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Abstract
Proteins form a group of one of the most vital macromolecules in living organisms.
Yet, even a single mutation in a protein sequence may result in significant changes in
protein stability, structure, and thus in protein function as well. Therefore, reliable
prediction of stability changes induced by protein mutations is an important aspect of
computational protein design, which can aid novel medical and technological discoveries.
Also, many mutations have a functional impact which may lead to a disease. Therefore,
a key component of personalised medicine is to fully annotate human genetic variations
among different individuals. Obviously, it would be infeasible to examine the impact of
each possible variant experimentally. Instead, computational methods are needed for a
quick and large-scale annotation of genetic variants.
In this thesis, we proposed machine learning methods for predicting stability changes
induced by single amino acid substitutions and for detecting disease-causing frameshifting indels (genetic variants caused by short insertions and deletions in the DNA sequence) and nonsense mutations (single nucleotide variants which truncate the protein
sequence). The proposed methods can predict the effects of these mutations without
the knowledge of the protein structure, which make them applicable universally to all
proteins encoded in the human genome. The main contributions of our methods are
threefold. First, we analysed a variety of predictive features encoding evolutionary
conservation and structural properties which can be predicted from a protein sequence
(Folkman et al. 2013). Our results demonstrate that evolutionary and predicted structural features complemented with physical-chemical parameters of amino acids, such as
hydrophobicity, can provide a robust prediction performance (Folkman et al. 2014a).
Second, we employed a consensus of several specialised predictive models for predicting
stability changes (Folkman et al. 2014b, Folkman et al. submitted ). The consensus-based
method was not only more accurate but yielded a more balanced performance for mutations in residues of different secondary structure types and solvent accessibility levels.
Third, we proposed the first method for predicting frameshifting indels and nonsense
mutations which was trained and evaluated on genetic variants derived entirely from
human genomes (Folkman et al. 2015). We thoroughly evaluated our methods with
cross-validation as well as independent testing without the presence of homologous sequences. The independent testing confirmed that the predictive models are robust and
do not suffer from over-fitting. Our methods yield significant improvements over existing
techniques.
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Chapter 1
Introduction
Proteins form a group of one of the most vital macromolecules in living organisms.
They play a vast array of functions required for the structure, function, and regulation
of cells, tissues, and organs in living organisms. For instance, proteins act as enzymes,
hormones, antibodies, transporters, muscle fibres, or antibiotics (Nelson & Cox 2008).
A protein functions by means of its intricate three-dimensional structure. Yet, even a
single mutation in a protein sequence may result in significant changes in protein stability, structure, and therefore in protein function as well. The Human Gene Mutation
Database (HGMD) (Stenson et al. 2014) lists more than 100,000 mutations of different
types (including substitutions, insertions, and deletions) which are associated with disease. At the same time, with the immense amounts of data coming from the genome
sequencing projects (McVean et al. 2010, Mills et al. 2011), also polymorphic (tolerated)
mutations are being discovered at an unprecedented rate. A key requirement for personalised medicine is having accurate tests that can separate these tolerated mutations
from ones which affect the protein function and possibly cause a disease. Given the vast
space of possible genetic variations in the human genome, it is unrealistic to annotate
each possible mutation experimentally. Therefore, computational approaches play an
important role in the large-scale annotation of human genetic variations.
Disease and loss of function induced by protein mutations are often characterised
by changes in the structural stability of a protein (Laskowski & Thornton 2008, Yue
et al. 2005). Therefore, the prediction of stability changes can aid the annotation of
variants which affect protein function. Further, from a more general perspective, the
ability to predict stability changes for arbitrary mutations can deepen our knowledge of
protein thermodynamics. Thus, the prediction of stability changes is of both practical
and fundamental interest.
While some mutations may be deleterious and cause disease, protein engineering
is concerned with a design of improved, more stable, proteins identified by introducing mutations deliberately. While the most accurate calculations of stability changes
come from experimental measurements, the experimental discovery can be laborious,
time-consuming, and expensive (Lippow & Tidor 2007). This is because in order to
identify a few stabilising mutations, one may need to measure all twenty possible amino
1
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acid substitutions in several different residues. Therefore, computational prediction of
stability changes in protein variants is a crucially important task in protein engineering.

1.1

Motivation

A key requirement for personalised medicine is to fully annotate human genetic variations in different individuals. Given the immense space of all possible mutations, there
is a need for the development of more accurate computational techniques that can predict stability and functional changes induced by protein mutations. Generally, these
computational methods can be categorised as structure-based and sequence-based depending on whether they require the knowledge of the three-dimensional structure of
the target protein or not. The discovery of high-resolution protein structures remains an
expensive, laborious, and time-consuming process. As a result, the Protein Daba Bank
(PDB) (Berman et al. 2000) holds only about 100,000 experimentally determined structures (October 2014), while there are several million known protein sequences deposited
in the UniProt database (Apweiler et al. 2014). These figures demonstrate that there
is a significant number of proteins with an unknown structure for which the structurebased methods are not applicable. Therefore, sequence-based prediction methods offer
a promising alternative for mutations in proteins of an unknown structure.
Sequence-based methods are commonly score-based, rule-based, or machine learning
approaches which predict the stability or functional changes based on a number of
properties (predictive features) of the protein and mutation in question. The most
accurate methods employ the machine learning approach which enables combining a
variety of predictive features to abstract a non-linear relationship between these features
and the stability/functional changes based on a training dataset. When adopting the
machine learning approach, the key is to find a combination of predictive features which
yields the most accurate and robust prediction performance.
While a number of sequence-based methods for the prediction of stability changes
reported to have a good prediction accuracy with identifying as much as 84% of stability
changes correctly (Capriotti et al. 2005a, Chen et al. 2013, Cheng et al. 2006, Teng
et al. 2010), there has been little effort focused on the robustness of these methods.
In fact, when these methods were evaluated using an independent test set in a recent
assessment study (Khan & Vihinen 2010), the prediction accuracy dropped significantly.
This suggests that the currently available methods tend to over-fit on their training data
and that there is a need for a more thorough evaluation to be put in place during the
design of future methods. Especially the prediction performance for previously unseen
non-homologous proteins needs to be improved.
Ways of improving the robustness of prediction methods are twofold: first, identifying predictive features and parameters which over-fit during training and second,
proposing novel features which generalise well. Regarding the latter, features encoding
the evolutionary sequence conservation and structural properties predicted from a pro2
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tein sequence have been widely adopted for predicting the functional effects of single
amino acid substitutions (for recent reviews, see Karchin 2009, Thusberg et al. 2011).
Yet, these features have not been applied to the prediction of stability changes.
A different perspective on the robustness of predictions is to look at the distribution
of prediction accuracy for different types of mutations, for instance, based on the accessible surface area or secondary structure of the mutated residue. It has been shown
that different interactions govern protein stability in the exposed and buried residues
(Gilis & Rooman 1997). As a consequence, currently available methods tend to achieve
a lower prediction accuracy for the exposed compared to the buried residues (Capriotti
et al. 2004). Nonetheless, most studies focus only on the overall prediction accuracy
and the problem of imbalanced performance has not been appropriately addressed.
Turning our attention to the prediction of mutations which disrupt the function
of the protein, there are numerous computational methods available for the prediction
of single nucleotide variants (SNVs) which result in a single amino acid substitution
(for recent reviews, see Karchin 2009, Thusberg et al. 2011). However, other types
of genetic variations, including microinsertions/microdeletions (jointly referred to as
indels) and nonsense mutations (SNVs which introduce a premature termination codon),
had gone largely unstudied. Yet, indels and nonsense mutations comprise 24% and 11%
of known pathological human genetic variations, respectively (Ball et al. 2005, Stenson
et al. 2014).
Indels can be frameshifting (FS) or non-frameshifting (NFS) depending upon whether
or not the indel in question inserts or deletes a multiple of three nucleotides. NFS indels
insert/delete multiples of three nucleotides and hence do not alter the coding region,
comprising three-nucleotide codons, other than at the indel site. On the other hand, FS
indels, having a length indivisible by three, shift the reading frame and alter the coding
sequence downstream of the indel site. Thus, both FS indels and nonsense mutations
alter the entire coding sequence downstream from the variation site. As a result, they
are often assumed to have a significant functional impact and to be potentially diseasecausing. However, a considerable number of FS indels and nonsense mutations have
been identified as being benign in recent studies (McVean et al. 2010, Mills et al. 2011).
How to distinguish neutral from potentially disease-causing FS indels and nonsense
mutations is therefore of both practical and fundamental interest.
To conclude, the motivation for our research is summarised in the following four
research aims:
• Defining predictive features based on evolutionary conservation and predicted
structural properties for the prediction of stability changes.
• Investigating how stability changes can be robustly predicted for mutations in
previously unseen non-homologous proteins.

3
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• Proposing a method that can achieve a balanced performance for different types
of mutations by combining several specialised predictive models.
• Identifying predictive features which can reliably annotate disease-causing frameshifting indels and nonsense mutations in human genomes.

1.2

Contributions

The main contributions of this thesis can be summarised as follows:
• We identified a number of features for encoding evolutionary conservation and
predicted structural properties which were able to increase both prediction accuracy and robustness compared to currently available methods for the prediction
of stability changes.
• By comparing three different evaluation schemes, we provided experimental evidence of the limitations of the evaluation commonly used for assessing the performance of currently available methods for the prediction of stability changes.
• We proposed a methodology for building a prediction method which can achieve
a more balanced performance by combining a number of specialised models for
predicting mutations in different types of secondary structure and levels of solvent
accessibility.
• We built a method which can predict disease probability for frameshifting indels
and nonsense mutations based on sequence and predicted structural properties
with a significantly higher accuracy than currently available methods. The method
has performed robustly in a number of independent blind tests.

1.3

Organisation of the thesis

This thesis is organised into several chapters with a common objective being sequencebased prediction of mutation-induced stability and functional changes. Chapter 2 provides a necessary background into two distinct areas which are both closely related to
our research. First, we briefly describe genes, proteins, and protein mutations. Second,
the chapter provides a brief introduction to machine learning techniques which were
employed to implement the prediction methods proposed in this thesis.
Chapter 3 reviews currently available methods for annotation of protein mutations.
First, methods for the prediction of stability changes are surveyed and then, we discuss
techniques for predicting functional changes induced by protein mutations. Finally, the
chapter ends with analysing the shortcomings of the currently available methods and
proposing the research aims of this thesis.
4
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The original research of this thesis is presented in four contribution chapters. In
Chapter 4, we propose a sequence-based machine learning method for the prediction
of stability changes which employs features encoding the evolutionary sequence conservation and predicted structural features (Folkman et al. 2013). First, we compare the
prediction performance of the features derived from experimentally determined structures with structural features predicted from a protein sequence. Next, we evaluate the
performance of different evolutionary and predicted structural features for two problems:
1) binary classification of stability changes as stabilising and destabilising, and 2) realvalue prediction of stability changes. We identify the best performing combination of
the proposed features and compare our method with related work using cross-validation
as well as independent testing.
We investigate why currently available methods fail to predict stability changes in
previously unseen non-homologous proteins in Chapter 5. This results in proposing an
evaluation scheme that can detect over-fitting on mutations in residues and proteins
encountered during training. To improve the prediction performance of our method
proposed in Chapter 4, we identify features which lead to over-fitting and further extend
the model with new features encoding physical-chemical properties of the amino acid
substitution (Folkman et al. 2014a). We compare the new method with related work in
predicting mutations of previously unseen non-homologous proteins.
We propose a methodology for combining feature-based multiple models in Chapter 6. Each of the feature-based models is specialised for a specific type of a mutation
based on the relative accessible surface area or secondary structure of the mutated
residue (Folkman et al. 2014b). We design a method for the prediction of stability
changes based on this new methodology and analyse its performance for different types
of mutations. We compare the new method with related work including a structurebased physically realistic energy function. Finally, we apply our method to annotation
of a large dataset of disease-causing mutations (Folkman et al. submitted ). The new
method described in Chapter 6 is the most accurate and robust method for the prediction of stability changes proposed in this thesis.
Chapter 7 is dedicated to sequence-based prediction of disease-causing frameshifting
insertions and deletions (FS indels) and nonsense mutations. We build the first method
for this task which is trained and evaluated on genetic variations derived entirely from
human genomes (Folkman et al. 2015). We first analyse the performance of a variety
of features both on nucleotide and protein levels. These features include sequence
conservation, predicted structural properties, and transcript-level features related to
RNA splicing and protein synthesis. Next, we identify the best combination of features
with a feature selection algorithm. We compare the new method with related work
based on cross-validation as well as independent testing. Finally, we apply the new
method, trained on FS indels, to the prediction of disease-causing nonsense mutations.
Chapter 8 provides a summary of the contributions of this thesis and outlines potential future research directions.
5

Chapter 2
Preliminaries
This chapter provides a necessary background into two distinct areas which are both
closely related to this thesis. First, we describe genes, their products—proteins, and
protein mutations. Next, we provide a brief introduction to machine learning methods
which were employed in our work.

2.1

Genes, proteins, and mutations

Proteins can be found in all parts of every cell and form a group of the most abundant
macromolecules. They play a vast array of functions required for the structure, function,
and regulation of cells, tissues, and organs in living organisms. For instance, proteins
act as enzymes, hormones, antibodies, transporters, muscle fibres, or antibiotics (Nelson
& Cox 2008). Yet, every protein is a linear string of tens to thousands of only twenty
different amino acids. The linear form of proteins closely resembles genes stored in a
cell nucleus. In fact, every protein is encoded by a particular gene, meaning a protein
is a gene product.

2.1.1

From genes to proteins

Genes are stored in the form of DNA (deoxyribonucleic acid) molecules which are organised into chromosomes in a cell nucleus. The structure of DNA is a double helix
composed of two complementary strands. A single strand of DNA can be likened to a
string of letters printed on a sheet paper. However, on a DNA strand, there are only
four different types of letters (A, C, G, and T) coding for four different nucleotides
(adenine, cytosine, guanine, and thymine).
Proteins are gene products. Yet, typically, a significant portion of a gene is formed
by non-coding regions (98% of human DNA), which serve gene regulation and possibly
other functions (Hartl & Jones 2005). Only the coding regions code for a protein. The
process during which a protein sequence is created from a gene is referred to as protein
synthesis. During protein synthesis, the DNA sequence is first transcribed into mRNA
(messenger ribonucleic acid) and then, translated into an amino acid sequence, a protein
(Figure 2.1). In this process, every triplet of consecutive nucleotides, referred to as a
7

CHAPTER 2. PRELIMINARIES

DNA

ATG TCC ACT GCG GTC CTG GAA
(nucleotide sequence)

TRANSCRIPTION
messenger RNA
TRANSLATION
protein

Met Ser Thr Ala Val
(amino acid sequence)

Leu

Glu

Figure 2.1: DNA transcription and translation. During protein synthesis, DNA is first
transcribed into a messenger RNA which is then translated into a protein sequence. During
this process, every triplet of consecutive nucleotides is translated into an amino acid.

codon, codes for an amino acid or a termination codon, which determines the end of
the protein-coding sequence. Because there are 64 possible three-base combinations and
only 20 amino acids, several different combinations often code for the same amino acid.
A protein is a chain of amino acids. Each amino acid is covalently linked to its
neighbouring amino acid. While amino acids share common structural features, they
are distinguished by their side-chains. The side-chain dictates the unique property of
the amino acid. One of the crucial properties of a side-chain is polarity—the ability to
interact with water. According to the polarity of their side-chains, amino acids can be
classified as polar (or hydrophilic, water-soluble) and non-polar (or hydrophobic, waterinsoluble). Furthermore, polar amino acids can be classified as uncharged, positively
charged, and negatively charged compounds whereas non-polar amino acids as aliphatic
and aromatic (Nelson & Cox 2008).

2.1.2

Protein structure

Following protein synthesis (the transcription and translation of a protein sequence
from a gene), the protein folds into a complex three-dimensional structure, commonly
referred to as a conformation, through short-range interactions between nearby amino
acids and long-range interactions between amino acids in different parts of the protein.
During the folding process, the protein ‘visits’ numerous possible conformations before
it folds into the most stable one, the one with minimum Gibbs free energy (∆G). This
conformation is referred to as the native conformation.
Because of the complexity of interactions involved in stabilising the native conformation, four levels (or abstractions) of protein structure are commonly defined. Figure 2.2 depicts these four levels, namely the primary, secondary, tertiary, and quaternary
structures. A primary structure refers to the protein sequence alone, while a secondary
structure represents a local backbone arrangement of a protein. If the local arrangement
is regular, it is commonly categorised as α-helix or β -sheet, however, a more detailed
8
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Figure 2.2: Four levels of a protein structure. A primary structure denotes the sequence
of a protein. A secondary structure refers to the recurring structural patterns of the protein
backbone. These can be regular (α-helix or β -sheet) or irregular (coil). The overall threedimensional arrangement of all atoms of a protein is referred to as the tertiary structure. On
the far right, an assembly of separate amino acid chains, a quaternary structure, of hemoglobin
is depicted. [From: Lehninger Principles of Biochemistry 5/E, by David L. Nelson and Michael M.
Cox, c 2009 by W. H. Freeman and Company. Used with permission of the publisher.]

categorisation can be defined. If the secondary structure arrangement is not regular,
it is referred to as a random coil. A tertiary structure refers to the three-dimensional
arrangement of all atoms of a protein. Finally, if a protein consists of several separate
chains, the arrangement of all the subunits is called a quaternary structure (Nelson &
Cox 2008).
The protein sequence determines the structure of a protein (Anfinsen et al. 1973).
Moreover, the protein structure determines the function of a protein. However, the process of folding into the complex three-dimensional shape is not completely understood.
This means that with the knowledge of a protein sequence, one cannot simply imply
the protein structure or function. Therefore, the knowledge of a protein structure is
crucially important for understanding different biological processes. A protein structure
can be determined experimentally or it can modelled computationally. While the experimental methods (such as X-ray crystallography) can determine a protein structure
with an atomic resolution, these methods are time-consuming, laborious, and expensive.
Conversely, currently available computational methods, while being fast and inexpensive, do not guarantee a satisfying accuracy (Zhang 2009).

2.1.3

Mutations

A genetic variation, a mutation, denotes a change in a DNA sequence. Genetic variations
can be caused by radiation, viruses, or simply by random errors occurred during the
replication of DNA. A mutation may result in changes to a protein sequence which may
further influence the protein structure or the protein’s interaction with other molecules.
On the one hand, by disrupting the protein function, mutations may cause a disease.
9
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Figure 2.3: An impact of a protein mutation. A mutation in a protein sequence may have
different impacts on the protein structure and function. In this figure, the mutation is pictured
as a red beacon. (a) Truncation of the protein chain may take place. (b) Protein folding can
be prevented. (c) The protein might loose its function. Interactions with other molecules can
be affected: (d) metal, (e) ligand, (f ) protein complex, and (g) DNA binding. [Reprinted by
permission from Macmillan Publishers Ltd: Nature Reviews Genetics. Laskowski & Thornton (2008),
Nature Reviews Genetics 9(2), 141–151, c 2008.]

On the other hand, in protein engineering, protein sequences are deliberately altered
through a series of mutations in order to induce new functions or make protein variants
more stable in different environments. Therefore, designing new protein variants is an
important part of drug design.
There are different types of genetic variations. The most common type is of single nucleotide variants (SNVs) in which case a single letter of the DNA sequence is
substituted for a different letter. Insertions and deletions are another type of genetic
variations. Commonly, gross insertions/deletions of > 20 nucleotides and microinsertions/microdeletions of ≤ 20 nucleotides are distinguished. Microinsertions and microdeletions are jointly referred to as indels. Indels can be frameshifting (FS) or nonframeshifting (NFS) depending on the number of inserted or deleted nucleotides. The
length of a NFS indel is divisible by three and therefore the indel does not shift the
reading frame (the frame reads codons, the triplets of nucleotides that code for an
amino acid). In contrast, FS indels are indivisible by three. Therefore, FS indels shift
the reading frame and randomise the protein sequence downstream of the variation
site. Regarding the SNVs, depending on the impact of an SNV on the protein product,
SNVs can be categorised as silent (synonymous), missense, or nonsense (jointly called
non-synonymous). Silent mutations do not alter the protein sequence, meaning a silent
mutation changes a codon into a different codon coding for the same amino acid. A
missense mutation results in a single amino acid substitution, whereas a nonsense muta10

2.2. MACHINE LEARNING METHODS
tion substitutes an amino acid for a premature termination codon (PTC), which results
in a truncated protein product.
Different mutations in a protein sequence have a different impact on the protein
structure. It has been shown that even a single amino acid substitution may cause
significant changes to the protein structure and therefore its function, while deletion
of several amino acids can be tolerated (Laskowski & Thornton 2008). Also, a protein
mutation may decrease the stability (Gibbs free energy of unfolding, ∆Gu ) of the protein
structure, hence, the protein may not be able to remain in the folded state. Figure 2.3
depicts several possible ways of how a mutation may disrupt the structure and function
of a protein.

2.2

Machine learning methods

Machine learning represents a group of artificial intelligence algorithms which are capable to learn based on their experience. The experience is typically represented as
a dataset of examples. A statistical theory is used to build a mathematical model for
making inference from this dataset. Machine learning algorithms can be categorised into
two main categories: supervised and unsupervised. In a supervised learning problem,
a mapping from an input to an output is sought. The algorithm is given a dataset of
labelled examples from which it can learn. The aim here is to be able to predict these
labels for previously unseen, arbitrary, examples. If a dataset is composed of unlabelled
examples, unsupervised learning can be used to uncover unknown regularities in the
data. An example of unsupervised learning is clustering (Alpaydin 2004).
There is a wide range of applications for machine learning among which many
are found in bioinformatics. Both clustering and supervised learning are used in genomics and microarrays (Pirooznia et al. 2008) while probabilistic graphical models
are commonly applied in systems biology (Rhodes et al. 2005). In proteomics, various supervised algorithms are employed for the prediction of the secondary structure
(Faraggi et al. 2011, Jones 1999), accessible surface area (Faraggi et al. 2011, Pollastri et al. 2002), regions of disorder (Zhang et al. 2012), protein sub-cellular location
(Horton et al. 2007), structural fold (Dehzangi et al. 2014), as well as for the prediction
of functional (Adzhubei et al. 2010, Zhao et al. 2013) and stability changes (Capriotti
et al. 2005a) induced by protein mutations.
In this section, we provide a brief introduction to supervised machine learning methods that we employed in our work. First, we define classification and real-value prediction problems. Second, we describe support vector machines which are a group of
popular machine algorithms, commonly employed for the prediction of stability and
functional changes induced by protein mutations. Next, we discuss different approaches
to feature subset selection. Finally, evaluation procedures and measures that we used
in our work are described.
11
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2.2.1

Classification and regression using supervised learning

Employing a supervised machine learning method typically consists of two steps: first,
training the predictive model and second, using this trained model’s decision function to make predictions. In order to train a model, a dataset of labelled examples,
N , is used. This dataset contains N examples xt which are indexed by t.
X = {xt , l t }t=1

There, xt is a vector of predictive features (also referred to as attributes) describing the
corresponding example, and l t is the label of xt . The predictive model is trained to
predict labels for arbitrary examples using the decision function D.
Generally, one can be interested in two different supervised problems: classification
and real-value prediction (also referred to as regression). In the case of classification,
label l t ∈

i {ci },

S

where ci represents a class identifier, while in the case of regression, l t

is a real number, l t ∈ R. A simple example of a binary classification problem is predicting whether a protein mutation belongs to one of the two discrete classes: stabilising
(increasing the free energy of unfolding of the mutated protein) or destabilising (decreasing the free energy of unfolding). By contrast, an example of a regression problem
is the prediction of the real value of the free energy change between the wild-type and
mutated proteins.
There have been a variety of different algorithms proposed for supervised learning
problems, the most popular ones include neural networks (Werbos 1974), decision trees
(Breiman et al. 1984), and support vector machines (Cortes & Vapnik 1995).

