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Abstract

Many protein structure prediction programs exist and they can efficiently gen-
erate a number of protein models of a varying quality. One of the problems
is that it is difficult to know which model is the best one for a given target
sequence. Selecting the best model is one of the major tasks of Model Quality
Assessment Programs (MQAPs). These programs are able to predict model ac-
curacy before the native structure is determined. The accuracy estimation can
be divided into two parts: global (the whole model accuracy) and local (the
accuracy of each residue). ProQ2 is one of the most successful MQAPs for
prediction of both local and global model accuracy and is based on a Machine
Learning approach.

In this thesis, I present my own contribution to Model Quality Assessment
(MQA) and the newest developments of ProQ program series. Firstly, I de-
scribe a new ProQ2 implementation in the protein modelling software package
Rosetta. This new implementation allows use of ProQ2 as a scoring function
for conformational sampling inside Rosetta, which was not possible before.
Moreover, I present two new methods, ProQ3 and ProQ3D that both outper-
form their predecessor. ProQ3 introduces new training features that are cal-
culated from Rosetta energy functions and ProQ3D introduces a new machine
learning approach based on deep learning. ProQ3 program participated in the
12th Community Wide Experiment on the Critical Assessment of Techniques
for Protein Structure Prediction (CASP12) and was one of the best methods
in the MQA category. Finally, an important issue in model quality assess-
ment is how to select a target function that the predictor is trying to learn. In
the fourth manuscript, I show that MQA results can be improved by select-
ing a contact-based target function instead of more conventional superposition
based functions.
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1. Introduction

Imagine a thread with 20 different types of beads attached to it. This thread can
fold bringing some of these beads together while keeping the others apart. All
of these beads have different properties and some of them like to be brought
close to each other, but some of them do not. Yet, the thread always folds in
such a way, that all of the beads are satisfied.

The above is a very simplified description of a protein folding process that
occurs naturally in every living cell. The thread is the polypeptide and the
beads are different amino acids that it consists of. The polypeptide could fold
in many ways, but it always acquires the same structure that is solely dependent
on the amino acid sequence [1].

Protein function is tightly associated with its three dimensional structure.
Therefore, determining protein structure experimentally is an important but,
unfortunately, very expensive and time consuming task. Determining the DNA
sequence that directly corresponds to the amino acid sequence of a specific pro-
tein is much easier. Therefore, many computer methods have been developed
for predicting protein structure from the amino acid sequence. These computer
programs can rapidly generate hundreds or even thousands of protein models.
However, the challenge comes when it is necessary to assess the reliability of
the models and select the best one out of all that are available. This is where
Model Quality Assessment Programs (MQAPs) can help.

The MQAPs have two tasks: (i) evaluating the overall (global) quality of
the protein model and (ii) evaluating the quality of the specific parts of the
protein model (local quality). Both tasks are important for different reasons.
The global quality estimation allows evaluation of the overall reliability of the
model and to select the best model out of several possible choices. The local
quality estimation, on the other hand, lets us determine which regions are likely
to be modelled correctly and which ones are not reliable. The low scoring
regions might be subject to protein structure refinement or simply ignored in
the further application of the protein structure.

Machine learning is a computer science discipline that can be applied in
many areas, such as image and speech processing, spam detection, recommen-
dation of goods to customers, etc. Many of MQAPs employ machine learning
algorithms [2—10], including ProQ [2] and ProQ2 [3], which have been one
of the most successful methods so far. In this thesis I present the most recent
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developments of the ProQ program series as well as discuss important issues
related to the protein model quality assessment in general.
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2. Biological background

2.1 Protein structure

Proteins are one of the most important and complex molecules in the cell, as
they carry out nearly every function, The transport of molecules in and out
of the cell is performed by specific transporters or channels, the interaction
with the environment is done by protein receptors, signals are transferred by
signalling cascades, the chemical reactions are catalysed by proteins called
CnEymes, cle.

Despite being able o perform so many different functions, all proteins
share the same basic structure. They are all made from 20 different amino
acids connected in a chain. The chain folds itself allowing different amino
acids to interact with each other and the protein in this way acquires a three-
dimensional shape.

Amino acld (1) Amino acld (2)
H H
T ,* H .
H 5 c
" e
N-ferinus C-lanminus

Figure 2.1: Peptide bond formation. Amino acid residues are denoted by R1 and
R2. Image source; https://en.wikipedia.org/wiki/Peptide_bond

The amino acids in the protein are joined by peptide bonds. The peptide
bond is formed when two amino acids join and the water is dissolved during
the process (see Figure 2.1). Residues that make one aminp acid different
from another are always attached to a carbon atom, which is called C-at. Two
C-ox atoms are connected by a peptide unit, which consists of C, O, N and H
atoms. The peptide unit always remains in a plane, but the bonds that connect
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it to the C-a atom can rotate. The rotation angles of these bonds are called
and ¥ and they are the only flexible regions of the peptide chain. Because of
that, knowing the sequence of ® and ¥ angles is sufficient to reconstruct the
structure of the protein backbone [1].

The most basic structural motifs in a protein are called secondary structure
elements. The two most common types of these elements are the ¢-helix and
B-sheet, which form because of regular hydrogen bonding patterns between
the atoms in the protein backbone. Random coils are not considered to be
secondary structure elements themselves, but rather connecting units that most
often connect a-helices and fB-sheets. In graphical representations, a spiral
usually denotes the a-helix and an arrow denotes the B-sheet. These sec-
ondary structure elements fold onto each other forming the tertiary structure
of a protein.

2.2 Protein folding

The protein is a long chain of amino acids connected by peptide bonds. After
the protein is produced it rapidly folds into a structure that minimizes the free
energy of the molecule. Some of the folding might already occur during the
process of producing the protein—one end might start folding while the other
end is still being synthesised. The final three-dimensional structure in general
depends solely on the sequence of amino acid residues [1].

When the protein folds it is driven by several forces [11]. The main ones
are:

e Hydrogen bonds. The hydrogen bonds between the protein backbone
atoms are the main reason of forming secondary structure elements that
stabilise the structure.

e Van der Waals interactions. The atoms in the structure core are tightly
packed and stabilised by van der Waals interactions.

e Backbone dihedral angle preferences. Certain ® and W angles are
preferred over the others.

o Electrostatic interactions. Some of the residues contain positive and
negative charges that constitute the attraction and repulsion forces. Par-
tial residue charges might also contribute.

e Hydrophobic effect. Hydrophobic residues tend to end up in the core
of a folded protein, while the hydrophilic residues remain outside. If hy-
drophobic molecules remained outside, they would disrupt the dynamic
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hydrogen bonding patterns of water molecules, which would result in
decreased entropy.

Cysteine residues also play an important role in protein folding, because
they can form disulphide bridges once the protein is folded, which stabilises
the final conformation. Disulphide bridges are common in proteins secreted to
extracellular medium [12].

