] that operates on single protein models to estimate their quality and the other
one is the consensus approach [25] that uses consistency among several candidates to estimate
quality. For the first time, in the recent CASP13, single model methods performed comparably
or better than consensus methods [26]. In this thesis we will concentrate only on single model
methods.

A variety of single model algorithms are available. One option is to employ various knowledge-
based statistical methodologies [27], such as inter-residue contact energy or atom-atom distances,
to find attributes from protein structures to evaluate whether it is a good quality decoy or a bad
quality decoy. Another approach is to use machine learning algorithms [28], like SVM or deci-
sion trees, where the type of feature from each protein is the most important component, or to
use neural networks, such as Convolutional Neural Networks and Graph Neural Networks, which
automatically update features based on a defined measure. Here we will focus on the methods that

use machine learning algorithms.
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2.1 Methods involving machine learning

While knowledge-based potentials have been widely used to model molecular properties, they
rely on assumptions and empirical data, and may not be transferable to new systems. Machine
learning based approaches have emerged as a promising alternative, as they can be trained on
large sets of data without relying on assumptions [29]. Until a few years ago methods that use
standard machine learning techniques with a large collection of engineered features computed
from sequence and structure were the prevalent approach for quality assessment. The ProQ se-
ries of methods (ProQ, ProQ2, ProQ3, ProQ3D) [30] used features such as the distribution of
atom-atom contacts, residue-residue contacts, solvent accessibility, secondary structure, surface
area, and evolutionary information. ProQ3 [31] also incorporated features based on Rosetta en-
ergies. ProQ3D [30] used the descriptors of ProQ3 as input in conjunction with a multilayer
perceptron and was one of the top performers of CASP13. The current state-of-the-art for quality
assessment uses deep learning, including various flavors of 3D convolutional networks and graph
neural networks, which have been demonstrated to be effective modeling tools for protein 3D
structures [32,33]. Deep convolutional networks as a tool for the representation of decoy struc-
tures were introduced by [32]. Their method, 3DCNN, used 3D convolutional networks applied to
a volumetric representation of a decoy structure. The Ornate method [34] improved upon 3DCNN
by defining a canonical orientation for each residue. The GraphQA method [1] employed a graph
convolutional network with an extensive number of engineered features and achieved state-of-the-
art performance on CASP13 decoys. Chen et al [35] used a graph neural network to estimate the
accuracy of AlphaFold models and is one of the current state-of-the-art methods, improving on the
results obtained with DeepAccNet [36], while borrowing many ideas from its architecture. They
used a combination of categorical loss and L.2-loss on the IDDT scores to distinguish between de-
coys of varying quality levels. The DeepUMQA [2] method uses 3D convolution over a collection
of residue-level engineered features, and its successor, DeepUMQA?2 [3] is also a state-of-the-art

performer.

11



Most existing methods for quality assessment rely on engineered features. In contrast, our ap-
proach uses sequence embeddings computed using protein language models; convolutional layers
applied to both atomic and residue level graphs are then used to put them in the context of the
decoy structure. In combination with a novel loss function specifically designed for the quality

assessment problem, our method is able to outperform the recent DeepUMQA method [2].

12



Chapter 3

Graph neural networks

In the data domain, while a significant portion of data is vector data readily transformed into
grid-like formats, like images, text, or audio, this representation is not always ideal. For irregular
domains such as biological networks, knowledge graphs, or social networks, a grid layout falls
short [37]. Instead, graph data structures become vital. Graph data structures capture both the
information in objects and their relationships, using nodes and edges. Graph neural networks
(GNN) use neural networks to handle graph data.

Protein structure remains same regardless of rotations or translations. So computational so-
lutions should have rotational and translational invariance. While 3D Convolutional Neural Net-
works (3D CNNs) can employ 3D density maps to understand protein shapes, they lack rotational
invariance [38]. To achieve the desired invariance, representing proteins as graphs becomes a
promising approach. In such scenarios, we can represent the protein as a graph and use Graph

Convolutional Networks (GCNs) which is a form of GNN.

3.1 Proteins as graphs

We used graphs to represent decoy 3D structures because they provide an abstract represen-
tation of the structure. The atoms and residues of the structure are represented as a set of nodes
V ={v1,va,...,VN,T1, T2, ..., Tps }, and a set of edges & = ey, eo, ..., ep, Where N and M represent
the total number of atoms and residues in a decoy structure respectively and P represents the total
number of edges present in the graph structure. Each node in the protein’s atom-level representa-
tion (v;, N > ¢ > 1) stands in for one of the atoms and if the distance between two atoms is smaller
than a certain threshold (in this case, 6A), an edge will exist between the two nodes. Similarly,
an edge occurs between two nodes in the representation of the residue level (r;, M > ¢ > 1) if
the distance between any two of its atoms is less than a predetermined threshold (here, it is taken

to be 6A). For each of the atoms and residues we have considered a maximum of 20 neighbours.