2.2.2

Support vector machines

We implemented the methods proposed in this thesis with the support vector machine
(SVM) algorithm (Cortes & Vapnik 1995) because it has been commonly adopted for
the prediction of stability and functional changes (Capriotti et al. 2005a, Cheng et al.
2006, Zhao et al. 2013). Also as noted by Russell & Norvig (2010), the SVM algorithm
has become the first-choice for many supervised learning problems. While SVMs were
originally proposed for classification problems, the algorithm was later extended for
regression as well (Smola & Scholkopf 2004).
The SVM algorithm makes use of the abstraction in which the training examples are
represented as points in a feature space. Then, the classification problem is viewed as
dividing the feature space into decision regions separated by decision boundaries. If the
two classes are linearly separable, the geometry of the decision boundary takes a form of
a hyperplane separating the two classes apart. The SVM learning algorithm maximises
the margin around the hyperplane and therefore provides the optimal separating hyperplane. By doing so, the training examples which lie on the margin can uniquely define
the hyperplane and are therefore referred to as the support vectors. As a consequence,
the SVM algorithm reduces the computational complexity of the decision function of
the trained SVM model because rather than all training examples, only the support
vectors are used in the calculation.
12
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The optimal separating hyperplane
N , the maximisation of the margin
Given a dataset of labelled examples X = {xt , l t }t=1

around the hyperplane can be formulated as a dual quadratic optimisation problem:
arg max −
αt

1
∑ α t α s lt l s (xt · xs ) + ∑ α t
2∑
t
t s

subject to the constraints

∑ α t lt = 0

and

∀t : α t ≥ 0.

t

As a result, we have N values α t , however, many of them are typically equal to 0. The
set of xt for which α t > 0 are the support vectors lying directly on the margin. Finally,
the support vectors and their α t values are stored by the predictive model. The decision
function D of an example x is defined as:
D(x) = w · x + w0

with

w = ∑ α t l t xt

and

w0 = l t − w · xt .

t

Kernel trick for non-linear problems
We described the linear SVM above. Nonetheless, many interesting problems are not
linearly separable. Hence, the input features need to be mapped into a high-dimensional
feature space φ in which it is possible to separate the two classes with a hyperplane.
Since the calculation of the high-dimensional coordinates can be computationally expensive, SVMs employ the kernel trick (Aizerman et al. 1964). There, rather than
computing φ (xt ) explicitly, it is computationally cheaper to calculate a kernel function
K defined as a dot product of two examples, K(xt , xs ) ≡ φ (xt ) · φ (xs ). Some examples of
popular kernels are polynomial, radial basis, and sigmoidal functions (Alpaydin 2004).
We employed the radial basis function (RBF) kernel in our work because it has been
shown to achieve a better prediction performance for stability changes classification
than other popular kernel functions (Cheng et al. 2006, Shen et al. 2008). The RBF
kernel is calculated as:
K(xt , xs ) = exp(−γ||xt − xs ||2 ),

γ > 0.

SVM parameter optimisation with a grid search
To optimise the SVM performance, the regularisation capacity parameter C needs to be
set. Also, in case the RBF kernel is used, the width parameter γ needs to be chosen.
In the case of support vector regression, another parameter (ε), determining the error
neglected during training, is required. Finally, if the number of positive and negative
examples in the dataset is unbalanced, an SVM can be further optimised by setting the
weight (w) of the penalty for a training error on positive examples.
A common approach to optimise these parameters is using a grid search. There, a
range of values is defined for C, γ, and w (ε for regression), and each possible combination
13
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of values is visited. The combination with the highest prediction accuracy (estimated
using cross-validation on the training set) is chosen for the final model.

2.2.3

Feature selection

N is a vector of t predictive features (atAn example xt from the dataset X = {xt , l t }t=1

tributes). While some predictive features yield a good prediction performance others
may not. Importantly, it is not true that adding more features necessarily increases the
prediction accuracy. This is because some features may be correlated, redundant, or
simply may not provide a good discrimination for the given problem.
A variety of feature selection algorithms have been proposed to identify the best
performing subset of features. Feature selection approaches can be categorised as filter, embedded, and wrapper methods (Guyon & Elisseeff 2003). Filter methods aim to
estimate a quality of each feature individually using metrics like information gain (average mutual information), χ 2 -test, or bi-normal separation (Forman 2003). Embedded
methods are part of the learning algorithm, thus, specific to the given model. Recursive feature elimination (RFE) (Guyon et al. 2002) is a popular embedded method for
SVMs. RFE is a greedy algorithm which iteratively removes the feature with the lowest
weight assigned in the SVM model. Finally, the wrapper methods employ the predictive
model itself and rank features based on the achieved prediction accuracy. While wrapper methods are computationally costly, they tend to yield better-performing feature
sets (Kohavi & John 1997).
Probably the most straightforward approach to wrapper feature selection is to test
every possible combination of features using an exhaustive search. However, for many
applications this is simply not feasible because of the computational complexity. Besides, if the training sample size is small, identifying the ultimately best combination of
features for the training dataset may result in over-fitting, meaning that the feature set
does not generalise well. As a consequence, greedy wrapper methods, being significantly
less computationally expensive, are commonly adopted. Arguably, one of the most popular greedy wrapper methods is the sequential forward selection (SFS) (Whitney 1971).
The SFS works by iteratively adding the best-performing feature to a set of features S.
Initially, S is empty. Every iteration, the best-performing feature f is selected as the
one for which S ∪ { f } achieves the highest prediction performance.
The SFS can suffer from a ‘nesting effect’ which means that once a feature has been
selected to be included in S, it cannot be discarded. To eliminate the nesting effect,
Pudil et al. (1994) proposed the sequential forward floating selection (SFFS). The SFFS
algorithm starts with the SFS but at the end of every iteration, features are iteratively
removed if this can further improve the prediction performance. Thus, the number of
features in S is not monotonously increasing but the search is ‘floating’ up and down.
As mentioned above, if the training dataset is small, feature selection may result in
over-fitting. Therefore, both SFS and SFFS are usually implemented with an ‘early14
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stop’ criterion, which means that feature selection ends when adding a new feature does
not increase the prediction performance at least by an arbitrary chosen threshold t.
A different approach to avoid over-fitting was proposed by Meinshausen & Buhlmann
(2010). There, the authors proposed the stability selection algorithm. Given a dataset
N
of N examples, a random sample X N/2 of size N/2 is produced. Then,
X = {xt , l t }t=1

an ‘inner’ feature selection algorithm (could be a filter, embedded, or wrapper method)
is executed on the X N/2 dataset. The whole procedure is repeated k-times, each time
with a new random sample X N/2 . Features which were repeatedly selected contribute
towards the final set of predictive features.

2.2.4

Evaluation of prediction performance

To evaluate the performance of a predictive model, the model is trained on a training
dataset and then tested on a testing dataset of examples unseen during the training.
To estimate the performance of the model on the training dataset itself, a k-fold crossvalidation procedure can be used. Thus, cross-validation provides the means to optimise
parameters (such as C and γ for an SVM) and select most relevant features by maximising the prediction performance on the training data. Nonetheless, the final method still
needs to be tested on an independent testing dataset to estimate whether the method
generalises well. Here, independent means that the testing dataset was not used in any
way for feature and parameter optimisation. A robust method should yield a comparable performance in both cross-validation and testing. If the test results are significantly
worse than the cross-validation results, the optimisation of features and parameters
probably resulted in over-fitting.
The k-fold cross-validation procedure works by dividing the training dataset into
equally-sized k folds. Then, k−1 folds are joined and used for training, while the remaining fold is used for testing. This is repeated k times, each time with a different
testing fold. Finally, the k results are averaged. If cross-validation is stratified, the ratio
of positive and negative examples is kept the same among all folds.
Whether a cross-validation or independent test classification performance is to be
reported, a good practice is to provide the following six evaluation measures (Vihinen
2012): Matthews correlation coefficient (MCC), binary classification accuracy (Q2 ),
sensitivity (Se, also referred to as recall), specificity (Sp), positive predictive value (PPV,
also referred to as precision), and negative predictive value (NPV). These measures are
calculated as follows:
T P×T N−FP×FN
,
(T P+FP)(T P+FN)(T N+FP)(T N+FN)

MCC = √

Q2 =

T P+T N
T P+FP+T N+FN ,

(2.1)

(2.2)
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Se =

TP
T P+FN ,

(2.3)

Sp =

TN
T N+FP ,

(2.4)

PPV =

TP
T P+FP ,

(2.5)

NPV =

TN
T N+FN ,

(2.6)

where T P, T N, FP, and FN refer to the number of true positives (correctly predicted
positive examples), true negatives (correctly predicted negative examples), false positives (negative examples predicted as positive), and false negatives (positive examples
predicted as negative), respectively. Furthermore, the classification performance can be
assessed by plotting the receiver operating characteristic (ROC) curve and calculating
the area under the ROC curve (AUC). A ROC curve plots the true positive rate (sensitivity) as a function of the false positive rate (1−specificity) at different prediction
thresholds. For real-value prediction, the performance is commonly assessed in terms
of Pearson correlation coefficient (r ) and root mean square error (RMSE):
n ∑ xi yi −√
∑ xi ∑ yi
,
n ∑ xi2 −(∑ xi )2 n ∑ y2i −(∑ yi )2

r=√

RMSE =

16

q

1
n

∑(xi − yi )2 .

(2.7)

(2.8)

Chapter 3
Related work and research aims
The aim of this thesis is to advance the ability to predict stability and functional changes
induced by protein mutations. In this chapter, we provide a review of methods currently
available for this task. First, we survey the methods for the prediction of mutationinduced stability changes. Second, the methods for the prediction of functional changes
are discussed. Finally, we summarise the shortcomings of currently available approaches
and propose the research aims of this thesis.

3.1

Predicting mutation-induced stability changes

One of the important aspects of protein engineering is the identification of missense
mutations (single amino acid substitutions) which increase the conformational stability
of a protein. However, experimental discovery is often laborious, time-consuming, and
expensive (Lippow & Tidor 2007) because in order to identify few stabilising mutations,
one may need to measure all twenty possible amino acid substitutions in several different
residues. Therefore, computational methods have been proposed for quick and largescale estimation of mutation-induced stability changes.
In this thesis, protein stability refers to the Gibbs free energy of unfolding, denoted
as ∆Gu [kcal mol−1 ], and stability change refers to the difference in the stability of the
mutant and wild-type proteins, denoted as ∆∆Gu = ∆Gu (mutant) − ∆Gu (wild-type). By
definition, more stable conformations have higher ∆Gu , and therefore, stabilising and
destabilising mutations yield ∆∆Gu ≥ 0 and ∆∆Gu < 0, respectively. These same conventions are followed by the public database of experimentally measured stability changes
ProTherm (Kumar et al. 2006).
The most accurate ∆∆Gu computations can be achieved by molecular dynamics (MD)
simulations (Kollman 1993). However, MD simulations are computationally costly, and
hence, impractical for large-scale calculation of stability changes (Yin et al. 2007a).
To address the computational efficiency, heuristic algorithms have been proposed to
predict stability changes (for recent reviews, see Khan & Vihinen 2010, Potapov et al.
2009). While heuristic methods yield lower accuracy than experimental approaches or
MD, they can be used to identify a number of candidate mutations which can be then
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verified with an MD simulation and eventually in a laboratory experiment. The heuristic
computational approaches can be generally categorised as energy-based and machine
learning methods. The following two sections discuss advantages and disadvantages
of different computational techniques. First, we give an overview of the energy-based
approaches and then review the machine learning methods.

3.1.1

Energy-based methods

Energy-based methods rely on an energy function which computes the free energy of the
mutant and wild-type proteins. Then, ∆∆Gu is calculated as the difference of the respective free energies. Based on how the energy is calculated, there are physical, statistical,
and empirical energy functions. Physical energy functions (Benedix et al. 2009, Kellogg
et al. 2011, Yin et al. 2007a) compute the free energy based on physical descriptions
of atomic interactions. Faster calculations can be achieved with statistical energy functions (Dehouck et al. 2009, Deutsch & Krishnamoorthy 2007, Worth et al. 2011, Zhou &
Zhou 2002). There, energy terms are derived from the occurrence frequencies of residual and atomic contacts calculated from experimentally determined protein structures.
An empirical energy function (Bordner & Abagyan 2004, Guerois et al. 2002, Wickstrom et al. 2012) may combine both statistical and physical weighted energy terms.
The weights of these energy terms are optimised based on a dataset of experimentally
determined stability changes.
While energy-based methods are usually able to achieve a good correlation between
the predicted and experimentally determined stability changes, their main drawback
is that they require the structure of the wild-type protein as the input. This limits
the application scope of energy-based methods because there is a huge gap between
the number of experimentally determined structures and the number of known protein
sequences. To overcome this limitation, Gonnelli et al. (2012) utilised the comparative
modelling method Modeller (Eswar et al. 2006) and used the predicted models instead
of experimentally determined structures as the input to the PoPMuSiC-2.1 statistical
energy function (Dehouck et al. 2011). Their results suggest that a good performance
can be achieved even with these predicted models.
Another problem that energy-based methods face is modelling the structure of the
protein variant. The modelling is required because ∆∆Gu is calculated as the difference
of the free energy of the wild-type (input) structure and the structure of the mutated
protein. Therefore, the performance of the energy function depends strongly on the
modelling procedure. Commonly, the modelling is limited only to the optimisation
of the side-chain of the mutated amino acid. However, it has been shown that more
complex modelling that includes optimisation of the protein backbone can yield superior
results (Benedix et al. 2009, Yin et al. 2007a).
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3.1.2

Machine learning methods

As more experimental data about stability changes became available in the ProTherm
database (Kumar et al. 2006), machine learning methods for predicting stability changes
emerged. There, a machine learning algorithm is employed to learn from a dataset
of experimentally determined stability changes. Then, a predictive model based on
the non-linear relationships between various protein properties and stability changes is
used to classify the mutations as stabilising or destabilising, or to predict the real-value
of ∆∆Gu . Depending on the protein properties (predictive features) employed by the
predictive model, machine learning methods can be categorised as structure-based and
sequence-based approaches depending on whether a protein structure is required as the
input or not.
Structure-based methods
One of the first machine learning methods for predicting stability changes was the neural network method I-Mutant (Capriotti et al. 2004). I-Mutant’s predictive features
include the relative accessible surface area (ASA) of the mutated residue and frequencies of amino acid types in a local spatial environment of the mutation site. Huang
et al. (2007a) employed the classification and regression trees (CART) with predictive
features based on differences in 48 physical, chemical, energetic, and conformational
properties of the deleted and introduced amino acids. Moreover, the inclusion of the
secondary structure type and relative ASA of the mutation site significantly improved
the correlation of the predicted and experimentally measured stability changes. Kang
et al. (2009) used a support vector machine (SVM) with predictive features including
the secondary structure, relative ASA, and spatial environment of the mutation site.
The spatial environment was encoded with physical-chemical properties of the neighbouring amino acids. Masso & Vaisman (2008) provided for an innovative approach
where the perturbation of the local structure due to a mutation was encoded in the
form of environmental change scores. The scores were calculated from a Delaunay tessellation abstraction of the wild-type and mutant structures. The authors demonstrated
that the inclusion of the environmental change scores yielded significant improvements.
Both Tian et al. (2010) and Yang et al. (2013) combined the energy-based and machine
learning approaches by including energy terms calculated with an energy function as
predictive features of a machine learning model. This provided for a non-linear combination of energy terms with other properties yielding a superior prediction performance.
An interesting approach to represent spatial environment of the mutation site is to
model it with graphs where nodes are the residues or atoms and the edges are the
physical-chemical interactions among them. While Giollo et al.’s (2014) graph-based
NeEMO uses residue-level interaction networks, Pires et al.’s (2014a) mCSM represents
mutation sites with atomic-level graph-based signatures. Most recently, Pires et al.
(2014b) combined their own energy-based (Worth et al. 2011) and machine learning
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(Pires et al. 2014a) methods to build a non-linear consensus predictor implemented
with an SVM.
As mentioned above, recent advances in structure-based stability changes prediction have led to incorporating energy terms as predictive features for machine learning
models (Tian et al. 2010, Yang et al. 2013, Pires et al. 2014b). Interestingly, this approach was able to outperform even some currently available energy-based methods
(Pires et al. 2014b). Nonetheless, the same limitation applies to the structure-based
machine learning as to the energy-based approaches being the limited availability of
the three-dimensional protein structures. However, there is another limitation to the
machine learning methods when compared with the energy-based approaches. Machine
learning methods are typically trained on a dataset consisting of 1,000 to 3,000 mutations in only up to 90 different proteins. Moreover, due to the nature of commonly
conducted experiments (such as alanine scanning), datasets are often biased towards
mutations from large to small residues. Therefore, physical and statistical energy functions, which do not require any training, are less susceptible to bias towards different
types of mutations when compared to machine learning methods (Yin et al. 2007b).

Sequence-based methods
Sequence-based machine learning methods do not require a protein structure for calculating the predictive features and therefore provide for an interesting alternative when
the protein structure is unknown. First sequence-based methods focused on encoding
a protein mutation in the context of the sequential neighbourhood of the mutation
site. While I-Mutant2.0 (Capriotti et al. 2005a) uses a frequency of each amino acid
in the window of 19 residues centred on the mutation site, MUpro (Cheng et al. 2006)
and iPTREE-STAB (Huang et al. 2007b) employs the amino acid identities of three
and three neighbouring amino acids to each side of the substituted amino acid. Capriotti et al. (2008) developed also I-Mutant3.0 which incorporates the same predictive
features as I-Mutant2.0 but rather than classifying stability changes as stabilising or
destabilising, it performs a three-state prediction: a stabilising, neutral, or destabilising
mutation. Shen et al. (2008) and Teng et al. (2010) proposed using physical-chemical
amino acid properties to encode the sequential environment of the mutation site. Liu &
Kang (2012) proposed further improvements to this amino-acid-property-based encoding scheme by grading amino acids based on the value of the physical-chemical properties
into three classes: strong, middle, or weak. Li & Fang (2012) developed random-forestbased PROTS-RF which can predict stability changes given a protein sequence alone
or incorporate structure-based features if the protein structure is available. The most
significant features of PROTS-RF were calculated with the PROTS statistical potential
which was derived from a dataset of mutation-induced changes to melting temperature (Li et al. 2012). Rather than increasing the prediction performance with new
discriminative features, some studies aimed to combine several existing methods into a
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consensus predictor. While Ozen et al. (2009) focused on combining several in-house
machine learning predictors into a single integrated method, iStable (Chen et al. 2013)
employs several currently available methods and combines their predictions using an
SVM model.
In Chapters 4, 5, and 6, we develop new sequence-based methods for predicting
stability changes and compare their performance with related work. We compare the
performance with the sequence-based versions of the following methods: I-Mutant2.0
(Capriotti et al. 2005a), MUpro (Cheng et al. 2006), MuStab (Teng et al. 2010), and
iStable (Chen et al. 2013). We also wanted to compare the performance with Liu &
Kang’s (2012) method and Li & Fang’s (2012) PROTS-RF. However, their methods
were not publicly available, nor were we successful in obtaining them directly from the
authors. The following paragraphs provide a detail description of the four methods that
we employed in the comparisons.
I-Mutant2.0 Capriotti et al. (2005a) developed I-Mutant2.0 for predicting stability
changes induced by protein mutations. While the method can benefit from including
structure-based features if a three-dimensional structure of a protein in question is
available, the main novelty of I-Mutant2.0 was that it also allowed for sequence-based
predictions. I-Mutant2.0 is implemented using an SVM with the radial basis function
(RBF) kernel. The predictive features of the SVM model include 42 to 43 inputs, namely
the temperature, pH, 20 values encoding the amino acid substitution (set to −1 and 1
for the deleted and introduced amino acids, respectively, and to 0 in all other cases),
20 values encoding the frequencies of neighbouring amino acids, and finally, relative
ASA of the mutation site (included only in the case of the structure-based method).
For sequence-based predictions, the neighbouring amino acids comprise a window of
19 residues centred on the mutation site, whereas for structure-based predictions, the
neighbourhood consists of residues found within a 9 Å-radius sphere around the mutated
residue. The structure-based feature relative ASA is calculated with the DSSP program
(Kabsch & Sander 1983).
A dataset of 2,087 mutations in 65 different proteins was used for the training and
evaluation of I-Mutant2.0 with a twenty-fold cross-validation procedure. When only
sequence information was used as the input, the accuracy of classifying a mutation as
stabilising or destabilising was 77% with a Matthews correlation coefficient (MCC) of
0.42. The real-value prediction of ∆∆Gu achieved a Pearson correlation coefficient (r )
of 0.62 with a standard deviation of 1.45 kcal mol−1 . In the case of structure-based
predictions, the classification accuracy improved to 80% with an MCC of 0.51. The
correlation of the real-value prediction increased to r of 0.71 with a standard deviation
of 1.30 kcal mol−1 .
MUpro Cheng et al. (2006) designed an SVM-based method called MUpro. Published
at the same time as the I-Mutant2.0 method (Capriotti et al. 2005a), it also represents
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a pioneering attempt to predict stability changes from the sequence information alone.
Different SVM kernels were evaluated for the design of MUpro. The authors found
that the RBF kernel yielded the best performance. MUpro uses the following 142
inputs for sequence-based predictions: temperature, pH value, mutation site encoded
with 20 inputs for each amino acid type (set to −1 and 1 in the case of deleted and
introduced amino acids, respectively, 0 otherwise), and 6×20 inputs encoding a window
of three and three neighbouring residues to each side of the mutation. In the case of
structure-based predictions, frequencies of each amino acid type within a sphere with a
9 Å-radius centred on the mutation site (20 inputs) are used instead of the sequential
neighbourhood. Also, the relative ASA is included for structure-based predictions.
MUpro was evaluated with twenty-fold cross-validation on a dataset of 1,496 mutations. The binary classification accuracies of the sequence-based and structure-based
methods were 84.1% (MCC of 0.59) and 84.5% (MCC of 0.60), respectively. For the
real-value prediction of ∆∆Gu , a dataset of 1,539 mutants was used. The correlation
coefficient (r ) between the predicted and experimentally measured ∆∆Gu was 0.75 (standard deviation of 1.10 kcal mol−1 ) for the sequence-based and 0.76 (standard deviation of
1.09 kcal mol−1 ) for the structure-based method. These results show a remarkably even
performance for both sequence-based and structure-based methods. However, when
the authors estimated the classification performance of the sequence-based method on
a subset of mutations in previously unseen non-homologous proteins, MCC dropped
to only 0.13 (relative decrease of 78%). This result indicates that the performance of
MUpro strongly depends on whether the mutated protein in question (or its homolog)
was present in the training dataset or not.
MuStab Teng et al. (2010) proposed MuStab, a sequence-based method for classification of stability changes. MuStab is implemented using an SVM with the RBF kernel.
The authors evaluated the use of 20 diverse biochemical, structural, empirical, and other
biological properties of amino acids for encoding a window of 11 neighbouring residues
centred on the mutation site. An exhaustive search for the best performing combination of the 20 features was used. MuStab’s final model includes the best combination
of six features: overall amino acid composition, polarity, conformational parameters for
α-helix and β -sheet, average area buried on transfer from the standard state to a folded
protein, and the number of codons. The value of pH at which ∆∆Gu was experimentally
measured is also included in the final model.
MuStab’s performance was evaluated on a dataset containing 1,480 mutations. The
authors ensured that any two protein sequences in this dataset had a pair-wise sequence
similarity below 25%. Nonetheless, five-fold cross-validation was employed for the evaluation, meaning that different mutations of the same protein could be present in different
folds, and hence, some mutations of a given protein would be used for training and the
remaining mutations of the very same protein would be used for testing. The authors
reported that the best performing single feature was ‘the side-chain contribution to
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protein stability’ achieving a classification accuracy of 82.53% with an MCC of 0.59.
When the best performing subset containing six features (interestingly, not including
the best single feature) was employed, an accuracy of 84.59% with an MCC of 0.63 was
achieved. Unfortunately, the authors did not provide a performance comparison with
other available sequence-based prediction methods.
iStable Chen et al. (2013) developed iStable for classification of stability changes
as stabilising and destabilising based on the consensus of several available methods:
machine-learning-based I-Mutant2.0 (Capriotti et al. 2005a), MUpro (Cheng et al.
2006), and AUTO-MUTE (Masso & Vaisman 2008); and also energy-based CUPSAT
(Parthiban et al. 2006) and PoPMuSiC-2.0 (Dehouck et al. 2009). If a protein structure
is not available, iStable employs only the sequence-based versions of I-Mutant2.0 and
MUpro. The iStable method is implemented with an SVM and the RBF kernel. The
SVM model includes 20 inputs for encoding the mutation site (−1 and 1 in the case of
deleted and introduced amino acids, respectively, 0 otherwise), 10×20 inputs encoding
a window of five and five neighbouring residues to each side of the mutation, and finally
six (or two in the case of the sequence-based version) inputs for the predictions acquired
from the participating methods.
The iStable method yielded a five-fold cross-validated MCC of 0.669 and 0.564
on a dataset of 3,131 mutations for the structure-based (six participating methods)
and sequence-based (two participating methods) predictions, respectively. The authors
reported that iStable considerably outperformed each of the participating methods.
However, these results probably do not reflect the real ability of iStable to predict
arbitrary mutations because many mutations in the cross-validation dataset were also
included in the training sets of some of the participating methods.

3.2

Predicting mutation-induced functional changes

A key requirement for personalised medicine is having accurate tests that can separate
human genetic variants which affect the protein function and possibly cause a disease
from the ones which are benign. Given the immense space of possible genetic variations
in the human genome, it is unrealistic to annotate each possible variant experimentally. Therefore, computational approaches play an important role in the large-scale
annotation of genetic variants.
The most common genetic variations are the single nucleotide variants (SNVs), followed by short insertions and deletions (indels) (Mullaney et al. 2010). An SNV may
result in an amino acid substitution (missense mutation), premature termination codon
(PTC) truncating the protein product (nonsense mutation), or no change in the protein
sequence (silent mutation). Different computational methods have been developed to
address the different types of genetic variants. These methods are commonly scorebased, rule-based, or machine learning approaches based on a statistical study of two
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datasets, one containing benign variants (also referred to as polymorphic or neutral) and
the other containing variants which disrupt the protein function (commonly denoted as
deleterious variants). In the following sections, we first give an overview of the methods
for missense variants, and then we review approaches dedicated to indels and nonsense
mutations.