In 1969, Cyrus Levinthal noted that a protein has a huge number of degrees
of freedom and would never be able to sample all possible conformations when
folding [13; 14]. For example, a protein that consists of 100 amino acids will
have 99 peptide bonds and 198 ® and W angles. Even if each angle was only
able to acquire 3 stable conformations, the total number of possible confor-
mations would be 3'%® = 2.95 %« 10°. In practise, ® and ¥ angles are not
independent, but for each & there are definitely at least 3 possible W angles,
so the above calculation holds. So even if the protein could sample each con-
formation at a rapid pace of 1 conformation per picosecond, then it still would
need more time than the age of universe to fold. Paradoxically, a protein folds
on a timescale of milliseconds or sometimes even microseconds. Levinthal
suggested that folding is guided by formation of local interactions that restrict
the conformation space and reduce the time of folding.
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3. Protein structure prediction

3.1 Motivation

Determining an amino acid sequence experimentally is much easier than deter-
mining a protein structure. Therefore, the gap between the number of proteins
with a known sequence and a known structure has heen widening for a long
time (see Figure 3.1). With the recent advances in DNA sequencing technolo-
gies, the gap is likely to increase even further [15].
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Figuore 3.1: The growth of protein sequence and structure data bases. PDB (Pro-
tein Data Bank) is a protein structure data base. UniprotKB/TrEMBL is an au-
tomatically annotated protein sequence data base. Plot author: David Menéndez
Hurtado.

Today, the most common technologies for protein structure determination
are X-ray crystallography and NMR spectroscopy.  Both of these are rather
expensive, time consuming and they do not guarantee to produce a reliable
protein structure [16]. The newest addition to the experimental protein siruc-
ture determination is the Cryo-EM technology. Just like NME, this technology
does not require for the protein 1o be crysiallised before its structure is deter-
mined. The downside is that Cryo-EM can only be used to determine the
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structure of sufficiently large proteins and the experimental cost is even higher
than X-ray crystallography and NMR spectroscopy.

An alternative approach would be to model protein structure in silico. That
is, given the protein sequence, predict the protein structure. According to An-
finsen’s dogma there is only one stable protein structure that corresponds to a
given sequence and a protein acquires that structure in vivo [1].

Knowing the exact protein structure can be useful for many reasons. Firstly,
the function of the protein in the cell is always related to the structure, so by
knowing its structure we can greatly increase our understanding of that pro-
tein’s biological significance. Secondly, knowing structure of the protein can
be beneficial for industrial applications. For example, many drug targets are
proteins, so by knowing the structure we can design a ligand that would in-
hibit a protein activity. Moreover, knowing protein structure can be useful for
biotechnology applications, because we can introduce amino acid substitutions
in the protein sequence that would change the structure in a meaningful way.

3.2 Comparative modelling

Protein structure prediction methods can be broadly divided into two groups:
comparative modelling and de novo modelling. Comparative modelling uses a
protein with a known three dimensional structure as a template for the predic-
tion. De novo methods try to model a protein structure from scratch without
any given template. Comparative modelling is usually more accurate if a good
template can be found. However, de novo modelling is useful for the cases
when no good quality template is available.

Comparative modelling can be divided into two groups based on how the
template is selected:

¢ Homology modelling.

e Threading (or fold recognition).

In homology modelling the template is selected based on sequence simi-
larity. This approach relies on the fact that proteins with similar sequences will
have similar folds [17].

Choosing a correct template is a very important step in the homology mod-
elling, because if a mistake is made at this stage it cannot be fixed later and it
will greatly affect the model quality. Many different algorithms exist that can
perform this step, among which probably the most popular ones are sequence
profile based methods such as the classical Psi-blast [18] method, or the more
advanced Jackhmmer [19] and HHblits [20] methods. The early methods, such

18



as Blast [21] or FASTA [22] used only the sequence information itself to search
for homologues, but later it was noticed that the search sensitivity and speci-
ficity could be improved if a sequence profile was used instead of only the
sequence itself. Sequence profile captures the evolutionary information, so it
contains more information than just the sequence itself. Sequence profile can
be used only for the query sequence (as it is done in Psi-blast), or both in
query and data base sequence (as it is done in Jackhmmer and HHblits). In
the early development stages profile-profile search methods were rather slow,
but the newest methods do not lag much behind the sequence-profile or even
sequence-sequence methods and provide much more accurate results [20].

Another important step in a homology modelling is choosing a correct
alignment of the query sequence to the template. Most of the homology search
algorithms, such as Psi-blast, Jackhmmer and HHblits, already provide an
alignment between the query and the template, but some other alignment pro-
grams or manual inspection can be used to refine the given alignment. There
are some rules of thumb, such as charged residues should not fall into the core
of the protein unless they are compensated by other residues of an opposite
charge or there is a functional reason for them to be in the core [17]. Also, in-
sertions and deletions should not fall in the middle of the secondary structure
elements. Similarly to template selection phase, the error in this step will have
grave effects on the final model.

Threading uses a similar approach as homology modelling, but the ways
the template is selected and alignment is made are different. Selecting the
template based on sequence homology proved to be a very robust criterion,
but sometimes there are no detectable sequence homologues. On the other
hand, the number of possible folds a protein can acquire seems to be rather
limited, so there are many proteins that share the same fold, even though their
sequences might not be evolutionary related. The main idea of threading is to
try to align a sequence to one of the folds based on the probability of the query
residues acquiring the given template structure. The algorithm tries to align
the query to all of the entries in a non-redundant fold data base and selects the
fold that gives the highest sequence to structure alignment score. A dynamic
programming algorithm similar to Needleman-Wunch [23] is often used to
align the sequence to the structure, however, some modifications have to be
made because of different scoring schemes. In Needleman-Wunch the scoring
scheme depends only on a single sequence position, however, in threading it
depends on several positions, because we need to evaluate the likelihood of a
sequence fragment to acquire a certain structural motif [24].

After the template and alignments are selected, the next step is the actual
modelling of the protein structure, which is done similarly both in homol-
ogy modelling and threading. The modelling of the backbone of the aligned

19



residues is usually a rather easy process, because most of the time it is enough
just to copy the aligned part from the template to the query. Modelling of the
insertions and deletions is more complicated and it is usually done by inserting
loops.

The loops for insertion can be taken from another homologous structure
with the same insertion as the target protein. However, if the insertion is
unique, the loop is modelled by searching a data base of structural fragments
of the same length. Two flanking residues from each side of the insertion are
often taken as the anchor points, which are used to align the new fragment.
The new fragment is superimposed with these residues and the RMSD (Root
Mean Square Deviation) is calculated between the two terminal residues of the
fragment from each side and the anchoring residues. The fragment that has
lowest RMSD, most similar sequence with the target and interferes least with
the target structure is selected and annealed to the model [17].

Short deletions can be dealt with by energy minimization that brings the
ends of deleted region together. If the deletion is large, it is more difficult to
deal with, unless the ends of the deleted region are close together. Otherwise,
it might be an indication that the model is incorrect [17].