13



Figure 3.1: Graph representation of a decoy structure.

. Nodes representing residues of a protein

. Nodes representing atoms belonging to
different residues of a protein

V9>80uE)sIg

Distance<ga

We represent the structure of a decoy using two

graphs: one at the atomic level (left), and one at the residue level (right). Our graph convolution operation at
the atom level differentiates between edges within a residue and edges across neighboring residues as shown

in the figure.
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Additionally, the properties of the graph’s nodes are coordinate independent. As a result, the graph

representation of a protein is rotation and translation invariant.

3.2 Graph neural networks for protein structures

Outputs p X

Inputs ;

\Recgptive [Field, Receptive Field

Figure 3.2: Convolution operation comparison between the Convolution Neural Network (CNN) on the left
and the GCN on the right. The CNN collects all the hidden representations in a green receptive field to
produce the final representation in pink color. Similarly, the GCN aggregates the hidden representations of
neighbouring nodes surrounding a central node, C, to produce the center node’s final representation, which

is highlighted in pink.

In this thesis, we tackle a learning challenge on a graph, focusing on predictions at the protein
level. In traditional Convolutional Neural Networks (CNNs), the convolution operation assumes a
regular, structured grid, such as an image where pixels have a natural order based on their spatial

positions. This allows CNNs to consistently recognize patterns such as edges or textures. However,

15



when dealing with graphs, there is no natural order among neighboring nodes. This is because
nodes in a graph can be connected in various ways without any fixed pattern and there is no spatial
structure like in an image. Given the absence of a natural order among neighboring nodes, we need
a convolution process that is insensitive to order. That’s where Graph Convolutional Networks
(GCNs) come in. Unlike CNNs, GCNs are designed to handle the irregular structure of graphs as
shown in Figure 3.2.

Fout et al. [39] were the first to use GCNss in this field of study, where they combined learned
features across protein pairs and used them to classify whether pairs of amino acid residues are
part of an interface or not. They represented the protein as a residue level graph. The convolution

is performed according to the following equation:

@ _ n,,a=1) 1
v, =0 | W v, 7+ -
N (3)]

> Wiy 0 (3.1)
FEN ()

where W." and W, denote the weight matrix for the center and neighbouring nodes respectively,

(@

b denotes the bias vector, and v, denotes the i node embedding in the [*" layer. The set of
neighbours of the i*" node is denoted by A/ (i), while the activation function is denoted by o.
They employed a graph convolutional network with two convolutional layers to capture spatial
interactions between residues, and then concatenated the activations from each layer before passing
them through a dense layer for final prediction. Their method outperformed the state-of-the-art
SVM algorithm at the time.

Baldassarre et al [38] introduced GraphQA, a GCN-based model adept at assessing protein
structure quality and demonstrated comparable performance to state-of-the-art methods on the
CASP13 dataset. This was the first instance of GCNs being employed in the field of quality
assessment for protein structures. In GraphQA, a protein structure is also represented as a residue

graph and they performed convolution as stated in Equation 3.1. The model integrates both node

and edge features, as well as a global bias term that accounts for missing information on specific

16



nodes or edges of the graph, which gets updated during training, while also using a loss function
that combines both local and global scores.

Chen et al [35] used structural features generated from the state of the art AlphaFold method
along with feature engineering techniques to beat AlphaFold on their datasets. They represented
the protein as a residue level graph and employed a novel Graph Neural Network (GNN) consisting
of two modules: one at the node level and the other at the edge level. They also used a combination
of two loss functions- categortical cross entropy for their initial distance error as well as mean
square error with respect to the IDDT scores.

Our approach is almost similar to that of GraphQA. However, we’ve incorporated an additional
graph convolution at the atomic level to provide a more fine grained information about the decoy
structure and have adopted a modified e-insensitive loss function. Notably, our method forgoes
extensive feature engineering, relying solely on features derived from the protein structure. Its

performance is also comparable with state-of-the-art methods while outperforming GraphQA.
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Chapter 4
Methods

4.1 Our proposed graph architecture

Atom Level Graph

GCN
GON. Output of Atom
‘a)“"“ Level GCN Residue Level Pooling

Layer 1: Output size=1024

? GCNa\Om ?