3.2.1

Missense mutations

Most available methods for discriminating between function-affecting and neutral genetic variants are dedicated to missense mutations (for recent reviews, see Karchin 2009,
Thusberg et al. 2011). One of the earliest tools, SIFT (Ng & Henikoff 2001), is a conservation score calculated from a multiple sequence alignment of related sequences. SIFT
follows the observation that functionally important residues in a protein sequence are
evolutionarily conserved. In fact, all currently available methods employ some form of
sequence conservation scores. Sunyaev et al. (2000) studied the relationship between
structural properties and deleterious mutations. The authors reported that buried mutations as well as mutations in structurally or functionally important sites had a tendency to lead to a disease. Wang & Moult (2001) incorporated structural information
into their rule-based prediction method. Another popular method, PolyPhen (Adzhubei
et al. 2010, Ramensky et al. 2002), also includes structural properties and sequence conservation, as well as further extends the prediction model with functional annotations
(e.g., ligand binding) extracted from protein databases. Krishnan & Westhead (2003)
employed machine learning algorithms to predict mutation-induced functional changes
for the first time. Their study compared performance of the support vector machine
(SVM) and decision tree techniques. Also, the authors proposed to use predicted structural properties (predicted secondary structure and solvent accessibility) if the structure
of the protein in question is not available. A different approach is adopted by the LSSNP method (Karchin et al. 2005) where missing protein structures are supplemented
with structural models predicted with a comparative modelling approach. The idea of
using predicted structural properties was also employed in neural-network-based SNAP
(Bromberg & Rost 2007) for which the most powerful features were identified with a
sophisticated feature selection algorithm. MutPred (Li et al. 2009) was identified as one
of the most accurate prediction tools in a recent survey (Thusberg et al. 2011). Apart
from the sequence conservation and predicted structural properties, MutPred includes
predicted functional sites and loss/gain probabilities to encode the impact of a mutation.
Most recently, Yates et al. (2014) developed SuSPect which incorporates information
from protein-protein interaction networks to improve the prediction performance. Finally, with the variety of available methods, several consensus-based predictors have
been developed of which the most recent is PredictSNP (Bendl et al. 2014).
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3.2.2

Insertions, deletions, and nonsense mutations

Despite the relative abundance of small insertions/deletions (indels) and nonsense mutations in human genomes, these genetic variations became of interest to computational
annotation of their functional impact only in the most recent years. Indels can be
frameshifting (FS) or non-frameshifting (NFS) depending on the number of nucleotides
causing the variation. NFS indels insert or delete multiples of three nucleotides which
results in an insertion or deletion of several amino acid residues in the protein product.
This is because each amino acid is encoded by exactly three DNA bases (referred to as
the codon). In contrast, FS indels insert or delete a number of nucleotides indivisible
by three, and thus, shift the codon-reading frame and randomise the protein product
downstream of the indel site. Thus, both FS indels and nonsense mutations (which
introduce a PTC) alter the gene product from the variation site all the way to the end
of the normal protein sequence, whereas NFS indels change the protein sequence only
locally. Therefore, different methods have been proposed to target FS and NFS indels,
while some methods are applicable to both FS indels and nonsense mutations.
Recently, several methods have been introduced for NFS indels. Choi et al. (2012)
proposed PROVEAN which is a sequence conservation score calculated from clusters
of related sequences. PROVEAN is a unified approach for predicting missense mutations, NFS indels, and multiple amino acid substitutions. Zhao et al. (2013) proposed
DDIG-in (NFS), a machine learning approach that combines structural features with
features describing sequence conservation on both nucleotide and protein levels. Hu
& Ng (2013) developed SIFT Indel which apart from structural and conservation features includes annotations of functional domains. While DDIG-in (NFS) is based on
a support vector machine (SVM) model, SIFT Indel employs a decision tree. Another
recent method, KD4i (Bermejo-Das-Neves et al. 2014), incorporates similar features as
SIFT Indel and DDIG-in (NFS) with the inductive logic programming (ILP) algorithm.
Finally, Zhang et al. (2014) developed PinPor which is dedicated to the prediction of
NFS indels which affect post-transcriptional regulation.
There are currently three available methods for predicting functional changes induced by FS indels, and two of them are also applicable to nonsense mutations. These
are D-score (Zia & Moses 2011), SIFT Indel (Hu & Ng 2012), and CADD (Combined
Annotation-Dependant Depletion) (Kircher et al. 2014). In Chapter 7, we develop a new
method applicable to both FS indels and nonsense mutations. Therefore, we provide a
detailed description of D-score, SIFT Indel, and CADD in the following paragraphs.

D-score Zia & Moses (2011) proposed D-score to rank FS indels and nonsense mutations. The score is calculated as the loss of protein information content. There, the
information content is defined as the amino acid conservation calculated from a multiple sequence alignment of similar sequences. D-score was evaluated on a dataset of
genetic variants in 39 strains of yeast as well as on a human dataset compiled from
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the dbSNP database (Sherry et al. 2001). Variants from dbSNP were considered as
function-affecting (deleterious) if they had a disease association in the OMIM catalogue
of genetic disorders (Hamosh et al. 2005) or LSDB database (Horaitis et al. 2007),
whereas variants without a disease association in OMIM and LSDB were considered
neutral. The authors showed that distributions of disease-associated and neutral variants were statistically different. Moreover, nonsense mutations with higher D-score
(higher information loss) segregated at lower allele frequencies. Nevertheless, D-score
was not evaluated as a prediction method using any of the standard measures such as
classification accuracy, Matthews correlation coefficient, sensitivity, or specificity.
SIFT Indel Hu & Ng (2012) proposed SIFT Indel for predicting FS indels. SIFT Indel
was implemented with the J48 decision tree algorithm (an open source implementation
of Quinlan 1993). The authors later extended their approach to also predict the NFS
indels (Hu & Ng 2013). SIFT Indel was trained with a dataset of disease-causing FS indels compiled from the Human Gene Mutation Database (HGMD) (Stenson et al. 2014).
The dataset of neutral indels was derived from pairwise alignments between the human
genome and orthologous genes in six mammalian species (cow, dog, horse, chimpanzee,
rhesus macaque, and rat). The greedy sequential forward selection algorithm was employed to choose an effective combination out of 20 sequence-based features including
properties based on sequence conservation, indel position, and domains annotated in
the Pfam database (Finn et al. 2014). The final model was trained using just four
features: fraction of affected conserved DNA bases, relative indel location, fraction of
affected conserved amino acids, and indel distance to the exon boundary. SIFT Indel
yielded a sensitivity and specificity of 90% and 78%, respectively, classification accuracy
of 84%, and positive predictive value of 81%. However, when applied to a dataset of
variants identified in a presumably healthy population from the 1,000 Genomes Project
(McVean et al. 2010), 77% of FS indels were predicted as deleterious. This suggests
that SIFT Indel might have over-fit on indels from its own training dataset.
CADD Recently, Kircher et al. (2014) proposed a general framework, named Combined Annotation-Dependant Depletion (CADD), for scoring any SNVs (both missense
and nonsense) and both FS and NFS indels. CADD is an SVM model which was trained
with a variety of features including scores calculated with other machine-learning-based
methods such as SIFT (Ng & Henikoff 2001) and PolyPhen (Adzhubei et al. 2010), and
score-based methods such as GERP (Cooper et al. 2005), phastCons (Siepel et al. 2005),
and phyloP (Pollard et al. 2010). The neutral training dataset was compiled from
variants between the human and inferred human-chimpanzee ancestral genomes. The
dataset of deleterious variants was created using a genome-wide simulator of de novo
germline mutations. CADD was evaluated in numerous ways including a separation of
pathogenic and neutral variants. There, CADD’s performance was tested using a dataset
of disease-causing variants from the ClinVar database (Baker 2012) and putatively neu26

3.3. SHORTCOMINGS AND RESEARCH AIMS
tral variants from the Exome Sequencing Project (Tennessen et al. 2012). When applied
to all extracted variants (missense, nonsense, and indels combined), CADD yielded the
area under the ROC curve (sensitivity as a function of 1−specificity) of 0.92. However,
CADD’s performance specifically for FS indels or nonsense mutations was not analysed.

3.3

Shortcomings and research aims

Section 3.1 reviewed energy-based and machine learning approaches for the prediction
of mutation-induced stability changes. Section 3.2 surveyed different methods for the
annotation of the functional impact of genetic variants. Here, we summarise the shortcomings of different methods and propose research aims of this thesis.

3.3.1

Stability changes

Generally, energy-based methods for the prediction of ∆∆Gu have two drawbacks. First,
they require protein three-dimensional structure as their input. This limits the application scope only to proteins deposited in the Protein Data Bank (PDB) (Berman
et al. 2000). While PDB holds more than 100,000 experimentally determined structures
(October 2014), there are several million known sequences deposited in the UniProt
database (Apweiler et al. 2014). These figures demonstrate that there is a significant
number of proteins with an unknown structure. The second drawback of energy-based
methods is that in order to calculate the free energy of a protein variant, the mutated
structure needs to be predicted with some conformation sampling algorithm. In fact,
it has been shown that stability changes prediction accuracy improves with increased
accuracy of the conformational sampling which in turn improves by allowing backbone flexibility during the sampling (Benedix et al. 2009, Yin et al. 2007b). However,
increased flexibility induces computational overhead and increases overall prediction
time.
Compared to energy-based methods, a machine learning approach generally offers
a faster alternative (depending on the complexity of predictive features) for predicting
stability changes. However, structure-based machine learning methods still require protein structure as their input, and thus, this again limits the application scope only to
proteins deposited in the PDB. Therefore, sequence-based machine learning methods
offer a promising alternative to predict stability changes in proteins of an unknown
structure.
Even though a lot of work has been done in the area of the sequence-based prediction of stability changes, the focus has been centred mainly on predictive features which
describe the local sequential neighbourhood of the mutation site with amino acid identities or physical-chemical properties. Yet, both Bordo & Argos (1991) and Maxwell &
Davidson (1998) reported that sequence conservation can be used as guidelines for safe
residue substitutions in site-directed mutagenesis. In addition, sequence conservation
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was shown to be one of the most important features for annotation of deleterious amino
acid substitutions (Ng & Henikoff 2001, Adzhubei et al. 2010). Nonetheless, the applicability of predictive features encoding the evolutionary conservation of the mutation
site to the prediction of stability changes has not been studied.
Also the potential of structural properties have not been fully explored. It has
been shown that information about the secondary structure type and relative accessible
surface area of the mutation site can be successfully applied to the prediction of stability changes (Saraboji et al. 2006). In fact, many structure-based methods included
these two predictive features. However, in the case of sequence-based predictions, the
structure of a protein is not available. This limitation was addressed by using predicted
secondary structure and accessible surface area for annotation of mutation-induced functional changes (Krishnan & Westhead 2003, Bromberg & Rost 2007). Nonetheless, this
approach has not been applied to stability changes prediction.
One of the likely reasons why the aforementioned evolutionary and structural features have not been applied to stability changes prediction is that even the simple
encodings based on amino acid identities and pre-calculated physical-chemical properties of several neighbouring residues were able to reach a high classification accuracy up
to 85% with a Matthews correlation coefficient (MCC) of 0.63. Regarding the real-value
prediction of stability changes, the correlation of the predicted and experimentally measured stability changes reached a good correlation with a Pearson correlation coefficient
up to 0.75. In contrast to these results, Khan & Vihinen’s (2010) survey indicated that
the prediction performance of currently available methods on an independent test set
is considerably lower than that stated in the original studies. The authors reported
that the best result was achieved by I-Mutant3.0 with a binary classification accuracy
of only 64%.
There might be several aspects to why currently available methods did not perform well in the independent assessment. For example, as Cheng et al. (2006) showed,
when the dataset used for training and evaluation did not contain multiple records for
measurements of the same mutation at different experimental conditions, sensitivity
(accuracy on positive examples) of the proposed method decreased from 71% to 28%.
When the evaluation was further restricted to only proteins with low sequence similarity
to the training set, sensitivity reached only 15%. These findings suggest that currently
available methods may suffer from over-fitting on mutations with several measurements
under different experimental conditions as well as on proteins with several different
mutations in the training set.
As discussed above, currently available methods achieve a high cross-validation accuracy even though they tend to over-fit on specific proteins encountered during training.
This happens most probably because the mutations in the training datasets are not
independently and identically distributed. The training data come from experiments
in which usually only a handful of functionally or structurally important residues of a
given protein are mutated. Often, most of the mutations in a given residue are either
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stabilising or destabilising. Therefore, a random cross-validation is not an appropriate
procedure for the evaluation of machine learning stability changes prediction methods.
To illustrate this problem, let us assume a typical dataset of stability changes consisting
of 1,000 to 3,000 mutations in up to 90 different proteins. Upon randomly dividing examples of such a dataset into k folds for k-fold cross-validation, different mutations of the
same protein, and even the same residue, can be found among several folds. This means
that even though a prediction method is tested on mutations unseen during training,
different mutations of the same protein, and even the same residue, can be found in
both training and test folds. Therefore, prediction methods should be evaluated solely
on mutations in previously unseen non-homologous proteins.
Finally, there is one more shortcoming regarding sequence-based stability changes
prediction which is an unbalanced performance for predicting mutations in residues
with different levels of solvent accessibility. Gilis & Rooman (1997) showed that local
interactions prevail for surface residues, whereas buried residues are influenced mostly
by non-local interactions. This observation has implications for both energy-based and
machine learning methods. Zhou & Zhou (2002) reported that their statistical energy
function yielded better performance for mutations in buried residues when compared to
the residues on the surface of a protein. In agreement, Capriotti et al.’s (2004) machine
learning method showed the same tendency. To address this problem, Dehouck et al.
(2009) proposed a statistical energy function with weights of the individual energy
terms predicted with a neural network based on the solvent accessibility of the mutated
residue. However, in the area of machine learning prediction of stability changes, the
low performance for mutations in exposed residues has not been addressed.
Let us summarise the aforementioned shortcomings and briefly discuss how we address them in this thesis:
• Since there is a large gap between the number of known protein sequences and
experimentally determined three-dimensional structures, sequence-based machine
learning methods are a promising approach to universal prediction of stability
changes. Therefore, we devote our interest solely to sequence-based methods.
• Available methods have not employed evolutionary conservation features nor predicted structural properties of the mutation. We study the applicability and
importance of these features in Chapters 4 and 5.
• While a number of methods reported a striking prediction accuracy, their independent test performance seems to be significantly worse (Khan & Vihinen 2010). We
show why the commonly employed evaluation results in over-fitting in Chapter 5.
Furthermore, we propose an evaluation on previously unseen non-homologous proteins and by applying it, we design robust methods in Chapters 5 and 6.
• Capriotti et al. (2004) reported that their machine learning method yielded a
better performance for mutations in buried residues when compared to residues
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on the surface of a protein. To design a method with a balanced prediction
performance, we propose combining feature-based multiple models in Chapter 6.
There, each model is specialised for a different type of mutations based on the
accessible surface area and secondary structure of the mutation site.

3.3.2

Functional changes

Functional effects of frameshifting (FS) indels and nonsense mutations are poorly understood. Most available methods for discriminating deleterious and neutral genetic
variants are dedicated only to missense mutations. Regarding indels, there are several
methods for non-frameshifting (NFS) indels: DDIG-in (NFS) (Zhao et al. 2013), SIFT
Indel (Hu & Ng 2013), PROVEAN (Choi et al. 2012), PinPor (Zhang et al. 2014), and
KD4i (Bermejo-Das-Neves et al. 2014). However, only three methods exist for FS indels
and two for nonsense mutations.
D-score (Zia & Moses 2011) ranks FS indels and nonsense mutations based on the
loss of protein information content derived from the conservation of the target protein
sequence. However, it does so without specific training. While the authors showed that
D-score is correlated with the allele frequency and that the distributions of D-score for
disease-causing and neutral variants were statistically different, they did not evaluate
their method using any standard evaluation measures such as classification accuracy,
Matthews correlation coefficient, sensitivity, or specificity.
Another method, decision-tree-based SIFT Indel (Hu & Ng 2012), was trained with
disease-causing FS indels derived from the Human Gene Mutation Database (HGMD)
(Stenson et al. 2014) and neutral indels from pairwise alignments between the human
genome and orthologous genes in six mammalian species. The authors reported that
SIFT Indel performed well when cross-validated on this training dataset, whereas it
failed to discriminate between the disease-causing indels from HGMD and indels of
presumably healthy individuals from the 1,000 Genomes Project (McVean et al. 2010).
This suggests that SIFT Indel’s decision tree might have been over-fit.
Finally, the most recent method, CADD (Kircher et al. 2014), is a general framework for predicting any possible genetic variations (missense and nonsense mutations
as well as both FS and NFS indels). The authors reported significant improvements in
predicting missense mutations compared to other available methods. Also, CADD performed better than various conservation scores in discriminating a dataset comprising
all types of genetic variations. However, the prediction performance for FS indels and
nonsense mutations was not analysed nor compared with D-score and SIFT Indel.
All of the three currently available methods reviewed above employ predictive features based on the sequence conservation, indel position, or annotated functional domains. No structural features, although found useful for predicting NFS indels (Zhao
et al. 2013) and missense mutations (Sunyaev et al. 2000), have been considered for
FS indels and nonsense mutations. In fact, Zhao et al. (2013) reported that the best
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discrimination between disease-causing and neutral NFS indels was achieved using two
predicted structural features: the regions of disorder and relative accessible surface area.
Lastly, we think that in order to maximise the ability of prioritising functionaffecting FS indels and nonsense mutations in humans, it is necessary to design and
train the method using genetic variants found in human genomes, rather than simulated deleterious variants (the training data of CADD) or neutral variants derived from
orthologous animal genes (SIFT Indel).
Let us summarise the aforementioned shortcomings which we address in Chapter 7:
• Most available methods for predicting functional changes are dedicated to missense
mutations and NFS indels, while FS indels and nonsense mutations had gone
largely unstudied.
• Although there are three (two) methods available to predict FS indels (nonsense
mutations), these methods were not trained on genetic variants derived solely from
human genomes.
• While structural features were shown to be among the most discriminative for
NFS indels (Zhao et al. 2013) and missense mutations (Sunyaev et al. 2000), they
have not been applied to the prediction of FS indels and nonsense mutations.

3.3.3

Research aims

Based on the shortcomings of currently available methods, we have identified several
research aims which we address in our research. The research aims are as follows:
• Defining predictive features based on evolutionary conservation and predicted
structural properties for the prediction of stability changes.
• Investigating how stability changes can be robustly predicted for mutations in
previously unseen non-homologous proteins.
• Proposing a method that can achieve a balanced performance for different types
of mutations by combining several specialised predictive models.
• Identifying predictive features which can reliably annotate disease-causing frameshifting indels and nonsense mutations in human genomes.
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Chapter 4
Sequence-based evolutionary and
structural features for predicting
mutation-induced stability changes

A number of sequence-based machine learning methods have been designed to classify
the direction of the stability change as stabilising or destabilising as well as to predict
the real value of the stability change. The main differences among various methods
are the predictive features which model a protein mutation to facilitate effective learning. Predictive features employed by most currently available methods utilise relatively
simple encodings based on amino acid identities or pre-calculated physical-chemical
properties of several neighbouring residues and the mutation site. As discussed in the
previous chapter, it is rather surprising that features encoding evolutionary conservation
and predicted structural properties have not been exploited for the machine learning
prediction of stability changes.
In this chapter, we propose a sequence-based machine learning method for the prediction of stability changes which employs features encoding the evolutionary conservation
and predicted structural properties of the mutation site. We refer to the method as
EASE: Evolutionary And Structural Encodings (Folkman et al. 2013). To design our
method, we first compare the prediction performance of the predicted and experimentally determined structural features and find only small differences in the prediction
accuracy. Second, we study the contribution of each of the proposed features and identify the best performing subset with an exhaustive search for both classification and
real-value prediction. Finally, we compare the performance of EASE with other currently available methods in pair-wise comparisons as well as on an independent test set
of 238 mutations in 25 previously unseen non-homologous proteins. We find that our
new method is able to predict stability changes more accurately than the other available
methods.
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4.1

Methods

We developed EASE: Evolutionary And Structural Encodings, a method for the prediction of stability changes induced by protein mutations. It is composed of two different
models, one for the classification of stability changes as stabilising (∆∆Gu ≥ 0) or destabilising (∆∆Gu < 0) and the other for the real-value prediction of ∆∆Gu .

4.1.1

Predictive features and feature vectors

In the case of machine learning prediction of stability changes, each mutation needs
to be modelled in the feature space using a set of predictive features, a feature vector.
Based on the findings of previous studies (Cheng et al. 2006, Huang et al. 2007b, Ozen
et al. 2009), a well-proven feature vector for the sequence-based stability changes prediction consists of the following features: 1) deleted and 2) introduced amino acid
identities, 3) temperature, 4) pH value, and 5) amino acid identities of three and three
sequential neighbours to each side of the mutation. We refer to this feature vector
as the baseline feature vector Bseq . Bseq comprises 142 inputs: 20 inputs encode the
deleted and introduced amino acid identities (set to −1 and 1 for the respective amino
acid types, 0 otherwise), 2 real-value inputs account for temperature and pH value, and
6×20 inputs encode the identities of the 6 sequential neighbours (set to 1 for the given
amino acid type, 0 otherwise).
In this study, we extended the baseline feature vector B seq with a variety of evolutionary and predicted structural features in order to increase the prediction accuracy.
The diagram in Figure 4.1 provides a visual depiction of our approach. We adopted
B seq because: 1) it is based on the sequence information only and 2) it yielded a high
prediction accuracy in the study by Cheng et al. (2006).

Neighbourhood-encoding feature vectors
We performed a comparison of B seq with three other ‘baseline’ feature vectors: Bnone ,
Bspatial , and Bspherical . Bnone was the same as Bseq but did not include neighbourhood
information. Thus, Bnone comprised 22 inputs encoding the identities of the deleted
and introduced amino acids, temperature, and pH value. Rather than sequential neighbours, amino acid identities of the six spatially closest residues to the mutation site
were encoded by Bspatial (six spatial neighbours yielded the best performance in our
preliminary analysis). Lastly, Bspherical described the neighbourhood by counting the
occurrences of each amino acid in a sphere with a 9 Å radius centred on the mutation
site (this radius worked the best in a previous study by Capriotti et al. 2004). We
downloaded experimentally determined three-dimensional structures from the Protein
Data Bank (PDB) (Berman et al. 2000) to calculate Bspatial and Bspherical .
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Figure 4.1: EASE combines a sequential neighbourhood baseline feature vector
with evolutionary and structural encodings. Our method, EASE, employs a popular
baseline feature vector comprising the identities of the deleted and introduced amino acids, pH
and temperature, and three and three amino acid residues to each side of the mutation. In
addition, EASE includes a combination of evolutionary and predicted structural features. The
best combination was determined by wrapper feature selection using an exhaustive search.

Evolutionary features
Some residues in a protein sequence are more conserved within the family of related
proteins than others. Notably, functionally important sites tend to be conserved. This
has been previously exploited in the area of the prediction of functionally intolerant
mutations (Ng & Henikoff 2001). Similarly, it can be assumed that mutations which
cause destabilisation of the protein chain are not present in the protein family. Furthermore, mutations that are common in the protein family presumably do not cause
destabilisation of the protein structure. For these reasons, we introduced a range of
evolutionary features (Table 4.1) and evaluated their prediction performance.
The features conservation likelihood (C ) and mutation likelihood (M ) express the
log-likelihoods of the deleted and introduced amino acids to appear at the mutation
site in the alignment of similar sequences of the target protein, respectively. Three
iterations of PSI-BLAST (Altschul et al. 1997) in default configuration were used to
search the NCBI non-redundant database to build the alignment. The conservation and
mutation likelihoods were then extracted from the last position-specific scoring matrix
(PSSM) generated by PSI-BLAST. Another PSSM-based feature was the mutation site
evolutionary profile (EP ) which describes the log-likelihoods of the 20 possible amino
acid substitutions at the mutation site. In other words, EP is the mutation site row
of the PSSM. The evolutionary profile encodes the conservation of the mutation site
using 20 inputs. Alternatively, the overall conservation of the mutation site can be
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expressed using a single input as the information content per position (calculated with
PSI-BLAST in the PSSM output file). We refer to this feature as the mutation site
information content (IC ). Features C, M, and EP were normalised to fall within the
range of −1 and 1, whereas IC was normalised for the range of 0 and 1.
Another evolutionary feature that we considered was the SIFT score (S ). The
SIFT score estimates the probability of the amino acid substitution being tolerated
(Ng & Henikoff 2001). The score is calculated from a scaled probability matrix of
possible amino acid substitutions generated from a multiple sequence alignment of related sequences. The most conserved residues have a SIFT score equal to 0 while the
least conserved residues have a SIFT score of 1. We ran SIFT on the merged SwissProt+TrEMBL database with sequences more than 90% identical to the query removed.
Finally, the evolutionary feature PAM was extracted from the PAM250 (point accepted mutation) matrix (Dayhoff et al. 1972). We normalised PAM on the maximum PAM250 score. By contrast with the other evolutionary features, PAM is a
pre-calculated score, and hence, it assigns the same probability for a given amino acid
substitution regardless of the sequence position or the mutated protein sequence.