Nowadays, threading programs are rarely used. Programs like Jackhm-
mer [19] and HHblits [20] can detect even very remote homologs that can be
used as templates, which made the above described threading template selec-
tion method partly obsolete.

3.3 De Novo modelling

An alternative approach to comparative modelling is de novo modelling where
no protein template is used. The classical de novo approach is all-atom molec-
ular dynamics simulation where the protein folding problem is tackled by us-
ing first principles of protein folding. Using laws of classical physics, the
forces and velocities of all particles in the system are modelled by the laws
of classical physics. The collection of functional forms and parameters used
to evaluate a potential energy of a given conformation is usually referred as a
force field [17]. There have been a variety of force fields developed for the
problem of protein folding, among the most popular ones are CHARMM [25]
and AMBER [26]. As alternatives to molecular dynamics, Monte Carlo sam-
pling or simulated annealing can be used to search the conformational space
for the lowest energy structure [17].

Perhaps the most effective template-free modelling approach is fragment-
based methods. The protein is split into short fragments and a structural data
base is searched for fragments with similar sequences. In the end, fragments
are assembled together and the feasibility of the model is evaluated by a scor-
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ing function [27]. The most popular fragment-based method is ROSETTA [28].
It uses random replacements of structure with 3 and 9 residues long frag-
ments derived from PDB. Other popular fragment-based methods include I-
TASSER [29] and FRAGFOLD [30].

Recently, there has been a breakthrough in contact prediction methods that
are based on evolutionary information [31-34]. The main idea of these meth-
ods is that if a mutation causes a substitution of one residue that is close in
space to another, there will be a compensatory mutation leading to a substi-
tution of the second residue. Therefore, residues that are in contact will have
correlated substitutions in a multiple sequence alignment. The residues that
are predicted to be in contact can be used as a constraint for de novo folding
protocol [35].

34 CASP

The Critical Assessment of protein Structure Prediction (CASP) is a community-
wide experiment that aims to evaluate methods in the protein structure predic-
tion field [36]. The competition type experiment is held every two years during
summer and it is done in collaboration with experimental structure determina-
tion teams. The amino acid sequences of protein structures that are soon going
to be determined by X-ray or NMR methodologies are released to the CASP
participants and they have a fixed amount of time to submit their protein struc-
ture models that correspond to these sequences. After the experimental protein
structure coordinates are released, the CASP organisers evaluate all of the pre-
dictions. In the end of the same year (usually December), a CASP meeting is
organised where the organisers announce the results and the most successful
participants present their methods.

Protein structure prediction in CASP is divided into two main categories:
server prediction and human prediction. The server prediction category was
originally organised as a separate experiment (CAFASP [37]), but nowadays
it has effectively merged into CASP. In this category, only fully automated
method servers are allowed to participate and the deadline for submitting the
predictions is very short—2 days. In the human category, the model submis-
sion deadline is longer (usually 3-4 weeks) and the human experts are allowed
to use any of the server predictions that are all made available to them.

Protein structure predictions in CASP are further divided into two cate-
gories based on the target difficulty. The high Accuracy Modeling category
includes so called "easy" targets where most of the groups have submitted suf-
ficiently accurate models [38]. These models are carefully analysed to evaluate
main chain, side chains, atomic accuracy, and contacts, as well as hydrogen
bonds and covalent geometry. This category was formerly called "template
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based", because most of the easy targets usually have a homologous protein
with 3D coordinates available, so this protein can be used as a template in
comparative modelling (see section 3.2). The other category is called "Topol-
ogy" and it includes "hard" targets where most of the groups have submitted
models of relatively low accuracy. Most of the time these targets do not have
any homologous protein with a known 3D structure, therefore, this category
used to be called "Free Modelling".

CASP also has several other categories that directly or indirectly are related
to protein structure prediction [38]:

e The Biological Relevance category, in which models are assessed on
the basis of how well they provide answers to biological questions.

e The Data Assisted category assesses how much model accuracy can be
improved with the use of sparse data, such as simulated and actual sparse
NMR data, crosslinking data, and low angle X-ray scattering data.

e The Contact Prediction category, in which the ability of methods to
predict contacts between residues in the target structures is assessed.

e The Refinement category, in which the ability to refine the quality of a
given structural model is assessed. The starting model is usually one of
the best server predictions from the initial stage.

e The Assembly category assesses how well current methods can deter-
mine domain-domain, subunit-subunit, and protein-protein interactions.
There is also a separate CAPRI [39] experiment that solely focuses on
solving this problem.

e The Accuracy Estimation category, in which the ability of methods to
predict the accuracy of a given protein model is assessed. This cate-
gory is also sometimes referred as Model Quality Assessment (MQA)
category.

3.5 CAMEO

CAMEQO [40] is a similar protein structure prediction experiment as CASP,
but with a few differences. The main difference is that CASP takes place
every two years while CAMEO runs non-stop all the time. Every week PDB
announces the sequences of the proteins whose three dimensional structures
will be released. The CAMEO server sends these sequences to all participating
structure prediction servers. After the structures are released (usually within
a week), the predictions are evaluated. The CAMEO server allows the user
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to examine the methods’ performance within 1 week, 1 month, 3 months, 6
months or 1 year time range. CAMEO evaluates methods in three categories:
structure prediction, model quality assessment and contact prediction.

3.6 Pcons and ProQ methods history and introduction of
model quality assessment in CASP

In the first three rounds of CASP human experts always outperformed auto-
mated server methods. However, in CASP4, the server methods started to
compete with the human experts. Only 11 out of 103 human groups have
outperformed the best server method (3D-PSSM). Moreover, at the 7th place
there was a semi-automated CAFASP-CONSENSUS method [37]. The idea of
CAFASP-CONSENSUS method was then implemented into a fully automated
server Pcons [41].

In the beginning Pcons used 6 different servers and a neural network ap-
proach to select the best model out of the available ones [42]. Pcons has trans-
lated the reported confidence scores by servers into uniformly scaled values
and used them together with model similarity to select the best model [41].
Partly because of good performance of Pcons and other similar servers, it was
soon realised that selecting the best model out of several possible ones is a
very important problem. One approach to solve this problem would be to as-
sess models based on their similarity to each other, as it was done in Pcons
and 3DJury [43]. Initially, the difference between Pcons and 3DJury was that
3DJury used a simple average similarity between the models, while Pcons used
a more involved neural network approach, however, later Pcons was simplified
and used the same approach as 3DJury [44]. An alternative approach would
be to assess the model quality only based on the physico-chemical properties
of the protein model itself. One of the first Model Quality Assessment (MQA)
methods that employed this approach was ProQ [2].

In CASP5 Bjorn Wallner and Arne Elofsson participated with servers Pcons
and Pmodeller [42]. Both of them were meta-servers and the only differ-
ence between them was how the best model was chosen among the available
ones. Pcons used the above-described approach, while Pmodeller combined
Pcons with ProQ. A simple linear combination of model quality scores was
used: Pmodeller =0.75 % Pcons +0.17 * ProQ and the model with the highest
score was chosen. Pmodeller has demonstrated an outstanding performance in
CASPS, outperforming most human experts. Also, Pmodeller has performed
consistently better than Pcons.