Layer 2: Output size=512
GCN d
GCNatom
—>
Layer 1: Output size=1024 Output of
Layer 3: Output size=256 Res%uCeNLevel Combined Residue
GCN,. s Level Representation
Input Decoy
3D structure GCNatom

One Hot Encoding
Output size=12

Output size=128

(T0759-D1) Y MLP

Layer 2: Output size=512

Layer 4: Output size=128 concatenation
\ / GCN, u
Residue Level Graph Output size=128 Output size=256 Output size=1

Layer 3: Output size=256

% GCN,, u g
ProtTrans Embedding

Output size=1024 Layer 4: Output size=128

Figure 4.1: The Q. model architecture illustrating how an input decoy structure is propagated through
multiple graph convolutional layers (GCN ,,, for the atom level representation and GCN,siqy. for the residue
level representation of a protein); the outputs of the two sets of convolutional layers are concatenated and
fed through a multi-layer perceptron (MLP) to generate local scores that are then averaged to compute the
predicted GDTTS or predicted LDDT.

The architecture for (). includes four graph convolutional layers that aggregate information at
the atomic level (GCN,,,,) and four graph convolutional layers that pass information at the residue-
level (GCN 5iaue)- To ensure model stability and generalization, we apply batch normalization [40]
after each application of an activation function to normalize the activations across the nodes in
the graph. To create a coherent representation at the residue level, we apply a maximum-pooling

operation to the output of the final layer of GCN,,,. The final residue-level representation is

18



obtained by concatenating the output of the pooled atomic level convolution and the output from
the residue-level GCN. This concatenated output is passed through a multi-layer perceptron (MLP)
which outputs a single output per residue of the decoy structure. The final output of the network,
which is our predicted value of the GDTTS or IDDT is then produced by averaging over the node-

level scores. This process is shown in Figure 4.1.

4.2 Atom- and residue-level graph convolution

We perform graph convolution separately at the atom and residue levels. First we describe
the atom level graph convolution(GCN,;,,,). Each atom ¢ is assigned a feature vector VZ@ that

contains the features for layer [ of graph convolution. The representation of a source atom vl(l)

is
updated based on its neighbors within the same residue (N*)(7)) and the neighbors across residues

(N (i) according to:

1 s
l+1) = ReLLU VVZ( )V( S — B W( Z V + (O Z v @ + b ,
NG 56 NV =
JEN)(4)

4.1
where WZ(C) is the weight matrix with respect to the source atom in layer [, WZ(S) is the weight
matrix with respect to the neighbouring atoms in layer [ within same residue as that of the source
atom, and I/Vl(o) is the weight matrix with respect to the neighbouring atoms in layer / that belong
to a different residue than the source atom; finally, bq(]l) is the bias in layer [ for the atom level GCN.
The inputs to the atom-level convolution are derived from one-hot-encoding of the atom type as
described below.

In parallel to the atom-level convolution, we perform convolution over the residues that make
up a decoy structure. This operation, denoted as GCN,gque 18 used to update the residue level

(0

representation r; ', which is the feature vector for residue 7 in layer [ of the network. This operation

is defined as follows:

o0 ] (4.2)

] T

1
H—l — RelLU VVl(CT)I'Z(-l) + —I/Vl(r) Z
EOIRP
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where R (1) is the set of the neighbouring residues of residue 4, WZ(CT) is the weight matrix with
respect to the source residue in layer [, I/Vl(r) is the weight matrix with respect to the neighbouring
residues in layer /, and b,(nl) is the bias in layer [. The inputs to the residue-level convolution are

embeddings computed using ProtTrans [41] as described below.

4.3 Residue pooling method

Following graph convolution at the atom level, we extract residue-level features from the atom-
level graph using a technique called residue pooling. This involves taking the maximum value of
each feature from all the atoms within a given residue, resulting in a representation of each residue
within a decoy. We then concatenate this residue-level representation with the output from the
residue-level graph convolution, and pass the concatenated representation through a multi-layer
perceptron (MLP). Finally, we take the mean of all the residues to obtain a global representation

of the decoy. This approach allows us to capture both local and global scores of the protein.