Table 4.1: Six evolutionary and three predicted structural features evaluated for
the design of EASE

Abbr.a

Feature name

Evolutionary features
C
conservation likelihood
M

mutation likelihood

EP

evolutionary profile

IC

information content

S

SIFT score

PAM

PAM likelihood

Structural features
SS
secondary structure
ASA

accessible surface area

D

regions of disorder

a Abbreviation
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Definition
likelihood of the deleted amino acid at the mutation site from PSSM
likelihood of the introduced amino acid at the
mutation site from PSSM
likelihoods of the 20 possible amino acids at the
mutation site from PSSM
conservation of the mutation site calculated as information content per position with PSI-BLAST
conservation score of the mutation site calculated
with SIFT which predicts deleterious mutations
point accepted mutation likelihood from the
PAM250 matrix
predicted with PSIPRED as either α-helix, β sheet, or coil
predicted with AccPRO as either exposed
(> 25%) or buried (≤ 25%)
predicted with DISOPRED as either ordered or
disordered

of the feature name that is used to refer to the given feature throughout this chapter.

4.1. METHODS
Predicted structural features
It has been shown that the prediction of stability changes can be based on the information about the secondary structure and relative accessible surface area of the mutation
site (Saraboji et al. 2006). Since our method does not assume that the three-dimensional
protein structure is available, the features secondary structure (SS ) and relative accessible surface area (ASA) were estimated using state-of-the-art prediction methods. SS
describes the mutation site as either α-helix, β -sheet, or coil using 3 binary inputs (set
to 1 for the given secondary structure type, 0 otherwise). ASA encodes the mutation
site as either exposed (> 25% relative solvent accessibility) or buried (≤ 25%) using
2 binary inputs (set to 1 for the given ASA assignment, 0 otherwise). In addition, we
introduced another structural feature: predicted regions of disorder (D). Regions of disorder may naturally occur in a protein structure, and thus, it can be assumed that the
impact of a mutation may be different in intrinsically disordered and ordered regions.
D encodes the mutation site as either being in an ordered or disordered region with 2
binary inputs.
We used neural network-based methods PSIPRED (Jones 1999) and DISOPRED
(Ward et al. 2004) in default configuration with the filtered NCBI non-redundant
database for the prediction of the secondary structure and regions of disorder of each
mutation site, respectively. For the prediction of the relative accessible surface area,
we used the recursive neural network-based ACCpro method (Pollastri et al. 2002) in
default configuration with the NCBI non-redundant database and a threshold of 25%
for classifying residues as exposed to the solvent.
In order to provide more specific insights into using predicted structural features, we
also calculated features SSstructure and ASAstructure using the DSSP program (Kabsch &
Sander 1983) from experimentally determined structures deposited in the PDB (Berman
et al. 2000). SSstructure and ASAstructure correspond to the predicted structural features
SS and ASA, respectively. These structure-based features were used only in a comparison study to investigate the difference in the prediction performance of predicted and
experimentally determined structural features.

4.1.2

Support vector machines and parameter optimisation

Stability changes prediction can be viewed as a classification problem if we are only
interested in the direction of the stability change, or as a regression problem if the
real value of the stability change is to be predicted. We employed the support vector
machine (SVM) algorithm (Cortes & Vapnik 1995) for both classification and realvalue prediction (see Section 2.2.2 for a description of SVMs). We used the radial basis
function (RBF) kernel because it has been shown to perform well for predicting stability
changes (Cheng et al. 2006). To implement our method with an SVM, we utilised the
LIBSVM library (Chang & Lin 2011). We used the C-SVC method for the support
vector classification and the ε-SVR method for the support vector regression.
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We used twenty-fold cross-validation to optimise the SVM parameters, namely the
regularisation parameter C and the RBF kernel width parameter γ. For real-value
prediction, the error neglected during training (ε) was also optimised. We used a grid
search to determine the best set of parameters. A grid search gradually visits all possible
combinations of a specified range of C, γ, and ε values and returns the combination with
the highest cross-validated prediction performance.
We employed the baseline feature vector Bseq (see Section 4.1.1) to optimise C, γ, and
ε with the grid search by visiting all possible combinations of C ∈ {2−5 , 2−3 , 2−1 , . . . , 215 }
and γ ∈ {2−15 , 2−13 , 2−11 , . . . , 23 } in the case of classification, and C ∈ {2−1 , 20 , 21 , . . . , 26 },
γ ∈ {2−8 , 2−7 , 2−6 , . . . , 20 }, and ε ∈ {2−8 , 2−7 , 2−6 , . . . , 2−1 } in the case of regression. These
range values for C, γ, and ε were adopted from the LIBSVM grid search implementation.
For the classification task, the highest classification accuracy was achieved using C = 27
and γ = 2−3 . For the regression task, the parameter values C = 26 , γ = 2−2 , and ε =
2−5 achieved the lowest root mean square error. To avoid over-fitting, we kept these
parameters set to the values given above for all different combinations of features that
we evaluated in this work.

4.1.3

Datasets

For the training and evaluation of EASE, we used a dataset compiled by Capriotti et al.
(2004) from the ProTherm database (Kumar et al. 2006). In ProTherm, a stability
change is defined as the difference in the unfolding free energy: ∆∆Gu [kcal mol−1 ] =
∆Gu (mutant) − ∆Gu (wild-type). Hence, for the classification problem, we defined stabilising mutations (∆∆Gu ≥ 0) as the positive examples and destabilising mutations
(∆∆Gu < 0) as the negative examples. The dataset contained 1,615 single site mutations
in 41 different proteins. We chose this dataset over more recent ones as it was used in a
number of other studies (Cheng et al. 2006, Huang et al. 2006, Ozen et al. 2009). The
dataset contained the experimentally determined stability changes as well as the temperature and pH values at which the stability changes were measured. In the same way
as in Cheng et al. (2006), we removed redundant entries and compiled datasets of 1,496
(referred to as S1496) and 1,539 (S1539) mutations for classification and for real-value
prediction, respectively. The classification S1496 dataset comprised 1,070 destabilising
and 426 stabilising mutations.
In addition, we extracted 3,329 mutations with experimentally measured stability
changes from ProTherm (version February 2013) (Kumar et al. 2006). From this data,
we removed mutations in proteins with a pair-wise sequence similarity ≥ 25% to any
protein from the S1496 dataset. We used Blastclust (Altschul et al. 1997) to calculate the
sequence similarity (number of matches in a pair-wise alignment of the two sequences).
This resulted in 238 mutations in 25 different proteins, referred to as the S238 dataset.
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4.1.4

Evaluation and comparison with related work

First, we used twenty-fold cross-validation for the evaluation of our methods on the
S1496 (classification) and S1539 (real-value prediction) datasets. In addition, we performed pair-wise comparisons of our final model (EASE) with iPTREE-STAB (Huang
et al. 2007b), MUpro (Cheng et al. 2006), and I-Mutant2.0 (Capriotti et al. 2005a)
using datasets of 1,859, 1,496 (1,539 for real-value prediction), and 2,048 mutations,
respectively. We adopted the same datasets and evaluation procedures (twenty-fold
cross-validation) as were used in the original studies to conduct a fair comparison.
We could not include MuStab (Teng et al. 2010) in this pair-wise comparison because
MuStab’s training dataset was not available. Finally, we employed the S238 dataset,
which contained mutations in 25 proteins with a pair-wise sequence similarity < 25%
to any protein in our training dataset as well as in the training datasets of the other
compared methods. We compared EASE with MUpro, I-Mutant2.0, and MuStab. We
could not compare with iPTREE-STAB because their web-server was out of order. We
downloaded the MUpro and I-Mutant2.0 standalone programs and used the MuStab
web-server to classify mutations in the S238 dataset. Because of the low sequence similarity between proteins in S238 and the training datasets of the compared methods,
this evaluation can provide an estimate of the prediction performance for previously
unseen non-homologous proteins (here, two proteins with a sequence similarity < 25%
were considered non-homologous).

Evaluation measures
We assessed the prediction performance in the classification task in terms of Matthews
correlation coefficient (MCC), binary classification accuracy (Q2 ), sensitivity (Se), specificity (Sp), and positive predictive value (PPV). These measures were calculated as given
in Equations 2.1–2.5 from the confusion matrix of true positives (TP), true negatives
(TN), false positives (FP), and false negatives (FN). TP and TN were defined as the
numbers of correctly predicted stabilising mutations and correctly predicted destabilising mutations, respectively. FP and FN were defined as the numbers of destabilising
mutations predicted as stabilising and stabilising mutations predicted as destabilising,
respectively. For real-value prediction, performance was assessed in terms of Pearson
correlation coefficient (r ) and root mean square error (RMSE). These two measures
were calculated as given in Equations 2.7 and 2.8.
In this work, we focused the analysis of our results on the MCC performance since
MCC provides more relevant information than, for instance, binary classification accuracy (Q2 ) in cases when the dataset is severely biased against one class of examples
(Wei & Dunbrack Jr 2013). The unbalanced dataset problem was indeed present in our
data because the S1496 dataset comprised 1070 (72%) destabilising and only 426 (28%)
stabilising mutations.
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4.2
4.2.1

Results and discussion
Sequence-based vs. structure-based predictions

We aimed to build a sequence-based method for predicting stability changes, and therefore, protein structures were not used as the input. For this reason, we used a sequential neighbourhood as opposed to a more realistic three-dimensional neighbourhood.
Furthermore, we used state-of-the-art prediction methods to estimate the secondary
structure and relative accessible surface area of a mutation site. In this section, we
experimentally verify our assumption that these sequence-based features are beneficial
for predicting stability changes.
Neighbourhood encoding features
We compared the classification performance of four baseline feature vectors in this
experiment: Bnone encoding the deleted and introduced amino acids but with no neighbourhood information, sequential neighbourhood feature vector Bseq comprising Bnone
together with three and three amino acids to each side of the mutation site, and two
variations of three-dimensional neighbourhood feature vectors, namely Bspatial (comprising Bnone and six spatially closest amino acid residues) and Bspherical (comprising Bnone
and occurrences of each of the twenty amino acids within a 9 Å-sphere centred on the
mutation site). We used the support vector machine (SVM) algorithm to build the
predictive models. Table 4.2 lists the twenty-fold cross-validation results for the four
different feature vectors on the S1496 dataset.
Interestingly, the sequence-based feature vector Bseq was able to outperform the
two three-dimensional feature vectors, Bspatial and Bspherical , even though they utilised
structural information to describe the mutation site neighbourhood. Bseq achieved a
Matthews correlation coefficient (MCC) of 0.62 and a binary classification accuracy
(Q2 ) of 85%. This result represents absolute (relative) MCC improvements of 0.01
(2%) and 0.05 (9%) when compared to Bspatial and Bspherical , respectively. As expected,
all three feature vectors that included some form of neighbourhood information (Bseq ,
Table 4.2: Prediction performance comparison of baseline feature vectors based on
sequential and three-dimensional neighbourhoods

Featuresa

MCCb

Qb2

Seb

Spb

PPVb

Bnone
Bspherical
Bspatial
Bseq

0.39
0.57
0.61
0.62

0.77
0.82
0.84
0.85

0.49
0.68
0.68
0.68

0.88
0.88
0.91
0.92

0.61
0.70
0.75
0.76

aB
none comprises the deleted and introduced amino acids; Bspherical comprises Bnone and occurrences of
the twenty amino acid types within a 9 Å-sphere; Bspatial comprises Bnone and six spatially closest amino
acids; Bseq comprises Bnone and three left and three right neighbouring residues (sequence-based).
b MCC: Matthews correlation coefficient, Q : binary classification accuracy, Se: sensitivity (recall), Sp:
2
specificity, PPV: positive predictive value (precision).
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Bspatial , and Bspherical ) significantly outperformed the simple feature vector Bnone with
no neighbourhood information. Particularly, Bseq yielded an MCC improvement of 0.23
(59%) when compared to Bnone .
With respect to the two feature vectors utilising three-dimensional neighbourhood,
it is rather interesting that Bspatial considerably outperformed Bspherical (relative MCC
improvement of 7%). We conjecture that this might be because when only the occurrence frequencies in a neighbourhood are encoded (such as in Bspherical ), information
regarding immediate versus more distant neighbours is diminished. Nonetheless, the
most surprising finding of the experiment is that the prediction performance of the
sequential neighbourhood outperformed that of the three-dimensional neighbourhood.
This suggests that the non-local neighbourly interactions that affect the stability of a
protein were not appropriately modelled in the feature vectors utilising the structural
information.
Predicted structural features
In the S1496 dataset, there were 563 unique mutation sites for which we predicted the
secondary structure, relative accessible surface area, and regions of disorder using stateof-the-art prediction methods. We also downloaded the three-dimensional structures
of all proteins to estimate the accuracy of these predictions. PSIPRED (Jones 1999)
for the prediction of secondary structure (feature SS ) yielded an accuracy of 80% on
the S1496 dataset, and ACCpro (Pollastri et al. 2002) correctly predicted 83% of the
mutation sites as either exposed or buried (feature ASA). This is in coherence with the
reported accuracies of these methods in the original publications. We could not estimate
Table 4.3: Prediction performance comparison of predicted and experimentally
determined structural features

Featuresa

MCCb

Qb2

Seb

Spb

PPVb

Bnone
Bnone +ASA
Bnone +ASAstructure
Bnone +SS
Bnone +SSstructure

0.39
0.43
0.40
0.44
0.46

0.77
0.78
0.76
0.78
0.79

0.49
0.53
0.53
0.55
0.56

0.88
0.88
0.86
0.87
0.87

0.61
0.63
0.60
0.63
0.64

Bseq
Bseq +ASA
Bseq +ASAstructure
Bseq +SS
Bseq +SSstructure

0.62
0.60
0.60
0.61
0.63

0.85
0.84
0.84
0.85
0.85

0.68
0.68
0.69
0.68
0.69

0.92
0.91
0.90
0.91
0.92

0.76
0.74
0.73
0.76
0.76

aB
none

comprises the deleted and introduced amino acids; Bseq comprises Bnone and three left and three
right neighbouring residues; SS and ASA denote predicted structural features secondary structure and
accessible surface area, respectively, whereas SSstructure and ASAstructure were calculated from experimentally determined structures.
b MCC: Matthews correlation coefficient, Q : binary classification accuracy, Se: sensitivity (recall), Sp:
2
specificity, PPV: positive predictive value (precision).
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the prediction accuracy for the regions of disorder predicted with DISOPRED (Ward
et al. 2004) because most proteins in S1496 did not have experimentally determined
information available about their disordered regions.
We compared the classification performance of the predicted and experimentally
determined structural features by coupling them with the baseline feature vectors Bnone
and Bseq . Table 4.3 summarises the twenty-fold cross-validation results on the S1496
dataset. Overall, we found that the classification performance of the predicted features
ASA and SS was comparable to the case when the experimentally determined features
ASAstructure and SSstructure were used, respectively. SSstructure outperformed SS only by
0.02 in terms of MCC (relative improvements of 5% and 3% when combined with Bnone
and Bseq , respectively). Surprisingly, ASAstructure did not provide any improvement
compared to ASA. In fact, ASA even outperformed ASAstructure by 0.03 (8%) in terms
of MCC when combined with Bnone . Overall, the good performance of the predicted
features can be attributed to two aspects. Firstly, the accuracy of PSIPRED and
ACCpro was high (≥ 80%). Secondly, both ASA and SS were encoded into two (buried
or exposed) and three (α-helix, β -sheet, or coil) distinct groups, respectively, hence
reducing the necessity for precise real-valued measurements.
We also evaluated the prediction performance of the structural features compared
to the baseline feature vectors alone. While addition of predicted ASA and SS to Bnone
yielded MCC improvements of 0.04 (10%) and 0.05 (13%), respectively, the addition of
the same two features to Bseq resulted in a marginal decrease of MCC. This is probably
because ASA and SS represent local structural properties of the mutation site which
are already encoded in Bseq in the form of neighbouring amino acids. Possibly, ASA
and SS could be found useful in combination with other, more distinct, features such
as evolutionary conservation.

4.2.2

Predictions with a single new feature

We first examined the ability of individual features to discriminate between the destabilising (∆∆Gu < 0) and stabilising (∆∆Gu ≥ 0) mutations in the S1496 dataset. Figure 4.2
shows the distributions of five features: SIFT score (S ), mutation likelihood (M ), conservation likelihood (C ), predicted secondary structure (SS ), and predicted accessible
surface area (ASA). As expected, mutations with low SIFT scores (meaning low probability of tolerating the mutation) tend to destabilise the protein structure (Figure 4.2a).
Moreover, for higher values of SIFT score (likely tolerated mutations), there are more
stabilising than destabilising mutations. A similar trend can be observed for the mutation likelihood (Figure 4.2b). From Figure 4.2c, there does not seem to be an apparent
difference in the distributions of the conservation likelihood for destabilising and stabilising mutations. Turning to the two predicted structural features, it seems that most
of the mutations with a predicted β -sheet secondary structure destabilise the structure
of a protein (Figure 4.2d). Also, the accessible surface area yields a good separation
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Figure 4.2: Distributions of five predicted structural and evolutionary features for
stabilising and destabilising mutations. (a) SIFT score, (b) mutation likelihood, (c)
conservation likelihood, (d) predicted secondary structure (SS) of the mutation site, and (e)
predicted relative accessible surface area (ASA) of the mutation site. Most notably, destabilising
mutations tend to have lower SIFT scores (meaning lower probability of tolerating a mutation)
as well as lower mutation likelihoods (meaning lower probability of the introduced amino acid
to appear in a given position). Regarding structural features, destabilising mutations prevail in
residues predicted as buried and those of a β -sheet secondary structure.

of stabilising and destabilising mutations (Figure 4.2e). There are considerably more
stabilising mutations in the exposed than in the buried residues, while at the same
time, there are more destabilising mutations in the buried than in the exposed residues.
Overall, it seems that both evolutionary and predicted structural features are capable
of discriminating stabilising and destabilising mutation-induced stability changes.
Next, we evaluated the performance of each of the nine proposed evolutionary and
predicted structural features (see Table 4.1 for description of the features) in classifying
the direction of stability changes as well as for predicting the real value of ∆∆Gu . For
this purpose, we added one of the proposed features at a time to a baseline feature
vector to train the SVM model. In these experiments, we employed baseline feature
vectors Bnone (deleted and introduced amino acids, no neighbours) and Bseq (same as
Bnone plus three and three neighbours to each side of the mutation).
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Classification
Table 4.4 summarises the twenty-fold cross-validation results (S1496 dataset) when each
new feature was coupled with the baseline feature vector Bnone . The addition of the
evolutionary profile (EP ) yielded the best performance reaching a Matthews correlation
coefficient (MCC) of 0.53. Compared to the second best feature [SIFT score (S ) with
an MCC of 0.47], EP achieved an MCC improvement of 0.06 (13%). Compared to
Bnone alone, the MCC improvement was 0.14 (36%). Two other evolutionary features
[mutation (M ) and conservation (C ) likelihoods] resulted in considerable improvements
compared to Bnone , both reaching an MCC of 0.46. Regarding the predicted structural
features, the secondary structure (SS ) and accessible surface area (ASA) achieved MCC
improvements of 0.05 (13%) and 0.04 (10%), respectively. The regions of disorder (D)
did not yield any improvement. This can be attributed to 95% of all mutations in the
S1496 dataset being predicted as located in ordered regions.
Next, we evaluated the prediction performance of each single feature coupled with
Bseq . Table 4.5 lists these results. S performed the best, yielding an MCC of 0.64,
while EP (the best feature when coupled with Bnone ) placed second with an MCC of
0.63. S achieved an MCC improvement of 0.02 (3%) compared to Bseq alone. All other
evolutionary features (C, M, IC, and PAM ) achieved an MCC of 0.62 (equal to the
MCC of B seq ), whereas adding any of the three predicted structural features resulted
in a marginal decrease in MCC compared to the MCC of Bseq alone.
The small relative improvement of 3% by the best feature, SIFT score (S ), suggests
that the sequential neighbourhood of the mutation site encoded in the baseline feature
Table 4.4: Classification performance
using a combination of Bnone and a single evolutionary or predicted structural
feature

Table 4.5: Classification performance
using a combination of Bseq and a single evolutionary or predicted structural
feature

Featuresa

MCCb

Qb2

Featuresa

MCCb

Qb2

Bnone +EP
Bnone +S
Bnone +M
Bnone +C
Bnone +SS
Bnone +ASA
Bnone +IC
Bnone
Bnone +PAM
Bnone +D

0.53
0.47
0.46
0.46
0.44
0.43
0.42
0.39
0.39
0.39

0.81
0.79
0.79
0.79
0.78
0.78
0.78
0.77
0.77
0.76

Bseq +S
Bseq +EP
Bseq +C
Bseq +M
Bseq +IC
Bseq +PAM
Bseq
Bseq +SS
Bseq +D
Bseq +ASA

0.64
0.63
0.62
0.62
0.62
0.62
0.62
0.61
0.61
0.60

0.85
0.85
0.85
0.85
0.85
0.85
0.85
0.85
0.85
0.84

aB
none : deleted and introduced amino acids, Bseq : deleted, introduced, and three left and three right
neighbouring amino acids, EP : evolutionary profile, S : SIFT score, M : mutation likelihood, C : conservation likelihood, SS : secondary structure, ASA: accessible surface area, IC : information content,
PAM : point accepted mutation likelihood, D: region of disorder.
b MCC: Matthews correlation coefficient, Q : binary classification accuracy.
2
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vector Bseq yields a high prediction performance which is hard to improve. Furthermore, given the decrease of the prediction performance upon adding SS, ASA, or D,
these features appear to be redundant in the presence of the sequential neighbourhood
information (encoded in Bseq ). A plausible explanation is that the information provided
by SS and ASA might be implicitly encoded in the neighbourhood information provided by Bseq because different amino acids tend to form different types of secondary
structures and as well, based on amino acid hydrophobicity, some amino acids tend to
be in the exposed while others in the buried regions. Regarding D, we noted above that
95% of all mutations in the S1496 dataset were predicted as located in ordered regions
and thus, D did not provide discriminatory information.

Real-value prediction
We also examined the application of each single feature to the real-value prediction
of stability changes (∆∆Gu ). Table 4.6 provides a summary of the twenty-fold crossvalidation results (S1539 dataset) when each new feature was coupled with the baseline
feature vector Bnone . As for the classification task, EP yielded best predictions reaching a
Pearson correlation coefficient (r ) between the predicted and experimentally measured
∆∆Gu of 0.76. EP ’s correlation coefficient was considerably higher than that of the
second best feature (S, r of 0.63) by 0.13 (21%). In fact, this large improvement of
EP over S was also present for the classification task (Table 4.4). Possibly, this is
because EP provides more discriminative information by encoding the conservation of
the mutation site with 20 inputs relative to each of the 20 possible amino acids as
Table 4.6: Real-value prediction performance using a combination of Bnone and
a single evolutionary or predicted structural feature

Table 4.7: Real-value prediction performance using a combination of Bseq and
a single evolutionary or predicted structural feature

Featuresa

rb

RMSEb

Featuresa

rb

RMSEb

Bnone +EP
Bnone +S
Bnone +M
Bnone +C
Bnone +SS
Bnone +IC
Bnone +ASA
Bnone
Bnone +PAM
Bnone +D

0.76
0.63
0.61
0.61
0.61
0.60
0.60
0.53
0.53
0.53

1.12
1.35
1.38
1.38
1.41
1.39
1.42
1.48
1.48
1.49

Bseq +M
Bseq +S
Bseq +ASA
Bseq +EP
Bseq +C
Bseq +IC
Bseq +PAM
Bseq +SS
Bseq
Bseq +D

0.83
0.82
0.82
0.81
0.81
0.81
0.81
0.81
0.81
0.80

0.95
0.97
0.98
0.99
0.99
1.00
1.00
1.00
1.00
1.00

aB
none : deleted and introduced amino acids, Bseq : deleted, introduced, and three left and three right
neighbouring amino acids, EP : evolutionary profile, S : SIFT score, M : mutation likelihood, C : conservation likelihood, SS : secondary structure, IC : information content, ASA: accessible surface area,
PAM : point accepted mutation likelihood, D: region of disorder.
b r : Pearson correlation coefficient, RMSE: root mean square error.
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opposed to a single-valued conservation score of S. Other evolutionary features (M, C,
and IC ) as well as two structural features (SS and ASA) were also able to improve the
prediction performance compared to Bnone with r improvements of 0.07–0.08. PAM and
D did not yield improvements when compared to Bnone alone.
Table 4.7 lists the results for each new feature coupled with the baseline feature
vector Bseq . Only three features, M, S, and ASA, were able to yield a somewhat higher
correlation between the predicted and experimentally measured ∆∆Gu than Bseq alone (r
improvements of 0.01–0.02). Interestingly, the predicted structural feature ASA yielded
an r improvement of 0.01, whereas in classification (Table 4.5), ASA resulted in an
MCC decrease of 0.02 when compared to Bseq alone.
In summary, for both classification and real-value prediction, evolutionary features
yielded higher improvements than structural features regardless of the baseline feature
vector (Bseq or Bnone ) employed. This is in agreement with the significance of evolutionary features for the prediction of functional changes (Adzhubei et al. 2010). Although
most features yielded considerably higher improvements when coupled with Bnone than
with Bseq , even the best performing combination Bnone +EP yielded a lower MCC by
0.09 (15%) and r by 0.05 (6%) compared to Bseq alone. This demonstrates that Bseq
can predict stability changes with a high accuracy even on its own.