With an increasing understanding of the importance of model quality as-
sessment in the field, it was introduced as a separate category in CASP7. The
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participating groups are evaluated in two sub-categories: the ability to predict
the quality of the whole protein model (global quality) and the ability to predict
the quality of each residue (local quality).

Pcons continues to successfully participate in CASP experiments both alone
and in a combination with ProQ methods [45-47]. The combination of ProQ
and Pcons was renamed from Pmodeller to Pcomb. There has been several new
ProQ version developed: ProQ2 [3], ProQ3 [9] and ProQ3D [10] while Pcons
method remained stable since CASP8. Even though, Pcons uses a simple ap-
proach, it remains among the best performing consensus methods in Model
Quality assessment category [45-47].

3.7 CASPI12 results

In CASP12, we have participated in MQA category with several ProQ ver-
sions including ProQ3 and the preliminary version of ProQ3D, as well as the
classical Pcons method and Pcomb method that combines ProQ3 and Pcons
using the formula Pcomb = 0.8 x Pcons + 0.2 x ProQ3. At the time of writ-
ing, the results are already presented at the CASP12 meeting in Gaeta, Italy
and the automatic evaluation is available online, but the papers presenting the
evaluation are not yet published. However, it is already clear that ProQ3 per-
formed very well in the CASP12 MQA category. In some cases of global
evaluation, it outperformed not only single-model methods, but also consen-
sus methods. For example, when evaluating the absolute score difference from
the best model according to LDDT measure, ProQ3 method has ranked in the
first place among all of the methods (see Figure 3.2). In the local model quality
evaluation, consensus methods still significantly outperform the single model
methods. Here, Pcons and Pcomb demonstrated very good results.

The preliminary version of ProQ3D (which was named ProQ3_1) in some
cases (for example, model selection) performed worse than ProQ3. The reason
might be that it was not well optimised at the time of CASP12.

We have also participated with a predictor RSA_SS_CONS. This is a base-
line predictor that only uses relative surface area accessibility and secondary
structure agreements as well as conservation. It was interesting to see that such
a simple predictor performed better than many of the more advanced methods.
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Figure 3.2: CASP12 MOQA results showing the absolute score difference from
the best model,  Showing the first 25 methods out of 42, sorted by LDDT
score.  lmage source: http://www.predictioncenter.org/caspl2/qa_
diff2best.cgi
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4. Machine Learning

4.1 Introduction to Machine Learning and its Application
in Model Quality Assessment

Machine learning is a computer science discipline that evolved as a sub-field of
Artificial Intelligence [48]. The main purpose of Machine learning is to learn
and predict the rules and patterns that govern the data. It has many applications
such as spam filtering, optical character recognition, detection of malicious
behaviour on the Internet, etc.

Machine learning can be broadly divided into three categories:

e Supervised learning. In this type of problem there are data where the
desired outcome is known. These data are used to train the algorithm to
find patterns inside the data that allow it to predict the desired outcome.
This algorithm can be later used to predict the outcome for the data
where the outcome is unknown. The classic examples of supervised
learning are classification and regression.

o Unsupervised learning. Here, there are no desired outcomes (or "la-
bels"). Instead, the goal is to find patterns of how the data is structured.
An example of unsupervised learning is clustering.

e Reinforcement learning. Here, the machine learning algorithm inter-
acts with a dynamic environment trying to achieve a particular goal, for
example, car driving.

In Model Quality Assessment (MQA) the most common type of machine
learning used is supervised learning, regression in particular. A number of
features are extracted from a protein model that describes its physico-chemical
properties. These features can be used for training the method to predict model
quality, which is often represented as a continuous value in a range from 0 to
1.

As mentioned in chapter 3, protein structure prediction algorithms can be
used to predict the structure from the amino acid sequence of a protein whose
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experimental structure is unknown. However, these algorithms can be bench-
marked on the protein sequences for which the experimental structure has al-
ready been determined. The quality of these models can be evaluated by sev-
eral different measures, like S-score [49; 50], TM-score [51], GDT_TS [52],
LDDT [53] and CAD [54] (see Paper IV).

The models for which the experimental structure is known can be used to
train MQA programs. The score that these programs are trained to predict is
called a target function. For example, ProQ2 [3], ProQ3 [9] and ProQ3D [10]
use S-score as a target function. After the method is trained, it can be used to
predict the quality of any protein model, even without a known experimental
structure.

4.2 Training and testing

An important issue in supervised learning is how to train the best method and
test its performance in an unbiased way. There are some general rules that
should be followed.

The data should be split into the training data and test data. The test data
should be independent from training data, i.e. the data that has been used
for training cannot be used for testing. Preferably, even similar samples (for
example homologous proteins) from the training set should not appear in the
test set for a completely unbiased evaluation.

In a comparison of different training methods (for example, SVMs vs deep
learning), different architectures (for example, the number of hidden layers in
an artificial neural network) or in tuning of hyper parameters of your method
(for example, C and gamma parameters of an SVM with a radial kernel), a
third data set is needed, which is called a validation set [55]. The training
set is used to fit the basic parameters ("weights"), in other words to train the
method. The validation set is used to compare the performance of different
types of predictors, architectures, or hyper-parameters. Finally, the test set is
used to independently evaluate the performance of the final model.

A common split between the training set and a validation set is 70% to
30%. Another option is to perform a cross-validation. In this case, the data
set is split into N parts. At each iteration, N-1 parts are used for training and
one part for testing. This routine is performed N times until all parts have
been used for testing. So, for example, if you perform 10-fold cross-validation
(N=10), effectively you train your method on 90% of the data, but in the end
you get the performance on 100% of the data. Therefore, it is a good option in
case you do not have a large data set.

An important concept in machine learning is overfitting. It occurs when the
method’s performance is much better on the training set than on the validation
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and test sets. The reason is usually that the model has to many parameters that
are over-optimised to predict the training samples. These models memorize the
exact locations of the training data points, but they fail to make generalisations
about the rules that govern the data (see Figure 4.1). To avoid this problem one
should always test the model on unseen data (1. e. validation and test sets).
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Figure 4.1: Overfitting data. The daia poinis are generated with alinear function
with some noise. Two fitted models are shown: linear (black) md polynomial
iblug). The polynomial model maiches the training samples perfectly but is very
likely to fail when some new data is presented. lmage source: https://en.
wikipedia.org/wiki/Overfitting

4.3  Support Vector Machines

Support Vector Machine (SVM) is a supervised learning approach that can be
used for classification or regression, Traditional SWVMs that are used for classi-
fication divide the space of the training vectors by a hyperplane that maximises
the margin between the two classes. In a linear SVM, the hyperplane will al-
ways have N-1 dimensions, where N is the number of dimensions of a feature
vector [36].