4.4 A modified e-insensitive loss
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Figure 4.2: The modified e-insensitive loss uses a variable sized band around the diagonal in which a
predicted score is not penalized. The band becomes smaller as the GDTTS or IDDT increases, reflecting
our wish for precise predictions for decoys that are closer to the native structure.
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In this work we address quality assessment as a regression problem with the objective of pre-
dicting the GDTTS or IDDT score of a decoy. We propose a novel loss function that captures
our desiderata for a quality assessment model: when it comes to poor decoys we don’t care too
much about the accuracy of the prediction, as long as we can differentiate it from a good decoy.
On the other hand, the more accurate the decoy, the more accurate we want our prediction to be.
This is especially important given the recent improvement in the quality of protein structure pre-
diction methods. To achieve this goal, we modify the e-insensitive loss, which is the loss function

employed in SVM-regression [42] as follows:

L(y,y") = max(0, |y — y'| — €(y)), (4.3)

where y and 3/ are the true and predicted score, respectively. As in the standard e insensitive loss,
this defines a tube of size e within which there is no penalty; outside the tube, the loss grows
linearly as in the L1 loss which is defined as L(y,y’) = |y — /|- In our application, the size of the
tube is a function €(y). In this work we used a tube defined as shown in Figure 4.2. The motivation
for the modified e-insensitive loss function is that the model shouldn’t try too hard to fit accurately
poor quality decoys where we don’t need good accuracy anyhow. As decoy quality increases, we

are asking the model to learn a fit that is more and more accurate.
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Chapter 5

Input features and scores

neural network.

5.1 Atom features

This section explains about all the input features and metrics that are being used in our graph

Table 5.1: Table showing the different types of atoms.

Type Atom Type

Atom Name

1
2

— = \O 00 J O\ W

— O

Sulfur
Aromatic carbon

Sp2 carbon

Sp3 carbon

Alpha Carbon

Nitrogen of amide group
Nitrogen of guanidinium group
Nitrogen of ammonium group
Oxygen of hydroxyl group
Oxygen of carbonyl group
Oxygen of carboxyl group

CYS:SG, MET:SD

HIS:CD2, HIS:CEl, HIS:CG,
PHE:CD1, PHE:CD2, PHE:CEl,
PHE:CE2, PHE:CG, PHE:CZ,
TRP:CD1, TRP:CD2, TRP:CE2,
TRP:CE3, TRP:CG, TRP:CH2,
TRP:CZ2, TRP:CZ3, TYR:CD1,

TYR:CD2, TYR:CEI, TYR:CE2, TYR:CG, TYR:CZ

ARG:CZ, ASN:CG, ASP:CG, GLN:CD,
GLU:CD, backbone C

ALA:CB, ARG:CB, ARG:CG, ASN:CB, ASP:CB,
GLN:CB, GLN:CG, GLU:CB, GLU:CG, HIS:CB,
ILE:CB.ILE:CD1,ILE:CG1,ILE:CG2,LEU:CB,
LEU:CD1, LEU:CD2, LEU:CG,

LYS:CB, LYS:CD, LYS:CG, MET:CB, PHE:CB,
PRO:CB, PRO:CG, SER:CB, THR:CG2, TRP:CB,
TYR:CB, VAL:CB, VAL:CG1, VAL:CG2

CA

N (on terminal residues), ASN:ND2, GLN:NE2
ARG:NH1, ARG:NH2 ,ARG:NE

LYS:NZ

SER:0G, THR:OG1, TYR:OH

ASN:OD1, GLN:OE1

ASP:0OD1, ASP:OD2, GLU:OE1, GLU:OE2

22



We represent the atoms using one-hot encoding, by grouping atoms into 11 different types [32].
This grouping reflects both the type of atom (carbon, oxygen, nitrogen) and its context within the
residue (e.g. alpha carbon, or the different group an atom belongs to). In doing so, we are able to
incorporate important information about the atoms while also capturing the relationships between

the atoms and their corresponding residues.

5.2 Residue features

We compute residue features by feeding the amino acid sequence of a decoy to the ProtTrans
protein language model [41]. ProtTrans embeddings provide a very useful representation of the
amino acid sequence, capturing relationships between residues as well as their structural con-
text [41]. We take the embeddings from the last hidden state of the transformer attention stack of
the ProtTrans model, which has an output embedding of 1024 dimensions, which serves as input

to the residue level GCN.

5.3 Metrics

To evaluate the quality of a decoy, we use scoring metrics that measure how well it aligns with
the target structure. In this thesis, we focus on two such metrics: the Global Distance Test - Total
Score (GDT-TS) and the Local Distance-Dependent Information-based (LDDT) score.