4.2.3

Predictions with optimal subsets of features

The main goal of this work was to identify the optimal subset of evolutionary and
predicted structural features for the prediction of stability changes. Therefore, we considered every possible subset (using an exhaustive search) of all the features that we
proposed (the nine features listed in Table 4.1) and evaluated both classification and
real-value prediction performance. Again, we coupled the features with two different
baseline feature vectors Bseq (sequential neighbourhood) and Bnone (no neighbourhood).
Classification
Table 4.8 lists the best combinations of features for a monotonically increasing number of features employed. These are twenty-fold cross-validation results on the S1496
dataset. The best performing combination of features coupled with Bnone comprised
the evolutionary profile (EP ), secondary structure (SS ), SIFT score (S ), and mutation
likelihood (M ). Combinations of five or more features yielded only marginal Matthews
correlation coefficient (MCC) improvements < 0.01 (results not shown). For convenience, we refer to the best combination of features coupled with Bnone as to EASECnone
(Evolutionary And Structural Encodings + Bnone for classification). EASECnone achieved
an MCC of 0.57 and a binary classification accuracy (Q2 ) of 82%. This result represents
an MCC improvement of 0.18 (46%) when compared to Bnone alone.
When the baseline feature vector Bseq was employed (Table 4.8), the best prediction
was achieved with a combination of only three features, namely the SIFT score (S ),
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mutation likelihood (M ), and secondary structure (SS ). Adding more features resulted
only in MCC improvements < 0.01 (results not shown). For convenience, we refer to
the best combination of features coupled with Bseq as to EASECseq (Evolutionary And
Structural Encodings + Bseq for classification). EASECseq yielded an MCC of 0.66 and
Q2 of 86%. This result represents an MCC improvement of 0.04 (6%) when compared
to Bseq alone. EASECseq was also able to outperform EASECnone by 0.09 (16%) in terms
of MCC. In fact, even the baseline feature vector Bseq alone (MCC of 0.62) performed
better than EASECnone (MCC of 0.57) yielding an MCC improvement of 0.05 (9%).
In summary, the best performing method for classification was EASECseq containing
one structural (SS ) and two evolutionary features (S and M ). Interestingly, these three
features were all comprised in EASECnone as well. Both S and M describe the probability
of the given amino acid substitution. However, S, unlike M, is scaled on the probability
of the most often occurring amino acid in a given position. Therefore, these two features
can complement each other and coexist in EASECseq . Both S and M performed well
also in the single-feature experiment (Table 4.5) and therefore, it is not surprising
that they are included in EASECseq . However, the structural feature SS performed
poorly in the single-feature experiment. In fact, upon adding SS to the baseline feature
vector B seq , prediction accuracy slightly decreased (Table 4.5). Therefore, it seems that
SS is correlated or redundant when combined with B seq alone, however, it provides
discriminative information when coupled also with the two evolutionary features.

Real-value prediction
Next, we evaluated which combinations of features can most accurately predict the
real value of ∆∆G. We found that the root mean square error (RMSE) can be gradTable 4.8: Classification performance of optimal combinations of features for a
monotonically increasing number of features combined with B none and B seq

Featurea

MCCb

Qb2

Seb

Spb

PPVb

Bnone
Bnone +EP
Bnone +EP +SS
Bnone +EP +SS +S
Bnone +EP +SS +S +M (EASECnone )

0.39
0.53
0.54
0.56
0.57

0.77
0.81
0.81
0.82
0.82

0.49
0.68
0.69
0.68
0.69

0.88
0.86
0.86
0.88
0.88

0.61
0.65
0.66
0.69
0.69

Bseq
Bseq +S
Bseq +S +M
Bseq +S +M +SS (EASECseq )

0.62
0.64
0.65
0.66

0.85
0.85
0.86
0.86

0.68
0.71
0.72
0.72

0.92
0.91
0.92
0.91

0.76
0.76
0.77
0.77

aB
none : deleted and introduced amino acids, Bseq : deleted, introduced, and three left and three right
neighbouring amino acids, EP : evolutionary profile, SS : secondary structure, S : SIFT score, M : mutation likelihood.
b MCC: Matthews correlation coefficient, Q : binary classification accuracy, Se: sensitivity (recall), Sp:
2
specificity, PPV: positive predictive value (precision).
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ually decreased by adding up to five features to Bnone and up to three features to
Bseq . Adding more features yielded RMSE improvements < 0.01. Table 4.9 lists the
twenty-fold cross-validation results from the S1539 dataset. The five features in the
best performing combination coupled with B none were the evolutionary profile (EP ),
secondary structure (SS ), accessible surface area (ASA), conservation likelihood (C ),
and SIFT score (S ). For convenience, we refer to this combination of features as to
EASERnone (Evolutionary And Structural Encodings + Bnone for real-value prediction).
EASERnone yielded a Pearson correlation coefficient (r ) between the experimentally measured and predicted ∆∆Gu of 0.80 and a root mean square error (RMSE) of 1.02. This
represents an r improvement of 0.26 (48%) when compared to Bnone alone.
As for the classification task, combining features with B seq yielded better performance. The lowest RMSE was achieved with a combination of only three features,
namely the mutation likelihood (M ), accessible surface area (ASA), and SIFT score
(S ). We refer to this combination as to EASERseq (Evolutionary And Structural Encodings + Bseq for real-value prediction). Figure 4.3 plots the experimentally measured
stability changes (∆∆Gu ) as a function of the stability changes predicted with EASERseq .
EASERseq achieved an r of 0.83 and RMSE of 0.93. This represents an r improvement
of 0.02 (2%) compared to B seq alone. When compared to EASERnone , the r improvement was slightly higher, 0.03 (4%). Interestingly, the performance difference between
EASERseq and EASERnone was significantly smaller (4%) than between the classification
models EASECseq and EASECnone (16%).
Overall, similar features were selected for the best performing real-value prediction
method (EASERseq ) as for the best classification method (EASECseq ). In fact, the two
evolutionary features (S and M ) were the same, meaning that EASERseq and EASECseq
differed only in the third (structural) feature. While the secondary structure (SS )
Table 4.9: Real-value prediction performance of optimal combinations of features
for a monotonically increasing number of features combined with B none and B seq

Featuresa

rb

RMSEb

Bnone
Bnone +EP
Bnone +EP +SS
Bnone +EP +SS +S
Bnone +EP +SS +ASA+C
Bnone +EP +SS +ASA+C +S (EASERnone )

0.54
0.77
0.79
0.80
0.80
0.80

1.48
1.12
1.07
1.05
1.03
1.02

Bseq
Bseq +M
Bseq +M +ASA
Bseq +M +ASA+S (EASERseq )

0.81
0.83
0.83
0.83

1.00
0.95
0.94
0.93

aB
none : deleted and introduced amino acids, Bseq : deleted, introduced, and three left and three right
neighbouring amino acids, EP : evolutionary profile, SS : secondary structure, S : SIFT score, ASA:
accessible surface area, C : conservation likelihood, M : mutation likelihood.
b r : Pearson correlation coefficient, RMSE: root mean square error.
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Figure 4.3: Experimentally measured stability changes (∆∆Gu ) as a function of
predicted stability changes with EASE. EASERseq was employed to predict ∆∆Gu yielding
a strong correlation of 0.83 and a root mean square error of 0.93 kcal mol−1 . The black line is
the linear regression fit with a slope of 1.02.

was selected for EASECseq , the relative accessible surface area (ASA) was selected for
EASERseq . Actually, ASA was the only structural feature that was able to improve the
prediction performance of B seq in the single-feature experiment (Table 4.7). Therefore,
it is not surprising that ASA was selected for EASERseq .

4.2.4

Significance of the selected feature

As described in the previous section, we considered every possible subset of nine evolutionary and predicted structural features with an exhaustive search. The best perTable 4.10: Feature contributions to
the 90 best performing combinations for
classification

Table 4.11: Feature contributions to the
128 best performing combinations for
real-value prediction

Feature

Contr.a

Feature

Contr.a

SIFT score (S )
secondary structure (SS )
mutation likelihood (M )
PAM likelihood (PAM )
regions of disorder (D)
conservation likelihood (C )
information content (IC )
evolutionary profile (EP )
accessible surface area (ASA)

0.89
0.79
0.72
0.54
0.53
0.52
0.48
0.27
0.19

mutation likelihood (M )
SIFT score (S )
accessible surface area (ASA)
PAM likelihood (PAM )
information content (IC )
conservation likelihood (C )
regions of disorder (D)
secondary structure (SS )
evolutionary profile (EP )

1.00
0.57
0.56
0.52
0.49
0.49
0.48
0.43
0.07

a The

contribution was calculated as the fraction of the best performing combinations in which the
given feature was present. The 90 and 128 best performing combinations were selected as the ones
with MCC and RMSE within [MCCmax − 0.01, MCCmax ] and [RMSEmax , RMSEmax +0.005] in the case
of classification and real-value prediction, respectively.
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forming combination of features for classification (denoted as as EASECseq ) yielded a
Matthews correlation coefficient (MCC) of 0.66 and the best combination for regression
(denoted as as EASERseq ) achieved a root mean square error (RMSE) of 0.93. However,
there were many other combinations that resulted in MCC or RMSE only marginally
worse than these two best combinations. Therefore, we investigated which features
were the most frequently occurring among these best performing combinations. We
considered a threshold of 0.01 (MCC) and 0.005 (RMSE) and calculated how often each
individual feature appeared among combinations of features with MCC in the range
of [MCCmax − 0.01, MCCmax ] and RMSE in the range of [RMSEmax , RMSEmax +0.005].
There were 90 and 128 best performing combinations of features in the specified ranges
for classification and real-value prediction, respectively. Tables 4.10 and 4.11 summarise
the significance of each feature by calculating the fraction of the 90 (classification) and
128 (real-value prediction) best performing combinations in which the given feature
was present. The top three most significant features for classification were the SIFT
score (S ), secondary structure (SS ), and mutation likelihood (M ) (Table 4.10). These
are exactly the same features as the ones selected for EASECseq . Regarding real-value
prediction, the top three features were the mutation likelihood (M ), SIFT score (S ),
and accessible surface area (ASA) (Table 4.11). Again, the same three features were
selected for EASERseq . These results provide evidence that the features selected for the
two final models, EASECseq and EASERseq , perform robustly.

4.2.5

Pair-wise comparisons with related work

We found that EASECseq and EASERseq yielded the best classification and real-value prediction performance, respectively. For convenience, we refer to our new method, which
employs EASECseq for classification and EASERseq for real-value prediction, as EASE.
Table 4.12: Classification and real-value prediction pair-wise comparisons of EASE
with other currently available methods

Methoda

MCCb

Qb2

Seb

Spb

PPVb

rb

RMSEb

iPTREE-STAB
EASE

—
0.61

0.82
0.84

0.75
0.70

0.85
0.89

—
0.75

0.70
0.80

—
1.08

MUpro
EASE

0.59
0.66

0.84
0.86

0.71
0.72

0.90
0.91

0.69
0.77

0.75
0.83

1.10
0.93

I-Mutant2.0
EASE

0.42
0.49

0.77
0.79

0.46
0.62

0.91
0.86

0.69
0.67

0.62
0.69

1.45
1.32

aA

dataset of 1,859 mutations (Huang et al. 2007b) was used for the comparison with iPTREE-STAB;
datasets of 1,496 (classification) and 1,539 (regression) mutations from Cheng et al. (2006) were used
for the comparison with MUpro; a dataset of 2,048 mutations (Capriotti et al. 2005b) was used for the
comparison with I-Mutant2.0.
b MCC: Matthews correlation coefficient, Q : binary classification accuracy, Se: sensitivity (recall), Sp:
2
specificity, PPV: positive predictive value (precision), r : Pearson correlation coefficient, RMSE: root
mean square error.
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4.2. RESULTS AND DISCUSSION
We performed a pair-wise comparison of the twenty-fold cross-validation results of
EASE with the twenty-fold cross-validation results of three currently available methods: iPTREE-STAB (Huang et al. 2007b), MUpro (Cheng et al. 2006), and I-Mutant2.0
(Capriotti et al. 2005a). For each comparison, we obtained the dataset from the original publications. Table 4.12 lists the results. Overall, our new method was able to
increase the performance in both classification and real-value prediction compared to
all three methods. EASE yielded a binary classification accuracy (Q2 ) improvement of
2 percentage points (classification) and a correlation coefficient (r ) improvement of 0.10
(real-value prediction) on a dataset of 1,859 mutations when compared to iPTREESTAB. Compared to MUpro, EASE achieved a Matthews correlation coefficient (MCC)
improvement of 0.07 (12%) for classification (1,496 mutations) and r improvement of
0.08 (11%) for real-value prediction (1,539 mutations). EASE was also able to outperform I-Mutant2.0 on a dataset of 2,048 mutations yielding an MCC improvement of
0.07 (17%) for classification and r improvement of 0.07 (11%) for real-value prediction.

4.2.6

Independent test on unseen non-homologous proteins

We found that EASE was able to outperform the other three currently available methods in the pair-wise comparisons (Table 4.12). However, the performance of EASE
varied depending on the dataset used for the evaluation (MCC ranged from 0.49 to
0.66). To compare all methods on the same dataset, we compiled a test set of 238
mutations in 25 different proteins (referred to as the S238 dataset). Importantly, these
proteins had a sequence similarity < 25% to the proteins in the training datasets of
MUpro, I-Mutant2.0, as well as our method. Therefore, the S238 dataset can be used
for independent testing on previously unseen non-homologous proteins.
We trained EASE on the S1496 dataset and then classified stability changes in
the S238 dataset. Table 4.13 provides a summary of the classification performance
comparison of EASE with MUpro, MuStab, and I-Mutant2.0. Also, the performance
of the baseline feature vector B seq is included. EASE was able to outperform MUpro,
MuStab, and I-Mutant2.0 with MCC improvements 0.07 (29%), 0.05 (19%), and 0.04
(15%), respectively. B seq (MCC of 0.23) yielded a similar performance to MUpro (MCC
of 0.24). This was expected because both methods employ the same predictive features.
All methods achieved a significantly lower performance on the S238 test set than
when evaluated using twenty-fold cross-validation. For instance, EASE reached an
MCC of 0.66 in twenty-fold cross-validation (S1496 dataset), whereas the MCC value
on the S238 test set was only 0.31. This represents a decrease of 0.35 (53%). The
performance of the three currently available methods also decreased considerably. The
most significant decrease was observed for the baseline feature vector B seq (from an
MCC of 0.62 for cross-validation to an MCC of 0.23, which represents a 63% decrease).
Therefore, we speculated that the features of the neighbouring amino acid residues
encoded in B seq resulted in over-fitting on specific proteins in the training set. To
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0.2

0.4
0.6
False positive rate

0.8

1

Figure 4.4: Receiver operating characteristic curves of EASEX , EASE, and B seq for
the independent test set S238. The true positive rate is shown as a function of the false
positive rate at different prediction thresholds. The figure demonstrates the improvement of
EASE over B seq , which shows the significance of evolutionary and predicted structural features.
Furthermore, another improvement is achieved by removing sequential neighbourhood features
from EASE (denoted as EASEX ).

validate this hypothesis, we removed the features encoding the three and three amino
acid neighbours from the EASE model. For convenience, we refer to this method as
EASEX . As expected, EASEX resulted in a significant MCC improvement of 0.12 (39%)
over EASE. We also predicted mutations in the S238 test set with EASECnone , the best
performing combination of features for the baseline feature vector B none . EASECnone
also significantly outperformed EASE yielding an MCC of 0.41. However, the MCC of
EASECnone was 0.02 lower than that of EASEX .
Table 4.13: Independent test performance of EASE and other currently available
methods on the S238 dataset

Methoda

MCCb

Qb2

Seb

Spb

PPVb

Bseq (baseline feature vector)c
MUpro
MuStab
I-Mutant2.0
EASE (Bseq +S +M +SS )c
EASEX (Bnone +S +M +SS )d
EASECnone (Bnone +S +M +SS +EP )d

0.23
0.24
0.26
0.27
0.31
0.43
0.41

0.53
0.79
0.77
0.66
0.68
0.82
0.85

0.82
0.29
0.40
0.69
0.71
0.56
0.29

0.47
0.91
0.86
0.65
0.68
0.88
0.98

0.26
0.43
0.40
0.32
0.34
0.52
0.76

a All

methods were evaluated with the independent test set S238 containing only proteins with < 25%
sequence similarity to the training sets of all compared methods. The prediction threshold of each
method was optimised to yield the highest possible MCCb .
b MCC: Matthews correlation coefficient, Q : binary classification accuracy, Se: sensitivity (recall), Sp:
2
specificity, PPV: positive predictive value (precision).
cB
seq comprises the deleted, introduced, and three left and three right neighbouring amino acids.
dB
none comprises the deleted and introduced amino acids.
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4.3. CONCLUSIONS
Overall, the results from the S238 independent test set demonstrate that the currently available methods cannot reliably predict mutations in previously unseen nonhomologous proteins. This finding is in agreement with Cheng et al. (2006) who reported
an MCC of only 0.13 for predicting mutations of non-homologous proteins. Nevertheless, the most interesting finding of our work is that by removing features encoding the
sequential neighbourhood of the mutation site, the performance for previously unseen
non-homologous proteins can be considerably increased. Figure 4.4 shows the receiver
operating characteristic (ROC) curves of EASEX , EASE, and B seq for the S238 test
set. A ROC curve plots the true positive rate (sensitivity) as a function of the false
positive rate (1−specificity) for different prediction thresholds. The figure depicts the
improvement of EASE over B seq as well as the improvement of EASEX over EASE.
These improvements demonstrate the significance of evolutionary and predicted structural features for predicting mutations in previously unseen non-homologous proteins.

4.3

Conclusions

In this chapter, we investigated the benefits of modelling mutation-induced stability
changes in a support vector machine (SVM) feature space using evolutionary conservation and predicted structural properties. We based our method on a previously proposed
simple feature vector which models the sequential neighbourhood of the mutation site
with amino acid identities (Cheng et al. 2006). First, we showed that the sequential representation of the mutation environment is able to classify stability changes
with the same level of accuracy as a commonly adopted three-dimensional representation (Table 4.2). This finding suggests that the chosen three-dimensional representation did not efficiently capture the non-local interactions affecting the mutated residue.
Other representations, for instance the recently proposed graph-based signatures (Pires
et al. 2014a), could yield a better performance. Second, we confirmed our assumption
that predicted structural features can be used for the prediction of stability changes
by comparing their classification performance to equivalent experimentally determined
structural features. We found that the difference in prediction performance was negligible (Table 4.3).
Next, we evaluated the proposed evolutionary and predicted structural features by
using a single feature coupled with baseline feature vectors B none or B seq . We found that
the evolutionary features SIFT score (S ), mutation likelihood (M ), and evolutionary
profile (EP ) were constantly among the best performing features for both classification
(Tables 4.4 and 4.5) and real-value prediction (Tables 4.6 and 4.7). Interestingly, the
structural features secondary structure (SS ) and accessible surface area (ASA) did not
yield improvements in prediction performance when coupled with B seq . The only exception was the combination of B seq with ASA for real-value prediction. This suggests
that structural properties of the mutation site might be implicitly encoded by the amino
acid identities of the six neighbouring residues encoded in B seq .
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Finally, we considered all possible combinations of the proposed features. The best
classification performance was achieved with a combination of B seq with the two evolutionary features mutation likelihood (M ) and SIFT score (S ) and the predicted structural feature secondary structure (SS ). This method achieved a Matthews correlation
coefficient (MCC) of 0.66 (twenty-fold cross-validation). For real-value prediction, the
combination of B seq with the same two evolutionary features (M and S ) and the predicted relative accessible surface area (ASA) achieved the highest Pearson correlation
coefficient (r ) of 0.83. We refer jointly to the classification and real-value prediction
models as EASE (Evolutionary And Structural Encodings).
When we performed pair-wise comparisons of EASE with other currently available
methods using twenty-fold cross-validation, EASE yielded a higher prediction performance for both classification and real-value prediction (Table 4.12). We also tested
EASE and three other methods using an independent test set of 238 mutations in 25
proteins which were not part of the training for any of the compared methods. In this
stringent independent test, the classification performance dropped significantly for all
methods. This result demonstrates that currently available methods cannot reliably
predict stability changes in previously unseen non-homologous proteins. The same conclusion was drawn by Cheng et al. (2006) about their method. Nonetheless, EASE was
still able to outperform the other available methods with relative MCC improvements of
15–29% (Table 4.13). Interestingly, when we removed features encoding the sequential
neighbourhood of the mutation site, the performance rose from an MCC of 0.31 to 0.43
(Figure 4.4), suggesting that these features might have caused over-fitting of EASE.
In this chapter, we demonstrated that evolutionary and predicted structural features
are beneficial for the prediction of stability changes. Here, we coupled them with a
baseline feature vector describing the sequential neighbourhood of the mutation site.
However, in the independent test on previously unseen non-homologous proteins, we
found that the neighbourhood encoding features may cause over-fitting. Therefore,
we will investigate how stability changes can be robustly predicted for mutations in
previously unseen non-homologous proteins in the next chapter.
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Chapter 5
Towards prediction of mutation-induced
stability changes in unseen
non-homologous proteins

In the previous chapter, we proposed Evolutionary And Structural Encodings (EASE) for
the prediction of mutation-induced stability changes. While EASE was able to achieve
a high prediction performance in twenty-fold cross-validation, the performance dropped
significantly when evaluated using an independent test set of previously unseen proteins
with a low sequence similarity to the training set. We observed the same behaviour for
other currently available methods that we evaluated. The high prediction performance
in cross-validation could be explained by the presence of different mutations of the
same protein, and even the same residue, in different folds when the commonly adopted
random cross-validation is employed.
In this chapter, we argue that the commonly adopted random cross-validation is
not an appropriate procedure for the evaluation of the performance of the stability
changes prediction methods. We provide experimental evidence of the limitations of
this evaluation. Next, we propose an evaluation scheme that can detect over-fitting
on mutations in residues and proteins encountered during training. To achieve this,
the evaluation is done solely on mutations in previously unseen proteins with sequence
similarity < 25%. Finally, to improve the prediction performance of our method proposed in the previous chapter, we identify features which lead to over-fitting and further
extend the model with new features. The new method bases its predictions on Evolutionary And Structural Encodings with Amino Acid parameters, denoted as EASE-AA
(Folkman et al. 2014a). We compare EASE-AA with our previous work as well as other
currently available methods for both classification and real-value prediction. Our results
show that EASE-AA yields considerable improvements in the prediction performance
for mutations in unseen non-homologous proteins.
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5.1

Methods

We designed a stability changes prediction method referred to as EASE-AA: Evolutionary And Structural Encodings with Amino Acid parameters. Furthermore, we compared
the performance of EASE-AA with our previous work (EASE) and two other currently
available methods using three different evaluation schemes. In order to minimise the
possibility of overestimation of the prediction performance of our new method, we did
not employ a systematic feature selection to choose the best performing subset of features. If we did, EASE-AA would gain a considerable advantage in respect to the other
three methods when compared on the same dataset as used for the feature selection.
To avoid the systematic feature selection, we rationally designed EASE-AA based on
the following five assumptions:
1. Predictive features SIFT score (S ) and mutation likelihood (M ) were the two most
significant evolutionary features for both classification and real-value prediction
in our evaluation in the previous chapter (Tables 4.10 and 4.11).
2. Regarding the predicted structural features, secondary structure (SS ) and accessible surface area (ASA) were the most significant features for classification
(Table 4.10) and real-value prediction (Table 4.11), respectively.
3. A real-valued disorder probability could provide better discriminatory information
than the binary feature (ordered or disordered region) used in the previous chapter.
Following the same assumption, we substitute the binary accessible surface area
(ASA) assignment (exposed or buried) with a real-valued relative ASA.
4. Physical-chemical amino acid parameters have been previously used for the prediction of stability changes (Huang et al. 2007a). We assume that more significant
perturbations of these parameters induce larger stability changes.
5. In the previous chapter, we found that by deleting the 6×20 inputs encoding the
three left and three right neighbouring amino acids, we improved the capability
to predict mutations in previously unseen non-homologous proteins (Figure 4.4).