There are two types of margins that are used to separate the training in-
stances: hard margin and soft margin. A hard margin effectively separates the
two classes by two parallel hyperplanes and does not allow any training in-
stances to be present between them (see Figure 4.2). The soft margin, on the
other hand, allows some of the training instances to be present between the
hyperplanes, but tries to minimise the number at the same time as maximising
the margin.

More formally, il the training points are lincarly separable, we can find
two parallel hyperplanes that separate the points and have a maximum distance
("margin”) between them (see Figure 4.2). These hyperplanes can be described
by equations:

29



Figure 4.2: A maximum margin hyperplane for SVM trained on two classes. Im-
age source: https://en.wikipedia.org/wiki/Support_vector_machine

Wexd—b—1 4.1)

and
WweX—b=—1. (4.2)

The distance between these two hyperplanes is % S0 to maximise the
distance. we need to minimise ||w)|.

In order to ensure that the training points do not fall inside the margin, we
need to add constrains subject to the training labels v;:

weX—b=1, if w—1 (4.3)

or

wex—pb<-—1, il v=-—1. 4.4

So in order to train the linear SVM classifier with hard margin, we need
to minimise ||w|| subject to the above mentioned consirainis, A similar prin-
ciple applies to soft margin classifier, but instead of having hard constraints, a
penalty function is defined for points falling inside the margin.

Notice that the hyperplanes that separate the two classes only depend on
the position of the training points that are closest o it. These raining points
are called support vectors.

The training points often cannot be separated by a linear function, In this
case, the so called "kernel trick” can be applied that transforms the feature
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space into a higher dimensional space where the points can be separated [57].
To achieve this, the simple dot product for vectors is replaced by a non-linear
kernel function. Popular kernel functions include polynomial, hyperbolic tan-
gent and Gaussian radial basis function.

The original SVM was created for the purposes of classification, but later it
was modified to do a regression, too. In this case we are looking for a function
that has at most € deviation from all of the training instances and is as flat
as possible [58]. Analogously to the classification task, first we define a linear
function f(X) = w-X+b. Finding as flat as possible function means minimising
||w]|*. So the whole problem can be rewritten as:

1
minimise EHW/HZ, subjectto abs(y;—w-X—b) <€, 4.5)

where abs() denotes the absolute value.

The equation describes what is analogous to "hard margin" in a classifica-
tion case, because all points must fall within € of our function. Sometimes this
is not feasible, so it is more convenient to allow points outside the & margin,
but add a penalty function (see [58] for details).

Moreover, just like in a classification case, it is possible to define other
kernels that can be used instead of a dot product. Hence, the regression can be
performed in a non-linear space.

4.4  Artificial Neural Networks and Deep Learning

An Artificial Neural Network (ANN) is a supervised machine learning model
that was initially inspired by how neurons function in the brain [59]. In the
canonical configuration, the network receives signals through the input layer
and outputs it in the output layer (see Figure 4.3A). Between the input and the
output layers there might be several hidden layers of neurons. These hidden
layers are essential for the network to be able to tackle advanced problems.
The network that only transmits the signal forward, but does not feed it back
to the neurons of the previous layers, is called a feed-forward neural network.
If all of the nodes of one layer are connected to all of the nodes in the next
layer, then the network is called a fully connected feed-forward network [60]
or, more traditionally, a multi layer perceptron [61].

Each neuron in the network has a weight and when the signal is transferred
from one layer to the next, a weighted sum of all signals from the previous layer
is calculated (see Figure 4.3B). In addition to that, a non-linear transformation
function is applied on each signal. The most common non-linear function
used nowadays is the rectified linear unit (ReLU). This function is defined as
f(x) = max(0,x), so it simply sets all of the negative values to zero [60].
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Training the network means finding the optimal weight vector w that min-
imises the loss function L{w) [60)]. The loss function measures the fit between
the output of the neural network and the true labels of the data. Currently, the
most common algorithm for training the network is backward propagation that
uses a stochastic gradient descent. At each step the current weight vector is
moved towards the direction of steepest descent dw. The amount of how much
the vector is changed at each step is determined by the learning rate 1. The
learning rate is often gradually decreased during training. This allows to es-
cape the local minima in the beginning and fine tune the final weights in the end
of the training (sce Figure 4.3C). To reduce the sensitivity of specific choice
of the learning rate, the adaptive learning rate methods have been developed,
such as RMSprop, Adagrad [62], Adadelta [63] and Adam [64].
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Figure 4.3: (A) Artificial Neural Network. (B) Calculating the weighted sum of
signals. (C) Training method using a stochastic gradient descent and a decreasing
learning rate. Image source: ref [60]

The idea of ANNs has been around for a long time, but in the 1990°s i
was overshadowed by other supervised machine learning algorithms such as
Support Vector Machines and Random Forests. The interest in ANN was re-
vived around 2006 when a group of researchers from the Canadian Institute
of Advanced Research introduced a pre-training procedure [65]. This proce-
dure has allowed to initialise the network weights to reasonable values without
requiring labelled data. Such approach proved to be extremely useful when
the amount of training data is small and worked remarkably well in handwrit-
ing and speech recognition. Adter the interest in ANNs was revived, it turned
oul that pre-training is only necessary when the training data set is small [66].
The advance in computational technologies, especially Graphical Processing
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Units (GPUs), allowed introduction of more hidden layers to networks and to-
gether with newly developed training procedures led to revolutionary results in
machine learning. Since then, the Artificial Neural Networks were rebranded
as Deep Neural Networks and the whole area is nowadays referred as Deep
Learning [60].

Although, the fully connected feed-forward network is the recommended
default choice for supervised learning [60], in some cases a specialised archi-
tecture can provide better results. For example, Convolutional neural networks
are well suited for multi-dimensional data, such as two-dimensional images or
genomic data [60]. Recurrent neural networks perform very well on sequential
data such as text, protein or DNA sequences [60]. Some of the deep learn-
ing approaches are also used for unsupervised learning, for example, restricted
Boltzmann machines [67], autoencoders and deep belief networks [68]. These
methods can learn low-dimensional feature representations from a high di-
mensional feature space, similar to Principal Component Analysis, but in a
non-linear way [60].

An important issue in training Deep Neural Networks is overfitting. Dropout [62]
is a common regularisation technique that helps to avoid it. In this method, the
activation of part of the neurons is set to zero during each step of the training.
This intuitively corresponds to a set of networks whose predictions are aver-
aged. The dropout rate parameter sets the probability that each neuron is going
to be deactivated during the particular iteration. A common choice for this pa-
rameter is 0.5, so approximately half of the neurons are deactivated at each
step. Dropout is often combined with regularising the magnitude or parameter
values by L2 and less commonly with L1 norm [60].
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5. Model Quality Assessment

5.1 Scoring Functions

It has long been of interest to be able to identify the native protein structure
among a set of many decoys (possible conformations). One of the first methods
that tried to address this task were scoring functions. There are two main types
of scoring functions: physics-based energy functions and knowledge-based
statistical potentials [69].