The GDT-TS score was introduced in CASP4 as a measure of the similarity between the decoy
model and the target structure. It is computed by superposing the Ca atoms of the decoy model
onto those of the target and calculating the percentage of residues that fall within certain distance
cutoffs (1, 2, 4, and 8 A) between the two structures. The GDT-TS score is the average of the
percentage of residues falling within these four distance cutoffs:

GDT — TS = ;(GDT_P; + GDT_P, + GDT_P, + GDT_Py)

where GDT_P, represents percent of residues under distance cutoff < d A

The LDDT score measures the accuracy of the decoy at a local level by computing the dif-

ference between the distances of corresponding atom pairs in the decoy and target structures. It
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is calculated for four different distance cutoffs (0.5, 1, 2, and 4 A) and measures the fraction of
accurate contacts preserved in the decoy. An accurate contact is defined as a pair of atoms that are
in contact in the target structure and whose corresponding atoms in the decoy are within a certain
distance cutoff of the target atoms.

In summary, we use the GDT-TS and LDDT scores to evaluate the quality of decoys based on
their overall similarity to the target structure and their accuracy at a local level, respectively. These
metrics have been widely used in the field of protein structure prediction and have been shown to

be effective at discriminating between high-quality and low-quality decoy models.
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Chapter 6

Data and training

6.1 Data

Table 6.1: The number of targets from CASP competitions in the training, validation, and testing data.
We have two different CASP13 and CASP14 datasets, one for GDTTS evaluation and the other for IDDT
evaluation, to match decoys used in other publications.

Mode CASP Targets | Decoys
Training Data CASP9 117 31,863
CASP10 100 23,755
CASP11 84 15,573

CASP12 30 5351

Validation Data CASP12 10 1338
Testing Data (GDTTS) CASP13 72 34,654
CASP14 65 38,293
Testing Data (IDDT) CASPI13 76 10,739
CASP14 70 10,380

AlphaFold2 CASP15 17 85

We collected decoys from CASP9 to CASP14 along with their labels from the CASP web-
site [43]. We have used CASP9-CASPI12 as our training and validation set and CASP13 and
CASP14 as our test sets (see Table 6.1). In order to match the decoys used in experiments per-
formed by others we created two separate datasets for GDDTS evaluation (CASP13 and CASP14)
and two datasets for evaluation of IDDT prediction (CASP13 and CASP14).

In CASP15, the focus shifted from predicting the accuracy of single-chain decoys to that of
multi- chain complexes [44]. However, some of the targets were composed of single chains, and

we chose to focus on those targets in our evaluation, leading to a dataset with 17 targets.
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6.1.1 Network training

We have trained our network to predict GDTTS as well as IDDT scores. For GDTTS predic-
tion, we first pre-train (. with the L1-loss for 50 epochs followed by training with the modified
e-insensitive loss for the next 10 epochs. To train the network with IDDT scores, we take the
best model from GDTTS ("best" with respect to the validation set) train it with the modified e-
insensitive loss for another 50 epochs keeping the same network architecture and hyperparameters.

The network was implemented in PyTorch [45], and optimized using the Adam method [46]
with default parameters except for a learning rate of 0.001 and a dropout of 0.1 applied to the graph
convolution layers; training used a batch size of 70. Since our training set is highly imbalanced,
i.e. contains very few high quality decoys, we used the imbalanced sampler from the torchsampler
package. During training we kept track of the loss over the validation set and used the model that
gave the minimum loss. Our implementation uses the PyTorch Lightning framework for training
and testing and PyTorch Geometric [47] for performing graph convolution. Model selection was
performed over the hyperparameters and values described in Table 6.2. We iterated over all pa-
rameters and for each one chose the value that gave the highest Pearson correlation coefficient on
the validation set. Following model selection, training took around 42 hours on an NVIDIA RTX
3090 GPU.

Table 6.2: The hyperparameter space. Model selection was performed based on performance on the valida-
tion set. The "Best" column provides the chosen value for each hyperparameter.

Hyperparameter Values Best
Number of graph convolution layers 2,3,4,5,6 4
Neighbour distance threshold 4,5,6,7,8,9 6
Maximum number of same residue atom neighbours 10,15,20,25 20
Maximum number of different residue atom neighbours 10,15,20,25 20
Maximum number of neighbours of a residue 10,15,20,25 20
Dropout rate for the graph convolution layers 0,0.1,0.2,0.3 0.1
Learning rate 0.0001,0.001,0.01,0.1 | 0.001
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Chapter 7

Results

We compare Q. with other methods that have either state-of-the-art or very good performance
in CASP13 and CASP14. In our first set of experiments we sought to compare our method
with GraphQA, which uses a similar graph convolution architecture and was trained to predict
GDTTS [1]. The results in Table 7.1 clearly indicate that Q). outperforms GraphQA and several
other recent methods trained to predict GDTTS. This is despite not using engineered features; a
detailed analysis of the contribution of the various components of the (). architecture are described
in an ablation study below.