5.1.1

Predictive features

Based on the aforementioned assumptions, EASE-AA comprises the following predictive
features: SIFT score (S, 1 real-value input), mutation likelihood (M, 1 real-value input),
secondary structure (SS, 3 binary inputs), accessible surface area (ASA, 1 real-value
input), disorder probability (D, 1 real-value input), amino acid parameters (AAP, 7
real-value inputs). The same set of features is used for both classification and realvalue prediction. The diagram in Figure 5.1 provides a visual depiction of EASE-AA’s
predictive features. Compared to EASE (proposed in the previous chapter), EASE-AA
extends the predictive model with the disorder probability (D) and seven amino acid
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Figure 5.1: EASE-AA combines evolutionary and structural encodings with seven
amino acid parameters. EASE-AA was designed based on several rational assumptions
rather than using a systematic feature selection. Compared to EASE proposed in the previous
chapter, EASE-AA extends the model with the differences in seven physical parameters between
the introduced and deleted amino acids and removes the temperature, pH, and 140 inputs
encoding the mutation site using amino acid identities.

parameters (AAP ). Importantly, we excluded the 6×20 binary inputs describing the
three and three amino acid neighbours to the left and right from the mutation site.
Also, EASE-AA does not include the temperature, pH value, and 20 inputs encoding
the identities of the deleted and introduced amino acids. This approach resulted in
an overall reduction of the number of input attributes from 145 to only 14. Hence,
EASE-AA is presumably more robust against over-fitting.
Evolutionary features
We introduced a range of evolutionary features for the prediction of stability changes in
the previous chapter. There, the best performing model (EASE) included two evolutionary features: SIFT score (S ) and mutation likelihood (M ). The SIFT score estimates
the probability of the amino acid substitution being tolerated (Ng & Henikoff 2001).
The other feature, mutation likelihood, was derived from the position-specific scoring
matrix (PSSM) and expresses the probability of the introduced amino acid to appear
at the mutation site in the multiple sequence alignment of related proteins. The details
on how we calculated these features can be found in Section 4.1.1.
Predicted structural features
In the previous chapter, we showed that predicted structural features can supplement the
missing structural information in the case of the sequence-based prediction of stability
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changes. There, the best performing model (EASE) included the features secondary
structure (SS ) and relative accessible surface area (ASA) for classification and realvalue prediction, respectively. We included both features in EASE-AA and further
extended the model with predicted disorder probability (D).
We employed different state-of-the-art methods to predict the structural features
than in the previous chapter. We used the multi-step neural network method SPINE-X
(Faraggi et al. 2011) for the prediction of the secondary structure type and relative
accessible surface area of each mutation site. We chose SPINE-X because it achieved
an accuracy of 82% for the prediction of the secondary structure (Faraggi et al. 2011)
and a Pearson correlation coefficient of 0.74 for the prediction of the accessible surface
area (Faraggi et al. 2009). We used the neural network method SPINE-D (Zhang
et al. 2012) to predict the disorder probabilities. SPINE-D was ranked among the
most accurate methods according to the 9th Meeting for Critical Assessment of protein
Structure Prediction (CASP 9) (Monastyrskyy et al. 2011). As in the previous chapter,
SS describes the mutation site as either α-helix, β -sheet, or coil, represented with
three binary inputs (1 was used to determine the secondary structure type present, 0
otherwise). Unlike in the previous chapter, where the mutation site was encoded as
buried or exposed (ASA) and as ordered or disordered (D), we included the real value
of the predicted relative accessible surface area and disorder probability in EASE-AA.
Amino acid parameters
Different sets of physical parameters for encoding the substituted and neighbouring
amino acids have been introduced for the prediction of stability changes (Huang et al.
2007a, Kang et al. 2009, Shen et al. 2008, Teng et al. 2010). Recently, calculating
differences in physical parameters between the introduced and deleted amino acids was
proposed (Yang et al. 2013). We followed this methodology and applied it to seven representative parameters including the hydrophobicity, volume, polarisability, isoelectric
point, helix probability, sheet probability, and graph shape index (steric parameter).
These parameters were first introduced by Meiler et al. (2001) and later applied to the
prediction of secondary structure (Faraggi et al. 2011). We normalised the seven parameters to fall within the range of −0.9 and 0.9. Table 5.1 lists the normalised values of
the seven parameters. We refer to the predictive features encompassing the differences
of the seven physical parameters for the introduced and deleted amino acids as amino
acid parameters (AAP ).

5.1.2

Support vector machines and parameter optimisation

As in the previous chapter, we implemented EASE-AA with the support vector machine
(SVM) algorithm (Cortes & Vapnik 1995) using the LIBSVM library (Chang & Lin
2011) and the radial basis function (RBF) kernel (see Section 4.1.2 for details; for a
description of SVMs, see Section 2.2.2).
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The SVM performance needs to be optimised by setting the regularisation parameter
C, the radial basis kernel width parameter γ, and in the case of real-value prediction,
the error neglected during training (ε). In the case of classification, we also optimised a
parameter setting the weight (w) of the penalty for training error on positive examples.
The optimisation of w was shown to be a simple, yet effective, way of dealing with
the problem of unbalanced classes (Tang et al. 2009). We optimised w because the
stabilising mutations comprised only 26% of our dataset.
For each method and each experiment, we optimised the aforementioned parameters
by running the grid search using ten-fold cross-validation on the training set so that
the highest Matthews correlation coefficient (MCC) and lowest root mean square error
(RMSE) were reached for classification and real-value prediction, respectively. In the
grid search, we considered all possible combinations of C ∈ {2−5 , 2−3 , 2−1 , . . . , 215 }, γ ∈
{2−15 , 2−13 , 2−11 , . . . , 21 }, and w ∈ {1, 1.5, 2, 2.5, 3} to optimise the classification model.
For the optimisation of the regression model, we considered C ∈ {2−1 , 20 , 21 , . . . , 26 },
γ ∈ {2−15 , 2−14 , 2−13 , . . . , 20 }, and ε ∈ {2−8 , 2−7 , 2−6 , . . . , 2−1 }. These range values for C,
γ, and ε were adopted from the LIBSVM grid search implementation.

Table 5.1: Scaled values of the seven amino acid parameters (AAP) for EASE-AA

AAa
Ala
Asp
Cys
Glu
Phe
Gly
His
Ile
Lys
Leu
Met
Asn
Pro
Gln
Arg
Ser
Thr
Val
Trp
Tyr

Hb

Vb

Pb

IP b

HP b

SP b

GSI b

-0.171
-0.767
0.508
-0.696
0.646
-0.342
-0.271
0.652
-0.889
0.596
0.337
-0.674
0.055
-0.464
-0.900
-0.364
-0.199
0.331
0.900
0.188

-0.677
-0.281
-0.359
-0.058
0.412
-0.900
0.138
-0.009
0.163
-0.009
0.087
-0.243
-0.294
-0.020
0.466
-0.544
-0.321
-0.232
0.900
0.541

-0.680
-0.417
-0.329
-0.241
0.373
-0.900
0.110
-0.066
0.066
-0.066
0.066
-0.329
-0.900
-0.110
0.373
-0.637
-0.417
-0.285
0.900
0.417

-0.170
-0.900
-0.114
-0.868
-0.272
-0.179
0.195
-0.186
0.727
-0.186
-0.262
-0.075
-0.010
-0.276
0.900
-0.265
-0.288
-0.191
-0.209
-0.274

0.900
-0.155
-0.652
0.900
0.155
-0.900
-0.031
0.155
0.279
0.714
0.652
-0.403
-0.900
0.528
0.528
-0.466
-0.403
-0.031
0.279
-0.155

-0.476
-0.635
0.476
-0.582
0.318
-0.900
-0.106
0.688
-0.265
-0.053
-0.001
-0.529
0.106
-0.371
-0.371
-0.212
0.212
0.900
0.529
0.476

-0.350
-0.213
-0.140
-0.230
0.363
-0.900
0.384
0.900
-0.088
0.213
0.110
-0.213
0.247
-0.230
0.105
-0.337
0.402
0.677
0.479
0.363

a AA

denotes an amino acid in the standard three-letter code.
hydrophobicity, V : volume, P : polarisability, IP : isoelectric point, HP : helix probability, SP : sheet
probability, GSI : graph shape index (steric parameter).

bH :
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5.1.3

Datasets

For the training and evaluation of EASE-AA, we compiled a dataset of free energy
stability changes from the ProTherm database (Kumar et al. 2006) (February 2013).
There, a stability change is defined as the difference in the unfolding free energy:
∆∆Gu [kcal mol−1 ] = ∆Gu (mutant) − ∆Gu (wild-type). Hence, as in the previous chapter,
we defined stabilising mutations (∆∆Gu ≥ 0) as the positive examples and destabilising
mutations (∆∆Gu < 0) as the negative examples of the binary classification problem.
We extracted 3,329 mutations with listed stability changes and cross-checked all the
sources where the measurements came from. We found that incorrect values (mostly the
sign of ∆∆Gu ) had been entered from at least 18 sources. We corrected stability changes
for all relevant (> 230) mutations in the extracted dataset. Next, we removed all duplicate entries of the same amino acid substitutions (different concentrations of chemicals,
stability changes of the protein intermediate state, etc.). If several measurements of
the same mutation under the same experimental conditions were present, we averaged
the stability changes and kept only a single entry. If several measurements of the same
mutation under different experimental conditions were present, we kept only the measurement closest to the physiological pH 7. We removed the other entries because we
believe that there is not enough data to appropriately model stability changes of the
same mutation under different experimental conditions. Moreover, stability changes of
mutations differing only in temperature and pH were highly correlated in our dataset.
Finally, we identified 74 clusters of homologous sequences with ≥ 25% sequence
similarity using Blastclust (Altschul et al. 1990). If there were several measurements of
the same amino acid substitution within a single cluster, we kept only the measurement
closest to the physiological pH 7. This process yielded a non-redundant dataset of 1,914
mutations in 95 different proteins grouped into 74 non-homologous clusters. There were
1,416 (74%) destabilising and 498 (26%) stabilising mutations. We refer to this dataset
as S1914.

5.1.4

Evaluation and comparison with related work

Three different evaluation schemes were compared in this study: unseen-mutation,
unseen-residue, and unseen-protein evaluation. The most commonly used evaluation
of sequence-based stability changes prediction methods is on unseen mutations. There,
mutations are randomly divided into the training and testing sets (or into cross-validation
folds). This means that different mutations in the same protein, and even in the same
residue, can be used for training and testing. Because of the correlation among different mutations in the same residue/protein in the available datasets, the most important
drawback of the unseen-mutation evaluation is that even methods which over-fit on
residue positions and proteins from the training set can achieve a high prediction performance on the test set (or in cross-validation).
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The unseen-residue evaluation guarantees that all mutations in the same residue
position of a protein (or its homolog, defined as a protein with ≥ 25% sequence identity)
exist either in the training or the test set (or in distinct folds for cross-validation).
Hence, methods which over-fit on mutations in residue positions from the training set
are unlikely to yield good predictions on the test set (or in cross-validation).
Finally, the strictest assessment we considered was the unseen-protein evaluation. In
this case, all mutations in the same protein and its homologs are used for either training
or testing. This means that the training and testing sets as well as the distinct crossvalidation folds do not share any two sequences with a pair-wise similarity ≥ 25%. Thus,
if a prediction method cannot generalise well for mutations in previously unseen nonhomologous proteins, it is unlikely to achieve a good performance under this evaluation.
Training set, test set, and cross-validation folds
To achieve an unbiased evaluation, we split the S1914 dataset randomly into training
and independent test sets with a ratio of 2 : 1. We repeated this process ten times
producing ten different training/test splits. Each training set was further divided into
ten cross-validation folds. The ratio of stabilising and destabilising mutations in the ten
folds and in the independent test set was kept close to that of the original dataset. In
our experiments, we employed ten-fold cross-validation to optimise the performance of
the evaluated methods. Then, each method was trained on the whole training set and
tested on the examples in the independent test set. The whole process was repeated
ten times, utilising the ten different training/test splits. Finally, the results of the ten
experiments were averaged.
We compared the unseen-mutation, unseen-residue, and unseen-protein evaluation
schemes in this study. Hence, splitting into the training and independent test sets
as well as into the cross-validation folds was executed according to one of these three
evaluation schemes for different experiments.
Comparison with related work
We compared the prediction performance of our new method (EASE-AA) with the
method proposed in the previous chapter (EASE). To further show how prediction performance varied when different evaluation schemes were employed, we evaluated another
two sequence-based methods: I-Mutant2.0 (Capriotti et al. 2005a) and MUpro (Cheng
et al. 2006). To be able to assess I-Mutant2.0 and MUpro under the different evaluation
schemes, we used our own implementations of the two methods (our implementations
were able to reproduce the original results). Therefore, rather than evaluating the
actual methods, we evaluated the set of predictive features proposed for I-Mutant2.0
and MUpro. I-Mutant2.0 bases its prediction on 20 inputs describing the deleted and
introduced amino acids (set −1 and 1 for the deleted and introduced amino acids, respectively, 0 otherwise) and 20 inputs encoding the frequencies of neighbouring amino
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acids in a 19 residues-long window, hence, we refer to our implementation as SEQFREQ. MUpro uses 20 inputs describing the deleted and introduced amino acids and
6×20 binary inputs describing the identities of three left and three right neighbouring
residues, thus, we refer to our implementation as SEQ-ID. In fact, MUpro employs the
same features as B seq , the baseline feature vector used in the previous chapter to design
EASE. We could not include MuStab (Teng et al. 2010) in the comparison because the
method is available only as a web-server, and we were not able to reproduce MuStab’s
results with our own implementation.
Using our own implementations of all four compared methods allowed us to optimise
the SVM parameters and re-train the SVM models for every experiment on the same
training set. This way we were able to perform a fair comparison of the four methods
under the three different evaluation schemes.
Evaluation measures
We assessed the classification performance by plotting the receiver operating characteristic (ROC) curve and calculating the area under the ROC curve (AUC). As in the
previous chapter, the classification performance was also evaluated in terms of Matthews
correlation coefficient (MCC), binary classification accuracy (Q2 ), sensitivity (Se), specificity (Sp), positive predictive value (PPV), and negative predictive value (NPV). These
measures were calculated as given in Equations 2.1–2.6 from the confusion matrix of
true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN);
definitions of TP, TN, FP, and FN are given in Section 4.1.4. For real-value prediction,
performance was assessed in terms of Pearson correlation coefficient (r ) and root mean
square error (RMSE), Equations 2.7 and 2.8, respectively.

5.2

Results

We compared the prediction performance of EASE-AA, EASE, and the two methods
from the literature, I-Mutant2.0 (Capriotti et al. 2005a) and MUpro (Cheng et al.
2006) (we refer to our implementations of these methods as SEQ-FREQ and SEQ-ID,
respectively). We evaluated both classification and real-value prediction employing the
S1914 dataset. To achieve a fair comparison of the four methods, each method was
re-trained and had the SVM parameters optimised (utilising ten-fold cross-validation
on the training set) for every experiment.

5.2.1

Comparison of different evaluation schemes

Commonly, stability changes prediction methods are evaluated using cross-validation
where different mutations of the same protein can be randomly distributed across different folds. We believe that this approach leads to a considerable overestimation of
the prediction performance for proteins with a low sequence similarity to the training
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set. To illustrate this in an experiment, we divided our dataset into training and independent test sets in three different ways following the unseen-mutation, unseen-residue,
and unseen-protein evaluation schemes (see Section 5.1.4). Also, we performed ten-fold
cross-validation on the training set for each training/test split. In this case, the ten folds
were created by randomly dividing all mutations. This means that the cross-validation
was performed in an unseen-mutation evaluation fashion regardless of the evaluation
scheme used for the independent test.
Classification
Table 5.2 compares the classification performance of the four assessed methods using
the three different evaluation schemes. In cross-validation, EASE yielded the highest
Matthews correlation coefficient (MCC) of 0.45. EASE-AA achieved an MCC of 0.43,
while it was 0.41 and 0.33 for SEQ-ID and SEQ-FREQ, respectively. The area under
the ROC curve (AUC) ranged from 0.75 to 0.81 for the four methods.
For the independent tests, we used the three different evaluation schemes: unseenmutation, unseen-residue, and unseen-protein. The unseen-mutation evaluation resulted
only in a marginally lower performance compared to the cross-validation results (MCC
and AUC decrease of up to 0.05 and 0.01, respectively). However, if the unseen-residue
Table 5.2: Classification performance of the four methods using the three different
evaluation schemes

Methoda

Evaluationb

MCCc AUCc Q2 c

Sec

Spc

PPVc NPVc

SEQ-ID

cross-validation
unseen-mutation
unseen-residue
unseen-protein

0.41
0.36
0.14
0.14

0.78
0.78
0.67
0.67

0.78
0.76
0.72
0.69

0.55
0.51
0.21
0.29

0.86
0.84
0.89
0.83

0.57
0.54
0.42
0.38

0.84
0.83
0.76
0.77

SEQ-FREQ

cross-validation
unseen-mutation
unseen-residue
unseen-protein

0.33
0.29
0.22
0.18

0.75
0.74
0.68
0.66

0.73
0.69
0.69
0.66

0.57
0.59
0.43
0.48

0.78
0.73
0.78
0.72

0.48
0.43
0.42
0.38

0.84
0.83
0.80
0.80

EASE

cross-validation
unseen-mutation
unseen-residue
unseen-protein

0.45
0.41
0.26
0.23

0.81
0.81
0.72
0.70

0.79
0.77
0.73
0.71

0.61
0.58
0.38
0.40

0.85
0.84
0.86
0.82

0.58
0.56
0.48
0.45

0.86
0.85
0.80
0.79

EASE-AA

cross-validation
unseen-mutation
unseen-residue
unseen-protein

0.43
0.38
0.34
0.35

0.80
0.79
0.76
0.77

0.77
0.75
0.73
0.73

0.63
0.61
0.56
0.59

0.81
0.80
0.79
0.78

0.54
0.51
0.49
0.49

0.86
0.85
0.84
0.84

a All

methods had their SVM parameters optimised using a grid search with cross-validation.
folds were created by dividing mutations randomly (unseen-mutation crossvalidation); unseen-mutation, unseen-residue, and unseen-protein refer to independent testing.
c MCC: Matthews correlation coefficient, AUC: area under the receiver operating characteristic curve,
Q2 : binary classification accuracy, Se: sensitivity (recall), Sp: specificity, PPV: positive predictive
value (precision), NPV: negative predictive value.

b Cross-validation
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Figure 5.2: Receiver operating characteristic curves of the four methods for the
three different evaluation schemes. The true positive rate is shown as a function of
the false positive rate at different prediction thresholds. These are independent test results
using the unseen-mutation, unseen-residue, and unseen-protein evaluation schemes for the four
compared methods: (a) SEQ-ID, (b) SEQ-FREQ, (c) EASE, (d) EASE-AA. While there
was a significant decline in the prediction performance of SEQ-ID, SEQ-FREQ, and EASE
when the unseen-residue or unseen-protein evaluations were compared to the unseen-mutation
evaluation, the performance of EASE-AA was robust.

or unseen-protein evaluation was employed, the performance of all four methods decreased considerably when compared to the cross-validation results. The largest decline was for SEQ-ID. In this case, the MCC decreased by 0.27 (66%, from 0.41 to
0.14) for both unseen-residue and unseen-protein evaluations. Also the performance of
SEQ-FREQ and EASE declined considerably with MCC values 33%–49% lower than in
cross-validation. Our new method (EASE-AA) experienced the smallest performance
decrease. EASE-AA’s MCC declined by 0.09 and 0.08 (21% and 19%, from 0.43 to 0.34
and 0.35) for predictions on unseen residues and unseen proteins, respectively.
The receiver operating characteristic (ROC) curves in Figure 5.2 compare the true
positive rate of the four compared methods as a function of the false positive rate
for the unseen-mutation, unseen-residue, and unseen-protein evaluations. The figure
demonstrates that there was an apparent decline in the AUC for SEQ-ID (Figure 5.2a),
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SEQ-FREQ (Figure 5.2b), and EASE (Figure 5.2c) when the unseen-residue or unseenprotein evaluations were compared to the unseen-mutation evaluation. By contrast, the
performance of EASE-AA was robust (Figure 5.2d). For instance, EASE-AA’s AUC
declined only by 0.02 (the unseen-mutation versus unseen-protein evaluation), whereas
EASE yielded an AUC decrease of 0.11.

Real-value prediction
The results from the real-value prediction experiments showed the same trend (compared to classification) in the relative comparison of the four methods under the three
different evaluation schemes (Table 5.3). In cross-validation, all four methods performed
reasonably well with a Pearson correlation coefficient (r ) between the predicted and experimentally determined ∆∆Gu of 0.56–0.68. When the four methods were evaluated
on the unseen-mutation test set, the performance decreased marginally for all of them
(r decrease of 0.03–0.04). However, there was a significantly larger decrease when the
unseen-residue or unseen-protein evaluations were employed. For the unseen-protein
evaluation, SEQ-ID, SEQ-FREQ, and EASE yielded correlation coefficients of 0.34,
0.33, an 0.40, respectively. These results represent an absolute (relative) decrease in
r of 0.29, 0.23, and 0.28 (46%, 41%, and 41%) compared to cross-validation, respectively. By contrast, EASE-AA’s correlation coefficient declined only by 0.08 (14%),
Table 5.3: Real-value prediction performance of the four methods using the three
different evaluation schemes

Methoda

Evaluationb

rc

RMSEc

SEQ-ID

cross-validation
unseen-mutation
unseen-residue
unseen-protein

0.63
0.59
0.37
0.34

1.38
1.46
1.60
1.62

SEQ-FREQ

cross-validation
unseen-mutation
unseen-residue
unseen-protein

0.56
0.53
0.40
0.33

1.47
1.53
1.60
1.67

EASE

cross-validation
unseen-mutation
unseen-residue
unseen-protein

0.68
0.64
0.44
0.40

1.30
1.38
1.55
1.60

EASE-AA

cross-validation
unseen-mutation
unseen-residue
unseen-protein

0.58
0.55
0.53
0.50

1.44
1.50
1.46
1.50

a All

methods had their SVM parameters optimised using a grid search with cross-validation.
folds were created by dividing mutations randomly (unseen-mutation crossvalidation); unseen-mutation, unseen-residue, and unseen-protein refer to independent testing.
c r : Pearson correlation coefficient, RMSE: root mean square error.

b Cross-validation
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reaching a value of 0.50. Figure 5.3 plots the experimentally measured stability changes
(∆∆Gu ) as a function of the stability changes predicted with SEQ-ID (Figures 5.3a–
5.3c), SEQ-FREQ (Figures 5.3d–5.3f), EASE (Figures 5.3g–5.3i), and EASE-AA (Figures 5.3j–5.3l). The figure shows how the correlation decreases when comparing the
unseen-residue or unseen-protein evaluations to the unseen-mutation evaluation.

5.2.2

Training and evaluation on unseen non-homologous proteins

We found that the unseen-mutation evaluation leads to overestimating the prediction
performance for unseen residues as well as for unseen proteins (Tables 5.2 and 5.3).
Interestingly, the prediction performance on unseen residues was comparable to that on
unseen proteins (Figures 5.2 and 5.3). Therefore, we employed only the unseen-protein
evaluation to further analyse the prediction performance of the four methods.
One of the reasons for the suboptimal performance in predicting unseen proteins
could be that we optimised the four methods using the unseen-mutation cross-validation.
To optimise the compared methods more appropriately to predict stability changes in
unseen proteins, we now employ the unseen-protein cross-validation. Thus, we split the
training set into ten folds so that no two folds shared similar sequences.
Classification
Table 5.4 summarises the cross-validation and independent test results from the classification experiment employing the unseen-protein evaluation. For cross-validation,
the highest Matthews correlation coefficient (MCC) of 0.37 was achieved by our new
method (EASE-AA). This result represents an absolute (relative) MCC improvement
of 0.12 (48%) to the second best method (SEQ-FREQ). The improvements compared
to SEQ-ID and EASE were 0.19 (106%) and 0.13 (54%), respectively.