Physics-based energy functions like AMBER [26], CHARMM [25] and
OPLS [70] have been developed to describe the force fields that guide protein
folding process. Electrostatics, hydrogen bonds and Van der Waals interac-
tions are some of the forces that are included in these energy functions. The
idea to perform molecular dynamics simulations based on the first principles
of protein folding is attractive, but unfortunately, computationally very expen-
sive. Therefore, the energy function parameters are optimized on much smaller
systems than a protein. Moreover, to reduce the computational complexity, the
interactions with water are often ignored in the calculations. Therefore, these
functions fail to evaluate one of the most important aspects that make a stable
protein conformation - the hydrophobic effect. Furthermore, since the simula-
tion can only produce a single conformation at the time, it does not evaluate
the entropic effect. Some of the later methods tried to take these important as-
pects of protein folding into account and use them together with physics-based
energy functions to identify the native protein conformations [71; 72].

Another approach to identify native or native-like states is to use knowledge-
based statistical potentials. The statistical potentials are often derived based
on equations derived from physics (like the Boltzmann equation) and they are
parametrised using the set of available protein structures in the Protein Data
Bank [73]. The most common types of statistical properties that were used are
residue-residue and atom-atom contact potentials [24; 74; 75].

Sippl has created the popular Prosa II program that calculates the proba-
bility that two residues with the separation of N residues in the sequence are
lying at distance D in space [74]. This statistical potential is parametrised
on structures from PDB and used to evaluate protein models. A very similar
pairwise residue distance potential was also applied in threading to evaluate
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the sequence to structure alignments in GenTHREADER program by David
Jones [24]. GenTHREADER combined the pairwise residue distance based
potential with five other scores and trained a neural network to predict the final
sequence to structure alignment score.

Not all of the atom-atom and residue-residue potentials are distance-dependent.
Miyazawa and Jernigan derived a residue-specific contact potential for all pos-
sible pairs of the 20 amino acids, which is not distance dependent [75]. This
contact potential, in addition, to an attractive energy term also has a repulsive
energy term operative at higher densities to prevent overpacking.

Errat [76] scoring function evaluates atom-atom contacts, but uses a slightly
different approach than the other statistical potentials. The atoms are grouped
into several groups based on their types, and the fraction of interactions be-
tween each group is calculated. The distributions of these contacts are derived
from a set of high-resolution native structures and later used to evaluate the
protein models. Unlike the other scoring functions, Errat was originally devel-
oped to identify errors in the PDB database.

The more conventional Dfire method [77] derived both distance-dependent
and residue-specific all-atom statistical potential. Another state of the art
method Dope [78] uses distance-dependent all-atom statistical potential, but
unlike other methods it does not use the assumption of Boltzman distribution
derived from statistical mechanics, but instead it derives a statistical potential
entirely on probability theory.

In addition to residue-residue and atom-atom potentials, an important as-
pect employed by knowledge-based functions is hydrophobicity. The residue
type and the degree of its burial are used as a statistical potential both in thread-
ing [24; 79] and in model quality assessment [80]. Torsion angle potentials are
also employed by some knowledge-based scoring functions [81; 82].

Modern scoring functions often combine several types of knowledge-based
statistical potentials. The dDfire method [83], in addition to the distance-
dependent residue-residue potential that was used in its predecessor, has also
added a statistical potential that describes the orientation dependence of polar
atom interactions. GOAP potential [84] combines distance-dependent residue-
residue potential that is defined exactly in the same way as in Dfire and a polar
atom orientation angle potential, but it is defined differently than in dDfire.

Rosetta [28] is a protein modelling software that has probably the most
complicated scoring function. The default scoring function "talaris2013" con-
sists of 16 different terms and the total energy term. Van der Waals, electrostat-
ics, solvation, hydrogen bond, side-chain packing terms and backbone angle
potentials are all included into the scoring function. In addition to that, Rosetta
has as many as 174 energy terms that can be included into user-defined scoring
functions.
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Sometimes another type of scoring functions is distinguished—Ilearning-
based functions [2]. However, for the purposes of this thesis we will assign
learning-based functions to single model quality assessment method type.

5.2  Model Quality Assessment Programs

There is no clear distinction between a scoring function (or energy function)
and a Model Quality Assessment Program (MQAP). The scoring functions
are able to find the protein conformation that is closest to the native state,
if all the conformations are generated for the same target and by the same
method. However, the scoring functions usually fail to reliably evaluate the
protein model quality if the models are created for different targets or by us-
ing different methods [4; 69]. This problem is usually addressed by MQA
programs.

Being able to provide an accurate non-relative estimate of the global model
accuracy is an important feature of the MQAPs. For example, models of
medium quality can be useful for predicting the protein function or validat-
ing the results of experiments. On the other hand, they cannot be used for
inhibitor design or docking [85]. Moreover, MQAPs are useful in protein
structure prediction meta-servers when a lot of models are created by differ-
ent methods and there is a need for a criterion to select the best model. On the
other hand, MQAPs are often more complicated than the scoring functions and
take a longer time to run.

MOQAPs can be broadly divided into three categories: single-model meth-
ods that only use the information contained in the protein model, consensus
(sometimes called "clustering") methods that evaluate model quality based on
its similarity to other models, and so-called "combined" methods that use a
combination of single-model and consensus method approach. Most of the
consensus methods take a set of models as an input, however, there is a sub-
category of consensus methods, called "quasi-single" methods that take only
one model as an input and generate a set of models internally to use them for
the comparison with the input model.

Consensus methods usually outperform single-model methods in most of
the evaluation categories [45—47; 85; 86]. However, the development of single-
model methods is still important for several reasons. Firstly, sometimes there is
only a single model (or a very small number of models) to evaluate and the con-
ventional consensus methods cannot be used. Quasi-single methods can still
be used in this case, but they often take a longer time to run, because it takes
time to generate a set of decoys that are used for consensus evaluation [87].
Secondly, the combination of single-model methods and consensus methods
very often provides better results than either of the approaches alone [45-47].
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Finally, single-model methods often perform better than consensus methods in
model selection category of evaluation (see section 6.4).

Assessing the global model quality of a protein model is just one of the
questions MQAPs are trying to address. Another important task is to evaluate
the local quality—estimate the probability that each residue is modelled cor-
rectly. Some of the MQAPs address only the global evaluation problem [2; 4;
7; 8], while others perform both local and global assessment [3; 5; 6; 41; 69;
87-89].

In addition to scoring functions and MQAPs there could be a third type of
quality assessors distinguished—the ones that perform stereochemistry checks.
Some of the popular stereochemistry checking programs are PROCHECK [90],
WHATCHECK [91] and MolProbity [92]. These methods perform a basic
check whether the model stereochemistry is correct. However, the fact, that
model has a correct stereochemistry, does not mean that its backbone confor-
mation is close to the native state and vice versa. Nevertheless, some of the
MQAPs perform stereochemistry checks as one of the steps to evaluate the
protein model.