The quality assessment community is transitioning to the use of the IDDT score, so we also
compare (). with more recent methods evaluated with IDDT. In this evaluation, Q. performed
similarly to DeepUMQA, but was outperformed by its successor, DeepUMQA?2 (see Table 7.2).
Results from EnQA [35], which performed similarly to DeepUMQAZ2 are also better than Q..
Both methods use more complex architectures and extensive engineered features; DeepUMQA2

also used evolutionary information, including structural features from homologous templates.

Table 7.1: Performance of Q. and other methods in CASP13 and CASP14 GDTTS prediction. We provide
the Pearson Correlation Coefficient globally (1) and per target (Riarget) as well as Spearman Rank Correla-
tion between predicted and known GDTTS. Best performance is highlighted in bold. Performance numbers
for the other methods is quoted from [1].

Dataset Method R | Rigrget p | RMSE
CASP13 Q. 090 | 0.80 | 0.89 | 0.10
GraphQA [1] 086 | 078 | 0.86| 0.13
ModFOLD7_rank [48] | 0.87 | 0.74 - 0.16
ProQ4 [49] 0.70 | 0.66 - 0.18
VoroMQA-A [50] 0.66 | 0.56 - 0.21
CASP14 Q. 081 0.72 | 0.82| 0.13
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Table 7.2: Performance of Q. and other methods in CASP13 and CASP14 with respect to IDDT scores.
We provide the Pearson Correlation Coefficient globally (/) as well as Spearman Rank Correlation be-
tween predicted and known IDDT scores. Best performance is highlighted in bold. Performance figures for
methods other than Q. are quoted from [2] and [3].

Dataset Method R p

CASP13 Qe 0.857 | 0.862
DeepUMQA2 [3] 0.919 -
DeepUMQA [51] 0.837 | 0.804

ModFOLD7_rank [52] | 0.826 -

ProQ3D [30] 0.801 -
ProQ4 [30] 0.777 -
ProQ2 [53] 0.715 -

VoroMQA-A [50] 0.672 -

CASP14 Qe 0.826 | 0.826
DeepUMQA2 [3] 0.899 -
DeepUMQA [51] 0.799 | 0.736
DeepAccNet [36] 0.829 -
ModFold8 [54] 0.629 -

GraphQA [1] 0.706 | -
ProQ3D [30] 0717 | -
ProQ2 [53] 0.531 | -
ProQ4 [30] 0.547 | -

To understand the contribution of the proposed modified e-insensitive loss to the performance
of Q. we show a scatter plot of true versus predicted GDTTS scores for the decoys in CASP13 and
CASP14 (see Figure 7.1). We observe that the modified e-insensitive loss leads to better learning
of decoys of all quality levels compared to the L1-loss, and leads a pattern where the predictions

are limited to a band around the true scores, which is a highly desirable property for a quality
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assessment method. It was interesting that the width of the band is similar across all quality levels,

despite the loss having a variable width band compared to the original e-insensitive loss function.
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Figure 7.1: Scatter plots comparing the true and predicted GDTTS for both CASP13 and CASP14 using
L1-Loss and modified e-insensitive loss.
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Table 7.3: Q. ablation study. We remove each of the major elements of Q., demonstrating that each of them
provides a major contribution to the performance of the method.

Method R | Rirget p | RMSE
Q. (with atom and residue features, pretrained | 0.90 | 0.80 | 0.89 | 0.11
with L1-loss, and modified e-insensitive l1oss)

Q. without modified e-insensitive loss 0.75 | 0.66 |0.69 | 0.17
Q. without L1-Loss 0.70 | 0.59 |0.62| 0.20
Q. with a constant € (0.2) 063 | 055 [0.66| 0.24
Q. with only L2-Loss 0.65| 052 |0.56| 0.23
Q. without residue features 0.70 | 0.65 | 0.69| 0.19
Q. without atom features 0.79 | 0.77 |0.76 | 0.18