Table 5.4: Classification performance of the four methods optimised for the unseenprotein evaluation

Methoda

Evaluationb

MCCc AUCc Q2 c

Sec

Spc

PPVc NPVc

SEQ-ID
SEQ-FREQ
EASE
EASE-AA

unseen-protein
cross-validation

0.18
0.25
0.24
0.37

0.64
0.69
0.68
0.76

0.66
0.63
0.71
0.73

0.47
0.66
0.42
0.65

0.73
0.63
0.81
0.75

0.37
0.38
0.44
0.48

0.80
0.84
0.80
0.86

SEQ-ID
SEQ-FREQ
EASE
EASE-AA

unseen-protein
independent test

0.16
0.24
0.22
0.36

0.65
0.70
0.69
0.78

0.65
0.62
0.69
0.72

0.46
0.67
0.44
0.66

0.72
0.60
0.78
0.74

0.36
0.37
0.42
0.47

0.79
0.84
0.80
0.86

a All

methods had their SVM parameters optimised using a grid search with cross-validation.
two cross-validation folds and training and test sets shared sequences with similarity ≥ 25%.
c MCC: Matthews correlation coefficient, AUC: area under the receiver operating characteristic curve,
Q2 : binary classification accuracy, Se: sensitivity (recall), Sp: specificity, PPV: positive predictive
value (precision), NPV: negative predictive value.

b No
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Figure 5.3: Experimentally measured stability changes (∆∆Gu ) as a function of
predicted stability changes for the four methods and the three different evaluation
schemes. SEQ-ID (a–c), SEQ-FREQ (d–f ), EASE (g–i), and EASE-AA (j–l) were used
to predict ∆∆Gu . These are independent test results using the unseen-mutation (a, d, g, j),
unseen-residue (b, e, h, k), and unseen-protein (c, f, i, l) evaluation schemes. The figure shows
how the correlation decreases when comparing the unseen-residue or unseen-protein evaluations
to the unseen-mutation evaluation. The black line is the linear regression fit.
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Figure 5.4: Receiver operating characteristic curves of the four methods using
the unseen-protein evaluation. The true positive rate of the four methods is shown as a
function of the false positive rate at different prediction thresholds. (a) The unseen-protein
cross-validation results: EASE-AA, EASE, SEQ-FREQ, and SEQ-ID yielded the area under
the ROC curve (AUC) of 0.76, 0.68, 0.69, and 0.64, respectively. (b) The unseen-protein
independent test results: EASE-AA, EASE, SEQ-FREQ, and SEQ-ID yielded an AUC of 0.78,
0.69, 0.70, and 0.65, respectively.

When we evaluated the four methods on the independent test set, the prediction performance decreased for all methods only marginally (MCC decline of 0.01–0.02). EASEAA, the best performing method, reached an MCC of 0.36 with an MCC improvement
of 0.12 (50%) compared to the second best method (SEQ-FREQ). The improvements
compared to SEQ-ID and EASE were 0.20 (125%) and 0.14 (64%), respectively.
The ROC curves in Figure 5.4a and 5.4b compare the true positive rate of the four
methods as a function of the false positive rate at different prediction thresholds for the
unseen-protein cross-validation and independent test, respectively. Identical trends can
be observed for both cross-validation and independent testing. In the independent test,
EASE-AA achieved an AUC of 0.78, while EASE, SEQ-FREQ, and SEQ-ID yielded an
AUC of 0.69, 0.70, and 0.65, respectively. These results represent an AUC improvement
of 0.08 (11%) yielded by EASE-AA compared to the second best method (SEQ-FREQ).
We estimated the statistical significance of the improvements yielded by EASE-AA
over the ten replications of independent testing with a paired t-test. The null hypothesis
stated that there was no statistical difference in the MCC and AUC of EASE-AA and
each of the three other methods. The p-values of this null hypothesis were all < 0.0005.

Real-value prediction
Table 5.5 summarises the results from real-value prediction employing the unseenprotein evaluation. Each of the four methods yielded a comparable correlation of the
predicted and experimentally determined ∆∆Gu for both cross-validation and indepen68
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Figure 5.5: Experimentally measured stability changes (∆∆Gu ) as a function of
predicted stability changes with EASE and EASE-AA. EASE-AA yielded a Pearson
correlation coefficient (r ) of 0.51 for both the unseen-protein cross-validation and independent
test, yielding respective improvements of 0.09 (21%) and 0.10 (24%) compared to EASE. The
black lines are the linear regression fits with slopes of 0.96 and 0.95 for EASE and EASEAA, respectively. The figure comprises predictions for all mutations in the S1914 dataset by
combining the unseen-protein cross-validation and independent test predictions. EASE-AA’s
predictions appear to be constrained within the range of [−3, 1]. This is because 83% of the
training mutations fall within this range.

dent testing. As in the case of classification, our new method performed the best out
of the four compared methods. In the independent test, EASE-AA yielded a Pearson
correlation coefficient (r ) of 0.51 and a root mean square error (RMSE) of 1.48, whereas
EASE (the second best method) achieved an r of 0.41 and RMSE of 1.56. These results
represent improvements in favour of EASE-AA of 0.10 (24%) for r and 0.08 (5%) for
RMSE. EASE-AA yielded r improvements of 0.15 (42%) and 0.17 (50%) compared to
SEQ-FREQ and SEQ-ID, respectively. All improvements were statistically significant
Table 5.5: Real-value prediction performance of the four methods optimised for
the unseen-protein evaluation

Methoda

Evaluationb

rc

RMSEc

SEQ-ID
SEQ-FREQ
EASE
EASE-AA

unseen-protein
cross-validation

0.35
0.36
0.42
0.51

1.67
1.67
1.62
1.54

unseen-protein
independent test

0.34
0.36
0.41
0.51

1.61
1.60
1.56
1.48

SEQ-ID
SEQ-FREQ
EASE
EASE-AA
a All

methods had their SVM parameters optimised using a grid search with cross-validation.
two cross-validation folds and training and test sets shared sequences with similarity ≥ 25%.
c r : Pearson correlation coefficient, RMSE: root mean square error.

b No
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Figure 5.6: Classification performance of the four methods for different types of
mutations. Matthews correlation coefficient (MCC) of SEQ-ID, SEQ-FREQ, EASE, and
EASE-AA is shown as a function of the secondary structure type of the mutated residue,
accessible surface area of the mutated residue, and magnitude of the stability change. These
are unseen-protein independent test results.

with p-values < 0.0005 (paired t-test). Figure 5.5 shows the experimentally measured
stability changes (∆∆Gu ) as a function of the stability changes predicted with EASE
(Figure 5.5a) and EASE-AA (Figure 5.5b). The figure shows combined predictions for
both unseen-protein cross-validation and independent testing.
Overall, comparing the results when the unseen-mutation cross-validation (Tables 5.2
and 5.3) and the unseen-protein cross-validation (Tables 5.4 and 5.5) were used for the
model optimisation, there does not seem to be a considerable difference in the unseenprotein independent test performance. This is true for both classification and realvalue prediction. The only exception to this was SEQ-FREQ, which seemed to benefit
from the appropriate model optimisation. SEQ-FREQ’s performance increased by 0.06
(MCC) and 0.03 (r ) when comparing the unseen-protein independent test results after
optimising with the unseen-protein and the unseen-mutation cross-validation.

5.2.3

Prediction performance for different types of mutations

EASE-AA outperformed the other three methods (EASE, SEQ-FREQ, and SEQ-ID)
in predicting stability changes in unseen proteins. We were interested in how this
improvement varied for different types of mutations. We investigated how accurate
each of the four compared methods was in predicting mutations in residues of different
secondary structure types (α-helix, β -sheet, and coil) and levels of relative accessible
surface area (buried and exposed). Residues were defined as exposed if more than 25%
of their surface was accessible to the solvent and as buried otherwise. Furthermore,
we explored the accuracy of predicting mutations inducing ‘small’ (∆∆Gu ∈ [−1, 1]) and
‘large’ (|∆∆Gu | > 1 kcal mol−1 ) stability changes.
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Figure 5.7: Real-value prediction performance of the four methods for different
types of mutations. Pearson correlation coefficient (r ) of SEQ-ID, SEQ-FREQ, EASE, and
EASE-AA is shown as a function of the secondary structure type of the mutated residue,
accessible surface area of the mutated residue, and magnitude of the stability change. These
are unseen-protein independent test results.

Figure 5.6 shows the Matthews correlation coefficient (MCC) of the four compared
methods as a function of the different types of mutations that we investigated. Regarding different secondary structure types, EASE-AA achieved an MCC of 0.37, 0.43, 0.27
for the helical, sheet, and coil residues, respectively. The largest MCC improvement
to the second best method (SEQ-FREQ) of 0.12 (80%) was achieved for coil residues.
Interestingly, coil residues were the most difficult to predict for all four methods. For
helical and sheet residues, our new method yielded improvements of 0.10 (37%) and 0.12
(39%), respectively. All four methods were able to predict buried mutations (0–25%
solvent accessibility) more reliably than the exposed ones (> 25% solvent accessibility).
The MCC values achieved by EASE-AA for the buried and exposed residues were 0.40
and 0.27, respectively. The respective improvements to the second best method (SEQFREQ) were 0.11 (38%) and 0.10 (59%). Regarding the performance for mutations with
different magnitudes of stability changes, all methods yielded a better performance for
mutations causing ‘large’ stability changes. For this category, EASE-AA achieved an
MCC of 0.39, while it was 0.27 for the category of ‘small’ stability changes. The MCC
improvements for the ‘small’ and ‘large’ categories were 0.11 (69%) and 0.10 (34%), respectively. Overall, EASE-AA achieved improvements in every category included in the
comparison. Moreover, EASE-AA yielded higher relative improvements for mutation
types which appeared to be more difficult to predict for all four methods (coils, exposed
residues, and ‘small’ stability changes).
Turning to real-value prediction, Figure 5.7 shows the Pearson correlation coefficient (r ) of the four compared methods as a function of the different types of mutations
that we investigated. In agreement with the classification results, EASE-AA yielded
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improvements in every category included in the comparison. The correlation coefficient improvements ranged from 19%–31% when compared to the second best method
(EASE). As for the classification, mutations in coils and exposed residues as well as
small stability changes were the most difficult to predict for all four methods.

5.2.4

Significance of the predictive features

We found that EASE-AA consistently outperformed our previous work (EASE) when
predicting mutations in unseen proteins. The reasons for the improvement are twofold. First, we added new features such as the seven amino acid parameters (AAP ) and
disorder probability (D). Also, EASE includes the secondary structure (SS ) for classification and accessible surface area (ASA) for real-value prediction, whereas EASE-AA
comprises both SS and ASA regardless of the prediction type. Second, we removed
the 140 inputs describing the deleted, introduced, and three left and three right neighbouring amino acids. Interestingly, both the addition and deletion of predictive features
contributed approximately the same absolute improvements in Matthews correlation coefficient (MCC) for classification or in Pearson correlation coefficient (r ) for real-value
prediction. We found that extending EASE with AAP, D, ASA (for classification), and
SS (for real-value prediction) resulted in MCC and r improvements of 0.07 (29%) and
0.05 (12%), respectively. After removing the 140 inputs describing the mutation site,
the prediction performance further improved by 0.06 (19%) and 0.04 (9%) in terms of
MCC and r, respectively.
To inspect the significance of each feature included in the EASE-AA model, we
removed one feature at a time from the model and measured the feature significance
as the relative decrease in MCC or r for classification and real-value prediction, respectively. Figure 5.8 shows the significance of all features included in EASE-AA. The
three most significant features for classification were the predicted structural feature
secondary structure (SS ), difference in the amino acid parameter hydrophobicity (H ),
and evolutionary feature SIFT score (S ). Regarding real-value prediction, the difference
in hydrophobicity (H ) was the most significant feature, followed by the secondary structure (SS ), accessible surface area (ASA), and evolutionary feature mutation likelihood
(M ). Interestingly, the real-value prediction correlation (r ) was influenced considerably
less by removing a single feature than the MCC in the case of classification. The removal
of the most significant feature (H ) yielded a relative decrease in r of 6% (absolute decrease of 0.03). By contrast, the removal of the most significant feature for classification
(SS ) yielded a relative decrease in MCC of 16% (absolute decrease of 0.06).
Figure 5.9 shows the relationship of the four predictive features which ranked as the
three most significant features for classification and real-value prediction. Figure 5.9a
shows the distributions of the predicted secondary structure types (α-helix, β -sheet,
and coil) for destabilising and stabilising mutations. The distributions of destabilising
and stabilising mutations in α-helices and β -sheets were significantly different (binomial
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Figure 5.8: Feature significance of the individual features in EASE-AA for classification and real-value prediction. The significance of each feature was calculated as the
relative (%) decrease in the prediction performance after removing the feature in question from
the EASE-AA model. The prediction performance was measured with the Matthews correlation
coefficient or Pearson correlation coefficient for classification and real-value prediction, respectively. The abbreviations of the features are as follows, P : polarisability, GSI : graph shape
index (steric parameter), V : volume, M : mutation likelihood, SP : sheet probability, ASA: accessible surface area, IP : isoelectric point, HP : helix probability, D: disorder probability, S :
SIFT score, H : hydrophobicity, SS : secondary structure.

test) with p-values < 0.02 and 0.0003, respectively. Most of the mutations in β -sheets
were destabilising, whereas the majority of mutations in α-helices increased the protein
stability. Figure 5.9b depicts the distributions of the difference in hydrophobicity of
the deleted and introduced amino acids for ‘large’ (|∆∆Gu | > 1) and ‘small’ (|∆∆Gu | ≤ 1)
stability changes. The figure shows that for the small differences in hydrophobicity,
‘small’ stability changes prevail. Larger magnitudes of ∆∆Gu appear for mutations
which substitute the wild-type for a less hydrophobic amino acid. Figures 5.9c and 5.9d
show the average of stability changes as a function of the average log10 SIFT score and
average predicted relative accessible surface area (ASA), respectively. As expected, the
relationship there suggests that the mutations in more conserved (lower value of SIFT
score) and less exposed (buried, lower relative ASA) residues tend to destabilise the
structure of the protein.

5.3

Discussion

Our main interest was to assess the prediction of stability changes in previously unseen
non-homologous proteins. We found that while high accuracy can be achieved when different mutations of the same residue position are randomly divided for training and evaluation, it is challenging to predict mutations in previously unseen proteins. Therefore,
our results provide experimental evidence that the commonly adopted unseen-mutation
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Figure 5.9: Relationships between the four most significant predictive features and
stability changes. (a) Distributions of the different secondary structure types for destabilising
and stabilising mutations. (b) Distributions of the difference in hydrophobicity of the deleted
and introduced amino acids for ‘large’ (|∆∆Gu | > 1) and ‘small’ (|∆∆Gu | ≤ 1) stability changes.
(c) Average of stability changes as a function of the average log10 SIFT score. (d) Average of
stability changes as a function of the average predicted relative accessible surface area (ASA).

evaluation leads to an overestimation of the prediction performance. To address the prediction of stability changes in unseen proteins, we proposed a new method (EASE-AA)
which was able to outperform the other three methods in our comparison (Figure 5.4).
For classification, EASE-AA achieved a Matthews correlation coefficient (MCC) of 0.36
(Table 5.4). For real-value prediction, Pearson correlation coefficient (r ) reached the
value of 0.51 (Table 5.5). Although such a performance may seem relatively low, these
results represent relative improvements to the second best method of 50% (MCC) and
24% (r ). We believe that one of the limiting factors in yielding more reliable predictions
is the scarcity of distinct non-homologous proteins available for training. Moreover, as
Kang et al. (2009) noted, the variety of available experimental data is quite unbalanced.
For instance, 26% of amino acid substitutions in our dataset were to alanine.
The scarcity of available experimental data is also reflected in an unequal distribution of mutations with different magnitudes of stability changes. While 83% of stabilising mutations fall within the range of [−3, 1], the remaining 17% occupy a much larger
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range of [−7, −3) ∪ (1, 5]. For this reason, EASE-AA’s real-valued predictions appear
to be constrained within the ‘popular’ range of [−3, 1] (Figure 5.5). In fact, this is one
of the reasons why a distinct classification model trained specifically to distinguish between stabilising and destabilising mutations performs better in the classification task
than classifying mutations based on the real-valued ∆∆Gu predictions.
We did not employ a systematic feature selection to identify the best performing features to design EASE-AA because this would give our method an advantage compared to
the other methods in our comparison. Most importantly, because of adopting ten replications of training and testing, a part of the training examples from the first replication
were used for testing in the other replications. Therefore, we avoided optimising the set
of predictive features employed in EASE-AA. Instead, we designed our method based
on several rational assumptions. For example, we employed the evolutionary features
SIFT score (S ) and mutation likelihood (M ) which were selected for EASE in the previous chapter. The limitation of this approach is that these features were identified using
the unseen-mutation rather than with the unseen-protein cross-validation. Nonetheless,
EASE-AA significantly outperformed EASE in predicting mutations in unseen proteins
with S (M ) being the third (fourth) most significant feature for classification (real-value
prediction) out of the 12 features included in EASE-AA (Figure 5.8).
Evolutionary features have been previously exploited for the prediction of deleterious
mutations (Ng & Henikoff 2001), following the observation that functionally important
sites tend to be evolutionarily conserved. However, there are other reasons than the
location of functional sites for the existence of conserved regions. For example, conserved regions play an important part in stabilising the structure of a protein (Mirny
& Shakhnovich 1999). We demonstrated that mutations in conserved residues tend
to have more destabilising effects than mutations in residues which are less conserved
(Figure 5.9c).
Comparing the three different evaluation schemes, all four methods achieved the
highest prediction performance when the unseen-mutation evaluation was used (Tables 5.2 and 5.3). This could be attributed to the correlation that exists among different
mutations of the same residue, or even the same protein, in the available experimental
data. Because this correlation cannot be exploited when the evaluation is done solely
on residues or proteins unseen during training, the performance of all four methods decreased considerably upon employing the unseen-residue or unseen-protein evaluation.
When comparing the performance of EASE-AA with the method proposed in the
previous chapter (EASE), the reasons for the improvements are twofold. Firstly, we excluded the features encoding the identities of the deleted, introduced, and neighbouring
amino acids because they led to over-fitting on residues and proteins encountered during training as shown in the previous chapter (Figure 4.4). Secondly, we incorporated
additional features such as the differences in seven representative physical parameters
for the deleted and introduced amino acids (feature AAP ). For instance, the difference
in the amino acid hydrophobicity can suggest an introduction of disturbing interactions
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in the hydrophobic core of a protein. In fact, we demonstrated that a larger decrease in
the hydrophobicity tends to yield a greater change in the protein stability (Figure 5.9b).
It seems that the most difficult mutations to predict are either located in coil and
exposed residues or those which cause only small stability changes (within the range of
−1 and 1 kcal mol−1 ). The prediction performance of all four methods in these three
categories was lower than for any other category of the different types of mutations
that we investigated (Figures 5.6 and 5.7). These findings are in agreement with the
results reported in a study about a neural network structure-based method (Capriotti
et al. 2004). Also, it has been shown previously that different interactions govern stability changes in exposed and buried residues (Gilis & Rooman 1997). Regarding the
prediction of ‘small’ stability changes, naturally, it is harder to differentiate among subtle changes. Moreover, experimental data is affected by the error of measurement which
can be as large as ±0.48 kcal mol−1 (Khatun et al. 2004). Hence, the strict classification of the ‘small’ stability changes as stabilising or destabilising can be misleading
(Capriotti et al. 2008, Shen et al. 2008).
Overall, our new method, EASE-AA, achieved improvements in all categories of
different types of mutations that we investigated. Moreover, for the classification task,
EASE-AA yielded higher relative improvements for the types of mutations which were
the most challenging to predict for all four compared methods. These results demonstrate the robustness of the performance of our new method in predicting stability
changes in previously unseen non-homologous proteins.

5.4

Conclusions

In this work, we demonstrated how prediction performance varies depending on the
evaluation scheme employed. This is most likely because machine learning methods are
prone to over-fitting on mutations in residues and proteins encountered during training.
When the evaluation on previously unseen non-homologous proteins was used, currently
available methods could not reliably predict stability changes. To address this problem,
we designed a new method which is based on Evolutionary And Structural Encodings
with Amino Acid parameters (EASE-AA). Compared to the method proposed in the
previous chapter, features leading to over-fitting were removed and the model was extended with additional features. EASE-AA achieved a Matthews correlation coefficient
of 0.36 and was able to classify correctly 66% of the stabilising and 74% of the destabilising mutations. For real-value prediction, EASE-AA achieved a correlation between
predicted and experimentally measured stability changes of 0.51. EASE-AA was able
to significantly outperform the other three methods in our comparison.
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Feature-based multiple models for
improving prediction of mutation-induced
stability changes

In the previous chapter, we showed that currently available methods cannot reliably
predict stability changes when evaluated on mutations in proteins with a low sequence
similarity to the training set. To improve the prediction performance on non-homologous
proteins, we proposed EASE-AA, a method based on Evolutionary And Structural Encodings with Amino Acid parameters. While the new method was able to outperform
related work, the analysis revealed that the performance for exposed residues was considerably lower than for buried ones. Similarly, mutations in coil residues appeared to
be more difficult to predict than the ones in α-helices and β -sheets. The same tendency
was observed for other available methods that we evaluated.
In this chapter, we follow the observation that the prediction performance differs
among various types of mutations based on the accessible surface area or secondary
structure. By employing feature selection, we build specialised feature-based multiple models, each dedicated to a specific type of mutation. Our results show that this
methodology improves prediction accuracy for both classification and real-value prediction. Moreover, a consensus approach combining two methods with multiple models
(one based on the accessible surface area and the other on the secondary structure) yields
further improvements. We refer to the consensus method as Evolutionary, Amino acid,
and Structural Encodings with Multiple Models (EASE-MM) (Folkman et al. 2014b).
EASE-MM delivers more balanced predictions than the method proposed in the previous chapter for mutations in residues with a different secondary structure and solvent
accessibility as well as for different magnitudes of stability changes. We compare EASEMM with related work including a structure-based physically realistic energy function.
Finally, we apply the new method to annotation of a large dataset of disease-causing
mutations (Folkman et al. submitted ). EASE-MM is the most accurate and robust
method for the prediction of stability changes proposed in this thesis.
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Figure 6.1: Design of feature-based multiple models. The design of EASE-SS is shown,
however, the same applies to EASE-ASA. First, the data was divided according to the predicted
secondary structure (accessible surface area). Then, relevant predictive features were selected
using a greedy feature selection algorithm. SVM parameters were optimised using a grid search.
Finally, the predictive models were trained.

6.1

Methods

We built and compared four different machine learning methods for the prediction of
stability changes. The first one (referred to as EASE-AA2 ) is an extension of EASE-AA
proposed in the previous chapter. EASE-AA2 employs a single support vector machine
(SVM) model with predictive features selected using a greedy feature selection algorithm
from a range of features encoding evolutionary conservation, structural properties, and
physical amino acid parameters. Next, we developed two methods, each composed of
several SVM models. The motivation here was to make each model specialised for
different types of mutations. The first method (EASE-ASA) contains two models based
on different accessible surface area (ASA) categories (exposed and buried). The second
method (EASE-SS) comprises three models based on different secondary structure (SS)
types (α-helix, β -sheet, and coil). Finally, we built a consensus method combining the
predictions of the two methods with multiple models (EASE-ASA and EASE-SS). We
refer to the consensus method as EASE-MM (Evolutionary, Amino acid, and Structural
Encodings with Multiple Models).
Figure 6.1 illustrates the design of EASE-SS, however, the same applies to EASEASA. First, we partitioned the training data according to the secondary structure (accessible surface area) of the mutation site. Second, we used feature selection to select a
relevant combination of features for the given data partition. Next, the SVM parameters
were optimised and the predictive model was trained. Since we aimed to design strictly
sequence-based methods, the secondary structure and two categories of accessible surface area were predicted with SPINE-X (Faraggi et al. 2011) and ACCpro (Pollastri
et al. 2002), respectively. ACCpro uses a solvent accessibility threshold of 25% to classify residues as exposed or buried. This threshold resulted in a well-balanced partitions
of 785 exposed and 891 buried mutations.
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Figure 6.2: Predicting with feature-based multiple models. The prediction process is
shown for EASE-SS, however, the same applies to EASE-ASA. First, the secondary structure
(accessible surface area) is predicted. Next, the relevant model is selected and used for prediction. That is, if the mutation is in a helical (exposed) residue, only the helix (exposed ) model
is used. The prediction result is a probability of the mutation to be stabilising (classification)
or real-value of the stability change, denoted as ∆∆Gu .

Figure 6.2 illustrates how a prediction is performed using EASE-SS (the same applies
to EASE-ASA). Given the protein sequence and amino acid substitution in question,
the secondary structure (accessible surface area) is predicted first. Then, the relevant
model is selected. That is, if the mutation is in a helical (exposed) residue, only the
helix (exposed ) model is used. The output is a predicted probability of the mutation
to be stabilising or real-value of the stability change in the case of classification and
real-value prediction, respectively.
For the case of the consensus method EASE-MM (not shown in the figure), the
final prediction is based on predictions made by both EASE-SS and EASE-ASA. Since
EASE-SS and EASE-ASA were trained independently to each other, we assign equal
weights to their predictions. That is, the final prediction of EASE-MM is calculated as
the average of the predictions (P) by EASE-SS and EASE-ASA:
P(EASE-MM) =

P(EASE-SS) + P(EASE-ASA)
.
2

While in theory we could optimise these weights based on the prediction performance of
EASE-SS and EASE-ASA on the training set and assign a higher weight to the method
with better performance, this procedure would be prone to over-fitting. Therefore, we
used a simple average.