5.3 Single-model methods

Single-model quality assessment methods are the ones that use only the infor-
mation contained in the protein model to estimate its quality. Many of these
methods use a machine learning approach [2-10]. The relevant training fea-
tures are extracted from the protein structure and sequence and fed into a su-
pervised machine learning method to predict the target function that represents
the quality. These methods differ between themselves in the machine learning
method that is used, features that are extracted, training data sets and target
functions.

ProQ [2] program was one of the first machine-learning-based single-model
quality assessment methods. It uses a neural-network machine learning method
and has two target functions: LG-score [49] and MaxSub [93]. The train-
ing features of ProQ program are atom-atom contacts, residue-residue con-
tacts, solvent accessibility surfaces, secondary structure and fatness (the over-
all shape of the protein).

The atom-atom and residue-residue contacts in ProQ are defined in a sim-
ilar way as in the Errat [76] scoring function. The atoms and residues are
divided into certain groups based on their properties and the pairwise contacts
between each group are counted. In order to avoid the dependency on pro-
tein size, the fraction of a total number of contacts is taken as opposed to the
absolute counts.
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Two very important features in ProQ are solvent accessibilities and sec-
ondary structure. The secondary structure feature is calculated as an agree-
ment between the secondary structure observed in the model (evaluated by
STRIDE [94]) and the one predicted from the sequence (using PSIPRED [95]).
The original version of ProQ used only the solvent accessibility surfaces cal-
culated from the model (using NACCESS [96]), however, later versions of
ProQ [3; 9; 10], also calculated the agreement between solvent accessibilities
observed in the model and the ones predicted from the sequence (using AC-
CPRO [97]). The secondary structure and solvent accessibility predictors are
rather accurate, so it is likely that for good structural models these agreements
will be high.

Unlike the scoring functions, MQAPs are often trained on models of vary-
ing quality rather than the native structures from PDB. ProQ was trained on
LiveBench-2 data set [98].

The original ProQ program was developed to predict only the global qual-
ity of a protein model, however, the later versions are also able to predict the
local (per-residue) quality [3; 9; 10; 88]. For further description of other ProQ
methods see chapter 6 and the corresponding manuscripts.

Another global predictor ModelEvaluator [4] is based on Support Vector
Machines (SVM) with a radial kernel. The training features include secondary
structure and solvent accessibility agreements similar to ProQ. The features
that differ from ProQ are predicted and observed residue contact agreement, as
well as, predicted and observed contact order agreement. The training is done
on models generated by three different methods (Robetta [99], Sparks3 [100]
and FOLD-pro [101]) spanning 64 CASP6 targets. The target function is
GDT_TS [52].

SMOQ [5] uses a similar approach to ModelEvaluator, but it can pre-
dict local quality in addition to global quality. The authors have tested three
sets of features: basic, profile and SOV (Segment Overlap Measure for sec-
ondary structure), but the final version of the program included only the ba-
sic set of features. Basic features include amino acid sequence, secondary
structures, solvent accessibility, and residue-residue contacts (predicted using
NNcon [102]). The machine learning method used was SVM with a radial
kernel and the target function was a distance between the model and the native
structure. The global scores were derived using a formula similar to S-score
that is also used in ProQ2. The method was trained on 85 CASPS targets.

Statistical-based potentials (scoring functions) are sometimes included into
MQAPs as training features. The Qprob method [7] utilises three scoring func-
tions: RF_CB_SRS_OD [103], RWplus [104] and DFIRE2 [83]. These scor-
ing functions are protein length dependent, so they are normalised by a sim-
ple linear regression before training. Other training features used are several
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different descriptions of secondary structure and surface area accessibilities,
as well as Euclidean compact score that describes compactness of the model.
Qprob predicts only the global quality and the target function is GDT_TS. The
method uses the Expectation Minimisation (EM) algorithm to select the feature
weights that are optimised to decrease average GDT_TS loss. The algorithm
was optimised on 99 CASP9 targets.

Lately, deep learning has been a popular approach in MQA. Wang_deep
methods [6] use a combination of SVM and Stacked Denoising Autoencoders.
The training features were amino acid sequence, profile, secondary structure
and solvent accessibility agreements, predicted and observed residue-residue
contacts (using NNcon [102]), and segment overlap measurement (SOV) for
secondary structure. The features were generated using a 15-residue sliding
window. The target function was per-residue distance error and the global
scores were derived in a similar way as in ProQ2. The training set was CASP8
and CASP9 data sets (1 model per method).

DeepQA is another recent deep learning method. It is a meta-predictor that
uses scores from ModelEvaluator [4], Dope [78], RWplus [104], Qprob [7],
GOAP [84], RF_CB_SRS_OD [103], OPUS [105], ProQ?2 [3] and DFIRE?2 [83]
as training features. In addition to that, it also includes several descriptions
of secondary structure, solvent accessibility surfaces and Euclidean compact
score. A deep belief network is trained with two hidden layers of Restricted
Boltzmann Machines (RBMs) and one layer of logistic regression node is
added at the top to output a value between 0 and 1. The training data set con-
sists of models from CASPS, CASP9, and CASP10, 3DRobot decoys [106]
and 3113 native protein structure from PISCES database [107].

Even though a machine learning approach seems to be the most popular
among MQAPs, some methods do not use it. For example, the Qmean [69]
method uses a simple linear combination of its scoring terms and the coeffi-
cients are optimised using regression. The scoring terms included into Qmean
are distance-dependent residue-residue potential, solvation potential, torsion
angle potential as well as secondary structure and solvent accessibility agree-
ments. The data set used for optimisation was CASP6 with low quality models
(GDT_TS < 0.2) removed.

Another method that does not use a machine learning approach is VoroMQA.
The method is not yet published, but according to the CASP12 abstract [108] it
derives a knowledge-based statistical potential based on atom-atom and residue-
residue contact areas. The implementation details will be available in the up-
coming paper.

The authors of all of the mentioned methods have benchmarked them on
different data sets, but the most reliable and objective evaluations are the ones
performed by CASP organisers [45—-47; 85; 86]. The ProQ methods since their
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introduction were among the best single-model quality assessment methods.
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6. Summary of papers

6.1 ProQ2: estimation of model accuracy implemented in
Rosetta (Paper I)

ProQ2 is a machine learning based model quality assessment method. It takes
as an input several features calculated from protein model and predicts the
target score, which is called S-score [49; 50]. The main input features are
atom-atom contacts, residue-residue contacts, conservation, solvent accessi-
bility surfaces and secondary structure. ProQ2 can predict quality for each
residue separately by considering input features from all surrounding residues
within a fixed size window. The global model quality in ProQ?2 is calculated
as a sum of local scores divided by the protein length. The machine learn-
ing method used in ProQ2 is a Support Vector Machine (SVM) with a linear
kernel.