7.0.1 Ablation Study

To demonstrate the contribution of each of the major components of our method we performed
an ablation study with respect to GDTTS prediction. Its results are provided in Table 7.3. The first
component we varied was the loss function. We observe that the pre-training with the L1 loss is
key for the method’s performance, serving to bootstrap the learning process. We also observe that
performance dropped when using the original e-insensitive loss function, L1 loss, or the L2 loss.
This clearly shows the contribution of the proposed modification to the e-insensitive loss. Our next
observation is that both the residue-level and the atom-level convolutional blocks are crucial for
the performance of the method. This is due to each of them providing different and complementary
information. The residue-level blocks use Prot-Trans embeddings which have been documented to
provide a variety of information regarding a residue’s evolutionary history and structural context
within the protein [41]. The atom-level convolutional blocks provide a more fine-grained view of

a decoy structure, complementing the information at the residue level.
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7.0.2 ¢ threshold selection

The modified e-insensitive loss has nine threshold parameters associated with it, one for each
bin of the prediction score. In our experiments we have used the values shown in Figure 4.2. In
order to determine that our initial choice was good, we ran an experiment where we varied all the
values in a coordinated manner: we chose values nine values lower or higher than the initial values
(the columns low and high in Table 7.4). As shown in Table 7.4, lowering or increasing the values

in a coordinated fashion of all the thresholds led to reduced accuracy on the validation set. As a

sanity check, we verified that a similar decrease is observed on the test set as well.

Table 7.4: Model selection over the € hyperparameter values. The top half of shows the values of ¢ for each
score range. The lower half shows the performance for each combination of values (low/mid/high); R stands
for the Pearson Correlation Coefficient. Results are shown for the validation set (first two rows) and the test

set for both GDTTS and IDDT

Score Ranges and Results Low values | Mid values | High values
e for 0-0.1 0.40 0.45 0.50
e for 0.1-0.2 0.35 0.40 0.45
e for 0.2-0.3 0.30 0.35 0.40
e for 0.3-0.4 0.25 0.30 0.35
e for 0.4-0.5 0.20 0.25 0.30
e for 0.5-0.6 0.15 0.2 0.25
e for 0.6-0.7 0.10 0.15 0.20
e for 0.7-0.8 0.05 0.1 0.15
e for > 0.8 0.005 0.01 0.015
R on CASP12 (validation set) (GDTTS) 0.84 0.89 0.82
R on CASP12 (validation set) (IDDT) 0.81 0.84 0.77
R on CASP13 (test set) (GDTTS) 0.86 0.90 0.85
R on CASP14 (test set) (GDTTS) 0.80 0.81 0.79
R on CASP13 (test set) (IDDT) 0.84 0.86 0.83
R on CASP14 (test set) (IDDT) 0.82 0.83 0.80
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7.0.3 Local quality assessment with Q).

In this section we demonstrate the ability of (). to make accurate predictions at the residue level
despite being trained only on global quality scores. This ability is a byproduct of the architecture
of the network, where the global predicted score is an average of residue-level node summary
scores (see Figure 4.1). This forces the network to learn accurate local scores, as demonstrated in
the results shown in Table 7.5. Similar to the global prediction problem, the performance of Q). is

between that of DeepUMQA and DeepUMQAZ2.

Table 7.5: Performance of Q. and other methods in CASP13 and CASP14 with respect to local IDDT
scores. We provide the local Pearson Correlation Coefficient (R;,cq;) between predicted and known local
IDDT scores. Best performance is highlighted in bold. Performance figures for methods other than Q. are
quoted from [4].

Dataset Method Riocar
CASP13 Qe 0.80
DeepUMQA?2 [4] | 0.868
DeepUMQA [51] | 0.766
DeepAccNet [36] | 0.740
CASP14 Q- 0.76
DeepUMQA?2 [4] | 0.822
DeepUMQA [51] | 0.680
DeepAccNet [36] | 0.672

7.0.4 Results on CAMEOQO decoys

For further validation of the performance of Q., we evaluated its performance on decoys from
the CAMEO evaluation project [55]. We downloaded decoys used from 2022-05-13 to 2023-05-
06 and followed the same evaluation protocol used by CAMEOQO: we calculated the Area Under
the ROC curve (AUROC) and Area Under the Precision Recall curve (AUPR) using a local IDDT

score threshold of 0.6, and obtained the results shown in Table 7.6. Again, we note that (). was
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not trained on local scores (unlike the other methods), and yet is able to perform almost on par
with DeepUMQAZ2. As mentioned above, this can be traced to the fact that the global prediction
score computed by Q. is computed by directly averaging local node summary scores, forcing those

scores to reflect a local measure of quality.

Table 7.6: Performance of (). and other methods on the CAMEOQ dataset. Best performance is highlighted
in bold. All the other results have been taken from the CAMEOQO website.

Dataset Method Models | AUROC | AUPR

CAMEO-QA Q. 6350 0.93 0.88
DeepUMQA?2 [3] 6225 0.94 0.89
Proq3D_LDDT [30] | 6498 0.90 0.81
DeepUMQA [51] 6247 0.93 0.86
Modfold9 [56] 6498 0.92 0.87

7.0.5 Performance on AlphaFold2 decoys

In CASP14 AlphaFold2 provided for the first time decoys with near experimental resolu-
tion [57], producing decoys with a median GDTTS of 92.4 making it the first team to achieve
this level of accuracy in CASP. We gathered the decoys submitted by the AlphaFold team (team no
427) from the CASP14 website and evaluated Q. on their decoys. We also ran AlphaFold2 version
2.3.1 on CASPI15 single chain targets. The results of this experiment are provided in Table 7.7.
While AlphaFold2 provided better accuracy than our method, its value is in providing indepen-
dent validation for the quality of AlphaFold2 predictions. While EnQA [35] slightly improves
on the quality AlphaFold2 IDDT estimates, it does so by using the AlphaFold2 scores as one of
its features. Therefore, we expect this method’s results to be highly correlated to the results of

AlphaFold2, and are less useful for independent verification of its predictions.
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Table 7.7: Performance of Q. and AlphaFold2 on AlphaFold2-generated decoys in CASP14 and CASP15.
We provide the global Pearson correlation (R), local Pearson correlation (R;,.q;) and Spearman rank corre-
lation (p) between predicted and known local and global IDDT scores. Best performance is highlighted in
bold.

Dataset Method R Riocal p
AlphaFold2-CASP14 Q- 0.772 | 0.730 | 0.832
AlphaFold2 | 0.85 | 0.792 | 0.882
AlphaFold2-CASP15 Q- 0.64 | 0.60 | 0.60
AlphaFold2 | 0.75 | 0.72 | 0.67

7.1 Conclusions and Future Work

In this study, we proposed a novel loss function to enhance the performance of deep learn-
ing for quality assessment of decoy structures. Our approach has performance that is close to the
state-of-the-art while at the same time removing the need for engineered features computed from
the protein structure, relying solely on features computed from the decoy sequence, demonstrating
what is possible with a pure deep learning approach. These features are integrated using graph
convolutional layers that operate at both the atom and residue levels, thereby improving the net-
work’s performance. The comparison of our approach with AlphaFold2 indicates there is a need
for further research to provide accuracy estimates that improve on the local scores computed by
AlphaFold2 in order to provide independent validation of the quality of its predicted structures.

Our approach can be extended in multiple ways. First, although it performs well on predicting
local scores, the method is trained using only global quality scores. Joint learning of both global
and local scores can potentially improve performance for both tasks. Second, we treated prediction
of GDDTS and IDDT as independent tasks; there is a potential gain in addressing multiple quality
scores at the same time [1]. Finally, in this work we chose to focus on the contribution of the
loss function to method performance, so we used a relatively simple graph convolutional network
similar to the one used in GraphQA [1]. Finally, we expect that the proposed loss function can
be applied to regression problems whose objective is to detect high quality objects, and has the

potential to be a useful addition to any deep learning toolbox.
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Appendix A

License

Colorado State University LaTeX Thesis Template
by Elliott Forney — 2017
This is free and unencumbered software released into the public domain.

Anyone is free to copy, modify, publish, use, compile, sell, or distribute this software, either in
source code form or as a compiled binary, for any purpose, commercial or non-commercial, and

by any means.

In jurisdictions that recognize copyright laws, the author or authors of this software dedicate any
and all copyright interest in the software to the public domain. We make this dedication for the
benefit of the public at large and to the detriment of our heirs and successors. We intend this
dedication to be an overt act of relinquishment in perpetuity of all present and future rights to this

software under copyright law.

THE SOFTWARE IS PROVIDED "AS IS", WITHOUT WARRANTY OF ANY KIND, EX-
PRESS OR IMPLIED, INCLUDING BUT NOT LIMITED TO THE WARRANTIES OF MER-
CHANTABILITY, FITNESS FOR A PARTICULAR PURPOSE AND NONINFRINGEMENT.
IN NO EVENT SHALL THE AUTHORS BE LIABLE FOR ANY CLAIM, DAMAGES OR
OTHER LIABILITY, WHETHER IN AN ACTION OF CONTRACT, TORT OR OTHERWISE,
ARISING FROM, OUT OF OR IN CONNECTION WITH THE SOFTWARE OR THE USE OR
OTHER DEALINGS IN THE SOFTWARE.
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