The original version of ProQ2 was implemented as a stand-alone software
and a web-server. Here, we implemented the method inside Rosetta [28] mod-
elling software. This allows users to use ProQ2 as a scoring function for pro-
tein conformational sampling inside Rosetta. Moreover, such integration al-
lows to easily use ProQ2 together with other Rosetta tools. For example, one
benefit was demonstrated by using ProQ2 together with Rosetta side-chain
repacking protocol. Different protein structure prediction methods have dif-
ferent ways of modelling the side chains, so adding a side-chain repacking
step eliminates these differences and allows to evaluate protein model quality
based on the correctness of the backbone. Finally, ProQ2 implementation in
Rosetta has removed several software dependencies, including Naccess, Pro-
Qres, Stride and SVM-light.

6.2 ProQ3: Improved model quality assessments using
Rosetta energy terms (Paper 1I)

Compared to ProQ2, ProQ3 introduces new training features calculated from

Rosetta energy functions. There are two types of Rosetta [28] energy func-
tions: full-atom and centroid. A full-atom function takes into account all atoms
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in the protein, while a centroid function only considers the protein backbone.
We used the “talaris2013” full-atom energy function that has 16 energy terms
and the total energy term. We also used four energy terms from the “cen_std”
energy function and five other independent centroid energy terms. All of these
energy terms were scaled between zero and one using sigmoidal transforma-
tion and their values were averaged using varying window sizes. We trained
an SVM with a linear kernel on all of these energy terms averaged over differ-
ent window sizes. We call the methods that use full atom and centroid energy
terms ProQRosFA and ProQRosCen respectively and we call the method that
uses all energy terms together with all ProQ2 training features—ProQ3.

We showed that ProQ3 consistently outperforms ProQ2 on CASP11 and
CAMEDO data sets. We have evaluated both local and global correlations on the
whole data set as well as average per target and average per-model correlations.
Moreover, we benchmarked the ability of methods to select the best model as
measured by the average first ranked GDT_TS [109] scores of the selected
models. This was the only evaluation category where ProQ3 did not perform
significantly better than ProQ2 in our benchmark.

ProQ3 participated in CASP12 experiment and was one of the best single-
model quality assessment methods. Interestingly, in CASP12 ProQ3 signifi-
cantly outperformed ProQ2 even in model selection evaluation category.

6.3 ProQ3D: Improved model quality assessments using
Deep Learning (Paper III)

ProQ3D uses the exact same input features as ProQ3, but the SVM method
is replaced by a deep neural network. We have used a fully connected feed-
forward neural network with two hidden layers, one with 600 and the other
one with 200 neurons. Increasing the number of layers and neurons did not
improve the results significantly. We have used the Adadelta adaptive learning
rate and 10~!! penalty for the L? regularisation. The dropout rate was set to
0.5.

In our benchmark ProQ3D consistently outperformed ProQ3 and other
single-model methods both in local and global correlations. The global cor-
relation was 0.81 for ProQ2, 0.85 for ProQ3 and 0.90 for ProQ3D. Local cor-
relations were 0.69/0.73/0.77 for ProQ2/ProQ3/ProQ3D respectively. We have
also performed Receiver Operating Curve (ROC) analysis where ProQ3D was
also superior to all other single-model methods. There was no significant im-
provement in model selection. The mentioned results are on CASP11 data set,
but the results on CAMEO data set were similar.
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6.4 Improved protein model quality prediction by chang-
ing the target function (Paper IV)

Here, we analyse five different scoring methods that are used to evaluate pro-
tein model quality when the native structure is determined. Three of these
methods (S-score [49; 50], TM-score [110] and GDT_TS [109]) are superposition-
based while two other methods (LDDT [53] and CAD [54]) are contact-based
measures. We show that the correlation between the same type of methods is
usually higher than the correlation between different types of methods.

Next, we train ProQ3D on all of the above measures except for GDT_TS,
which does not have local evaluations that are necessary for training. We eval-
uate the retrained ProQ3D performance by calculating Pearson correlations
with all five above mentioned methods. The correlations are calculated in
three different ways: local whole data set correlations, global whole data set
correlations and global per target correlations. The per target correlations are
calculated for each target separately and the average is taken. We have also
evaluated scoring measures in model selection category.

The correlations are usually highest when the same scoring method is used
both in training and testing. Interestingly, contact-based measures achieve a
higher correlation than the superposition based measures. For example, on
CAMEO data set, the local correlations are 0.66 for S-score, 0.69 for TM-
score, 0.74 for CAD and 0.79 for LDDT.

The biggest difference between the two types of measures is in global per
target correlations where training on contact-based measures sometimes yields
a higher correlation with superposition measures than training on the super-
position measures themselves. For example, on CAMEO data set training on
LDDT yields 0.60 correlation with S-score, while training on S-score yields
only 0.53 correlation with itself.

Per target correlations are related to model selection problem, because they
show how well the methods are able to distinguish good and bad models within
a target. Since contact-based measures perform well in per target correlations,
it is quite unsurprising that they also perform well in model-selection. Here,
CAD demonstrates a superior performance. Training on it gives the best results
in model selection when evaluated by any scoring method. For example, on
CAMEO data set, training on CAD selects models whose average GDT_TS
loss is 0.036, while training on S-score/TM-score/LDDT selects models with
GDT_loss equal to 0.041/0.042/0.037, repectively (lower numbers are better).
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Sammanfattning pa Svenska

Det finns manga olika metoder for att skapa modeller av proteiner, dessa mo-
deller kan vara av olika kvalitet. Att avgora vilken av flera olika modeller
av ett protein som &r bést dr inte enkelt. Modelkvalitéstutvirderingsprogram
(MQAPs) dr utvecklade for att identifiera den bésta av de olika proteinmodel-
lerna. Dessa program kan uppskatta hur korrekt en modell 4r innan proteinets
struktur har bestdmts. Problemet att uppskatta kvalitén kan delas upp i tva de-
lar, kvalitén for hela proteinet (global) samt den lokala kvalitén for varje rest
i proteinet. ProQ2 #r en av de mest framgangsrika MQAPs och kan anvén-
das for att uppskatta bade den lokala och globala kvalitén. ProQ2 anvinder en
maskininldrningsmetod.

I denna avhandling sa presenterar jag mitt bidrag till MQAPs, inklusive ut-
veckling av de senaste versionerna av ProQ. Forst beskriver jag integreringen
av ProQ2 i mjukvaruprogrammet Rosetta, vilket gor det mojligt att anvidnda
ProQ?2 for sampling i Rosetta. Dérefter presenterar jag utvecklingen av ProQ3
och ProQ3D, vilka &r forbattringar till ProQ2. I ProQ3 sa inkluderar jag be-
skrivningar av proteinet fran Rosetta och i ProQ3D sa har jag inkluderat ett
ny djup maskininldrningsmetod. ProQ3 var en av de biasta MQAPs i CASP12,
ett experiment som utvérderar olika aspekter av proteinstrukturférutsdgning-
ar. I den avslutande studien sa har jag studerat olika metoder for att beskriva
kvalité hos en proteinmodell och visar att MQAPs blir béttre om man anvén-
der kvalitetsmatt som 4r baserade pa kontakter #n traditionella kvalitetsmatt
baserade pa superposition.
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