6.1.1

Predictive features

As in the previous chapter, we employed predictive features encoding evolutionary conservation, predicted structural properties, and physical amino acid parameters. We
included four new amino acid parameters to provide a greater variety of features to
facilitate the specialisation of the multiple models.
79

CHAPTER 6. FEATURE-BASED MULTIPLE MODELS
Evolutionary features
We used two evolutionary features: SIFT score (also employed in EASE and EASEAA) and a new feature, calculated from the position-specific scoring matrix (PSSM),
referred to as the ∆ PSSM. The SIFT score estimates the probability of the amino acid
substitution being tolerated (Ng & Henikoff 2001). The details on how we calculated
the SIFT score can be found in Section 4.1.1. The other evolutionary feature, ∆ PSSM,
expresses the difference of the likelihoods of the introduced and deleted amino acids to
appear at the mutation site in the alignment of related sequences of the target protein.
To calculate this feature, the PSSM was generated using three iterations of PSI-BLAST
(Altschul et al. 1997) in default configuration with the NCBI non-redundant database.
Predicted structural features
We used the multi-step neural network method SPINE-X (Faraggi et al. 2011) for the
prediction of the secondary structure probabilities and relative accessible surface area
of each mutation site. Unlike in the previous chapter, where we used three binary inputs denoting which of the three secondary structure types had the highest predicted
probability, in this chapter, we used three real-valued inputs to encode the predicted
probabilities of α-helix, β -sheet, and coil. The real-valued probabilities have presumably more discriminatory information in cases when the secondary structure is hard to
predict. As in the previous chapter, we also included the feature disorder probability,
which was predicted with the neural network method SPINE-D (Zhang et al. 2012).
Amino acid parameters
A variety of different amino acid parameters have been introduced for the prediction
of stability changes (Huang et al. 2007a, Kang et al. 2009, Shen et al. 2008, Teng
et al. 2010, Yang et al. 2013). In the previous chapter, we adopted seven representative
parameters including the hydrophobicity, volume, polarisability, isoelectric point, helix
probability, sheet probability, and graph shape index (steric parameter). In this chapter,
we included another four parameters: flexibility (Vihinen et al. 1994), compressibility,
bulkiness, and equilibrium constant with reference to the ionisation property of COOH
group (Gromiha et al. 1999). We included these parameters because they were found as
one of the best determinants to stability changes in the study of 48 physical-chemical,
energetic, and conformational amino acid properties (Huang et al. 2007a, Kang et al.
2009). The flexibility of an amino acid depends also on the neighbouring residues.
Therefore, different values of flexibility were assigned to the same amino acid type
depending on the number of rigid immediately-neighbouring amino acids. The values
for each amino acid type with 0, 1, or 2 rigid neighbours were taken from Vihinen et al.
(1994). We normalised all 11 amino acid parameters to fall within the range of −0.9
and 0.9. Table 6.1 lists the four new amino acid parameters, and Table 5.1 lists the
values of the seven parameters used also in the previous chapter.
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We encoded each of the amino acid parameters as two distinct predictive features.
The first one was equal to the difference between the amino acid parameters for the
introduced and deleted amino acids, denoted as ∆. The other predictive feature described the mutation site environment as the mean, minimum, and maximum, denoted
as (mean, min, max), of a given amino acid parameter for a window of six neighbouring
residues. We considered neighbourhood windows of up to a length of 18 and found that
six neighbours performed optimally.

6.1.2

Feature selection

We considered the 16 predictive features described in the previous section and applied
feature selection to design specialised models for 1) exposed and buried residues (EASEASA), and 2) helical, sheet, and coil residues (EASE-SS). Also, the single-model method
(EASE-AA2 ) was designed employing the same feature selection procedure. We used
the sequential forward floating selection (SFFS) (Pudil et al. 1994) which is a variation of the commonly adopted sequential forward selection (SFS) (Whitney 1971). The
SFFS works by iteratively adding the best-performing feature to a set of features S.
Table 6.1: Scaled values of the four new amino acid parameters used in feature
selection for EASE-MM

AAa
Ala
Asp
Cys
Glu
Phe
Gly
His
Ile
Lys
Leu
Met
Asn
Pro
Gln
Arg
Ser
Thr
Val
Trp
Tyr

F0 b

F1 b

F2 b

Cb

Bb

EC b

-0.044
-0.103
-0.642
0.347
-0.863
0.701
-0.480
-0.332
0.339
-0.590
-0.738
0.516
0.059
0.870
-0.066
0.900
0.192
-0.480
-0.900
-0.634

-0.234
0.900
-0.773
0.480
-0.504
0.527
-0.186
-0.662
0.844
-0.115
-0.900
0.242
0.868
0.416
0.416
0.575
0.599
-0.385
-0.464
-0.361

-0.269
0.014
-0.035
0.021
-0.113
-0.050
-0.255
-0.411
0.900
-0.064
-0.893
0.000
0.014
-0.319
-0.206
-0.050
0.028
-0.120
-0.900
-0.659

0.587
-0.475
-0.433
-0.900
-0.673
0.378
-0.297
-0.288
-0.375
-0.288
-0.205
-0.166
0.900
-0.403
0.430
-0.024
-0.212
-0.127
-0.074
-0.738

-0.099
-0.082
0.094
0.105
0.721
-0.900
0.115
0.879
0.317
0.879
0.370
0.031
0.487
0.192
0.175
-0.300
0.323
0.896
0.900
0.546

0.829
0.247
-0.388
0.565
0.035
0.829
-0.088
-0.900
0.547
0.865
0.724
0.265
0.212
0.529
-0.106
0.600
0.406
0.794
0.900
0.582

a AA

denotes an amino acid in the standard three-letter code.
flexibility with no rigid neighbours, F1 : flexibility with one rigid neighbour, F2 : flexibility with
two rigid neighbours, C : compressibility, B : bulkiness, and EC : equilibrium constant with reference to
the ionisation property of COOH group.
bF :
0
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At the end of every iteration, features are iteratively removed if this can further improve prediction performance (see Section 2.2.3 for details). We ran the SFFS until
10 features were added to S and stored all visited combinations of features. Finally,
we selected the ultimately best-performing of the visited combinations. As a measure
of prediction performance, the area under the receiver operating characteristic curve
(commonly denoted as AUC) was used.
To verify the significance of the features selected with the SFFS, we performed
feature selection also with the stability selection algorithm (Meinshausen & Buhlmann
2010). In stability selection, the data sample of size N is randomly sub-sampled to size
N/2. Then, an ‘inner’ feature selection algorithm is applied. The whole procedure is
repeated k-times, each time with a different data sample. Features which are repeatedly
selected contribute towards the final set of predictive features. We used SFS as the
‘inner’ algorithm and set k = 100.

6.1.3

Support vector machines and parameter optimisation

As in Chapters 4 and 5, we implemented our methods with the support vector machine (SVM) algorithm (Cortes & Vapnik 1995) using the LIBSVM library (Chang &
Lin 2011) and the radial basis function (RBF) kernel (see Section 4.1.2 for details; for
a description of SVMs, see Section 2.2.2). We optimised the regularisation parameter
C, radial basis kernel width parameter γ, weight (w) of the penalty for a training error on positive examples (classification), and error neglected during training denoted
as ε (real-value prediction). We optimised these SVM parameters by running a grid
search using ten-fold cross-validation over the range of: C ∈ {2−5 , 2−3 , 2−1 , . . . , 27 }, γ ∈
{2−7 , 2−5 , 2−3 , . . . , 21 }, w ∈ {1, 1.5, 2, 2.5, 3} for classification; and C ∈ {2−1 , 20 , 21 , . . . , 25 },
γ ∈ {2−7 , 2−6 , 2−5 , . . . , 2−1 }, ε ∈ {2−6 , 2−5 , 2−4 , . . . , 2−1 } for real-value prediction. As a
measure of prediction performance during the optimisation, the area under the receiver
operating characteristic curve (commonly denoted as AUC) and root mean square error
(RMSE) were used in the case of classification and real-value prediction, respectively.

6.1.4

Datasets

In the previous chapter, we compiled a non-redundant dataset of stability changes (Section 5.1.3) containing 1,914 mutations of 95 different proteins grouped into 74 clusters
with a pair-wise sequence similarity < 25%. We employed the same data in this chapter and divided them for cross-validation and independent testing in the following way.
We separated all proteins with a low (< 25%) sequence similarity to the proteins in
the dataset used for the training of I-Mutant2.0 (Capriotti et al. 2005a). This procedure yielded 25 proteins with 238 mutations which we kept as an independent test set
(S238). The remaining data of 1,676 mutations in 70 different proteins (S1676) were
used for cross-validation, feature selection, and parameters optimisation of the methods
proposed in this chapter.
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6.1.5

Evaluation and comparison with related work

We used the unseen-protein ten-fold cross-validation on the S1676 dataset to design our
methods, select relevant features, and perform a comparison with the method proposed
in the previous chapter (EASE-AA). In the unseen-protein cross-validation, we ensured
that all mutations of any cluster of homologous (sequence similarity ≥ 25%) proteins
were contained within a single fold. Also, we kept the ratio of stabilising and destabilising examples reasonably similar among the folds. We repeated our experiments
100 times (each time with randomly generated folds) and averaged the results. We
employed the unseen-protein cross-validation because in the previous chapter we found
that a fully randomised cross-validation with different mutations of the same protein
distributed among different folds lead to an overestimation of prediction performance.
For an independent comparison with related work, we used the S238 dataset. This
data was not used for the SVM parameters optimisation nor feature selection. Importantly, the sequence similarity between S1676 and S238 was < 25%. We compared the
performance of our new method with four currently available methods: I-Mutant2.0
(Capriotti et al. 2005a), MUpro (Cheng et al. 2006), MuStab (Teng et al. 2010), and
iStable (Chen et al. 2013). Two out of the four methods (MuStab and iStable) provide
only classification of stability changes and cannot predict the real-value of ∆∆Gu . Therefore, the real-value prediction performance was compared with I-Mutant2.0 and MuPro.
We also wanted to compare with Liu & Kang’s (2012) method and Li & Fang’s (2012)
PROTS-RF, however, these methods were not publicly available, nor were we successful
in obtaining them directly from the authors. Finally, EASE-MM was compared with
a structure-based physical energy function Rosetta (Kellogg et al. 2011) on a subset of
mutations in proteins with experimentally determined structures.
Evaluation measures
As in the previous chapter, we assessed the classification performance by plotting the
receiver operating characteristic (ROC) curve and calculating the area under the ROC
curve (AUC). Furthermore, the classification performance was also evaluated in terms
of Matthews correlation coefficient (MCC), binary classification accuracy (Q2 ), sensitivity (Se), specificity (Sp), positive predictive value (PPV), and negative predictive
value (NPV). For real-value prediction, performance was assessed in terms of Pearson
correlation coefficient (r ) and root mean square error (RMSE). Details on how these
measures were calculated can be found in Section 4.1.4.

6.2

Results and discussion

Our main interest was to assess whether methods with feature-based multiple models can
improve prediction performance compared to methods employing only a single model.
To explore different ideas, we designed two methods with multiple models: EASE-ASA
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(composed of two models for exposed and buried residues) and EASE-SS (composed of
three models for helical, sheet, and coil residues). We also built a consensus method
(EASE-MM) of the former two. The most relevant features for each model were chosen using the sequential forward floating selection (SFFS). We compared the ten-fold
cross-validation performance (S1676 dataset) of the three methods with multiple models and two single-model methods (EASE-AA and EASE-AA2 ). While EASE-AA is
the method proposed in the previous chapter, EASE-AA2 was designed using the same
feature selection procedure as the methods with multiple models. Next, we analysed the
significance of the selected features and investigated the performance of our methods
for different types of mutations. We also performed a comparison with related work on
an independent test set of 238 mutations. Finally, we studied the distributions of the
predicted stability changes for datasets of disease-causing and benign mutations.

6.2.1

Cross-validation classification performance

We performed 100 replications of ten-fold cross-validation on the S1676 dataset. Table 6.2 summarises the averaged results. Our previous work, EASE-AA, yielded the
lowest prediction performance with a Matthews correlation coefficient (MCC) of 0.35.
EASE-AA2 achieved only a marginal absolute improvement of 0.03 in MCC reaching
a value of 0.38. We observed more notable improvements for the methods employing multiple models. EASE-ASA and EASE-SS reached MCC values of 0.40 and 0.42,
respectively. These results constitute respective absolute (relative) improvements of
0.05 (14%) and 0.07 (20%) compared to our previous work (EASE-AA). The consensus
method combining the predictions of EASE-ASA and EASE-SS yielded further improvements. EASE-MM achieved an MCC of 0.44 which represents an MCC improvement of
0.09 (26%) compared to EASE-AA. Compared to EASE-AA2 , the improvement was 0.06
(16%). While EASE-MM did not improve the specificity (Sp, the accuracy on negative
examples) of EASE-AA2 , negative predictive value (NPV) was improved. This means
that EASE-MM did not ‘over-predict’ destabilising mutations as much as EASE-AA2 .
Table 6.2: Cross-validation classification performance (dataset S1676) of our previous work, the single-model method, and the three methods with multiple models

Methoda

AUCb

MCCb

Q2 b

Seb

Spb

PPVb

NPVb

EASE-AA
EASE-AA2
EASE-ASA
EASE-SS
EASE-MM

0.76
0.77
0.80
0.80
0.82

0.35
0.38
0.40
0.42
0.44

0.67
0.73
0.73
0.74
0.75

0.75
0.66
0.71
0.72
0.73

0.64
0.75
0.73
0.74
0.75

0.44
0.50
0.50
0.51
0.52

0.87
0.86
0.87
0.88
0.88

a EASE-AA and EASE-AA contain a single model; EASE-ASA and EASE-SS combine two and three
2
models, respectively; EASE-MM is a consensus method of EASE-ASA and EASE-SS.
b AUC: area under the receiver operating characteristic curve, MCC: Matthews correlation coefficient,
Q2 : binary classification accuracy, Se: sensitivity (recall), Sp: specificity, PPV: positive predictive
value (precision), NPV: negative predictive value.
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Figure 6.3: Receiver operating characteristic curves of the three methods with
multiple models, the single-model method, and our previous work. The true positive
rate is shown as a function of the false positive rate at different prediction thresholds. These
are ten-fold cross-validation results (S1676 dataset). EASE-MM, EASE-SS, EASE-ASA, EASEAA2 , and EASE-AA achieved the area under the ROC curve (AUC) of 0.82, 0.80, 0.80, 0.77
and 0.76, respectively.

The receiver operating characteristic (ROC) curves in Figure 6.3 compare the true
positive rate of the five methods as a function of the false positive rate at different prediction thresholds. The figure demonstrates that the methods with multiple models can
identify correctly more stabilising mutations at lower rates of mispredicted destabilising
mutations. EASE-ASA, EASE-SS, and EASE-MM achieved the area under the ROC
curve (AUC) of 0.80, 0.80, and 0.82, while EASE-AA and EASE-AA2 yielded an AUC
of 0.76 and 0.77, respectively. This represents improvements of 0.06 (8%) and 0.05 (6%)
for EASE-MM compared to EASE-AA and EASE-AA2 , respectively.
We estimated the statistical significance of the improvements yielded by the methods
with multiple models over the 100 replications of cross-validation using a paired t-test.
The null hypothesis stated that there was no statistical difference in the MCC (AUC) for
EASE-MM (EASE-ASA, EASE-SS) compared to EASE-AA2 (EASE-AA). The p-values
associated with this null hypothesis were all < 0.0001. Also, EASE-MM’s improvements
compared to EASE-ASA (EASE-SS) were statistically significant, p-values < 0.0001.

6.2.2

Significance of the selected predictive features

We used the sequential forward floating selection (SFFS) to automatically select the
combinations of the most relevant predictive features. Seven and nine features were
selected for the exposed and buried models of EASE-ASA, respectively. Each model of
EASE-SS (helix, sheet, and coil ) comprised eight features. Figure 6.4 shows the area
under the ROC curve (AUC) as a function of the number of features selected with
the SFFS. This figure illustrates the motivation for our work well. While at the early
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Figure 6.4: Feature selection progress for the different models of EASE-ASA and
EASE-SS. The area under the receiver operating characteristic curve (AUC) is shown as a
function of the number of features selected during feature selection. The prediction performance
of the different models became more balanced as the feature selection progressed. These are
ten-fold cross-validation results (S1676 dataset).

stages of feature selection, there is a notable gap between the prediction performance
for mutations in the exposed and buried residues, as feature selection progresses, the
performance becomes balanced for both categories. A similar trend, however not as
pronounced, can be seen for the case of EASE-SS. Table 6.3 lists the final combinations
of features implemented in EASE-AA2 , EASE-ASA, and EASE-SS.
We analysed which features were most often selected across the five different models
of EASE-ASA and EASE-SS. The SFFS algorithm selected the SIFT score for each of
the five models. The feature ∆ hydrophobicity was selected in all but the sheet model.
The third most often occurring feature was the relative accessible surface area. It is
also of interest to inspect which features were the most specific for each of the models.
For instance, the amino acid attributes ∆ helix probability and ∆ sheet probability were
chosen for the helix and sheet models, respectively. These features are indeed relevant
specifically to the two models because they express the change (∆) in the preference of
the given secondary structure type. The feature ∆ volume was selected for both helix
and sheet but not for the coil model. We conjecture that an increase in the side-chain
volume may induce strain in the backbone of the protein in regions with a well-defined
secondary structure but can be better tolerated in a coil region. Regarding the two
models of EASE-ASA, the features ∆ isoelectric point and polarisability (mean, min,
max) were selected for the buried but not for the exposed model.
While the SFFS was effective in finding the most relevant combination of predictive
features, it does not provide a ranking of the individual features. This is because, as
the feature selection progresses, even a significant feature can be removed if it does
not perform well in combination with the others. We employed stability selection to
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Table 6.3: Features selected with the sequential forward floating selection for the
single-model method and for the different models of EASE-ASA and EASE-SS

EASE-AA2

EASE-SS helix model

SIFT score
∆ hydrophobicity
∆ isoelectric point
helix probability (mean, min, max)
∆ compressibility
sheet probability (mean, min, max)
∆ PSSM
∆ volume
∆ steric

∆ helix probability
∆ hydrophobicity
∆ volume
SIFT score
volume (mean, min, max)
steric parameter (mean, min, max)
secondary structure probabilities
disorder probability

EASE-ASA exposed model

EASE-SS sheet model

∆ helix probability
secondary structure probabilities
∆ steric parameter
SIFT score
flexibility (mean, min, max)
∆ compressibility
∆ hydrophobicity

SIFT score
∆ sheet probability
∆ isoelectric point
∆ volume
∆ flexibility
∆ bulkiness
ionisation (mean, min, max)
relative accessible surface area

EASE-ASA buried model

EASE-SS coil model

∆ hydrophobicity
SIFT score
∆ isoelectric point
compressibility (mean, min, max)
∆ PSSM
helix probability (mean, min, max)
hydrophobicity (mean, min, max)
polarisability (mean, min, max)
relative accessible surface area

hydrophobicity (mean, min, max)
∆ bulkiness
relative accessible surface area
SIFT score
∆ polarisability
∆ steric parameter
∆ sheet probability
∆ hydrophobicity

Features are listed in the order as selected by the feature selection algorithm; ∆ is the change between
the introduced and deleted amino acids; (mean, min, max) is for a window of six neighbouring residues.

Table 6.4: The most significant features ranked by the stability selection algorithm

Feature

Significancea

SIFT score
∆ hydrophobicity
relative accessible surface area
disorder probability
∆ compressibility
∆ polarisability
volume (mean, min, max)
∆ isoelectric point

1.00
0.97
0.86
0.81
0.80
0.58
0.54
0.53

a Significance

denotes the probability of being selected with stability selection (S1676 dataset).
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analyse the significance of individual features. We implemented stability selection as
100 replications of the basic sequential forward selection (SFS) each time executed on a
randomly sub-sampled S1676 dataset (the dataset was not partitioned for different types
of mutations in this experiment). From the 100 results, we estimated the significance of
each feature as the probability of being selected. Table 6.4 lists the eight most significant
features which were selected with a probability > 0.5. The evolutionary feature SIFT
score, amino acid parameter ∆ hydrophobicity, and structural property relative accessible
surface area were the most significant features. This finding agrees with the most often
occurring features across the five models of EASE-ASA and EASE-SS.

6.2.3

Classification performance for different types of mutations

The design of the three methods combining the feature-based multiple models was
motivated by the observation that the prediction performance of our previous work
(EASE-AA) varied considerably for different types of mutations. We found that EASEASA (combining two models), EASE-SS (three models), and EASE-MM (consensus
of the former two) can classify stability changes more accurately than both singlemodel methods EASE-AA and EASE-AA2 (Figure 6.3). Next, we were interested what
the improvements were for different types of mutations based on the secondary structure and accessible surface of the mutated residue. Secondary structure and solvent
accessibility were calculated using DSSP (Kabsch & Sander 1983) from the experimentally determined structures deposited in the Protein Data Bank (PDB) (Berman
et al. 2000). We also investigated the prediction performance for ‘small’ (∆∆Gu ∈ [−1, 1])
and ‘large’ (|∆∆Gu | > 1) stability changes. Figure 6.5 compares the ten-fold crossvalidated Matthews correlation coefficient (MCC) of EASE-AA2 , EASE-ASA, EASESS, and EASE-MM for different types of mutations. We analysed the performance of the
methods with multiple models relative to EASE-AA2 because while EASE-AA2 encompasses only a single model, it was designed using the same feature selection procedure.
Also, EASE-AA2 performed marginally better than EASE-AA.
Regarding the different secondary structure types, EASE-MM achieved an MCC of
0.49, 0.42, and 0.37 for the mutations in helical, sheet, and coil residues, respectively.
The respective improvements compared to EASE-AA2 were 0.05 (11%), 0.01 (2%), and
0.12 (48%). All four methods yielded the lowest performance for the category of coil
residues. However, both relative and absolute improvements of all three methods with
multiple models were the highest in this category. Thus, multiple models yielded a more
balanced performance for the different secondary structure types than the single-model
method. This is most apparent from the performance of EASE-SS, which achieved an
MCC of 0.43, 0.40, and 0.39 for helical, sheet, and coil residues, respectively.
Next, we analysed our results for two categories of the accessible surface area (ASA)
based on a threshold of 25%. We found again that EASE-MM not only outperformed
EASE-AA2 but achieved a more balanced performance yielding an MCC of 0.44 and
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Figure 6.5: Classification performance of the single-model method and the three
methods with multiple models for different types of mutations. Matthews correlation
coefficient (MCC) of EASE-AA2 , EASE-ASA, EASE-SS, and EASE-MM is shown as a function
of the secondary structure type of the mutated residue, relative accessible surface area of the
mutated residue, and magnitude of the stability change. These are ten-fold cross-validation
results (S1676 dataset).

0.41 for residues with ASA ≤ 25% and > 25%, respectively. These results constitute
respective improvements of 0.02 (5%) and 0.11 (37%) compared to EASE-AA2 . The
performance of EASE-MM (Figure 6.5) appears to be well balanced when we analysed
only the two categories of ASA employing a threshold of 25% (the same threshold as
for the design of the two models of EASE-ASA). Therefore, we were interested whether
the performance varied if we considered a greater variety of ASA categories. Figure 6.6
shows the MCC of the compared methods as a function of four different categories of
ASA (0–20%, 20–40%, 40-60%, and > 60%). The figure reveals that the performance of
all four methods was very poor for residues more than 60% exposed to a solvent. EASEMM’s MCC in this category (> 60%) was on average 63% lower than for the other three
categories covering ASA of 0–60%. It is of interest to inspect the performance of EASEASA in more detail because it contains a model designed specifically for the exposed
residues. Interestingly, EASE-ASA yielded an MCC of only 0.05, the worst of all four
methods, for the > 60% exposed category. For the 40–60% exposed category, there
was a significant improvement (MCC of 0.42), and the largest improvement relative
to EASE-AA2 was achieved for the 20–40% category. Thus, it seems that the feature
selection for EASE-ASA’s exposed model selected mainly features which are relevant
to only ‘partially’ exposed residues. This is most probably because the ‘fully’ exposed
residues with ASA > 60% constitute only 7% of the S1676 dataset. For the same
reason (the lack of experimental data), it would not be possible to design EASE-ASA
with three models including a model trained specifically for residues with ASA > 60%.
A possible way of improving the consensus method (EASE-MM) would be assigning a
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Figure 6.6: Classification performance of the single-model method and the three
methods with multiple models for different categories of solvent accessibility.
Matthews correlation coefficient (MCC) of EASE-AA2 , EASE-ASA, EASE-SS, and EASE-MM
is shown as a function of four different categories of the mutated residue’s relative accessible
surface area. These are ten-fold cross-validation results (S1676 dataset).

higher weight to the probability predicted by EASE-SS for mutations in residues which
are more than 60% exposed to a solvent. EASE-SS yielded the highest MCC (0.25) out
of all four methods in this ASA category.
Finally, we analysed the performance for the categories of ‘small’ (∆∆Gu ∈ [−1, 1])
and ‘large’ (|∆∆Gu | > 1) stability changes (Figure 6.5). For all four methods, the category of ‘small’ changes was more difficult to predict. EASE-MM achieved an MCC of
0.36 and 0.48 for the ‘small‘ and ‘large’ stability changes, respectively. The reason for
this unbalanced performance can be twofold. Firstly, it is naturally harder to differentiate among subtle changes. Secondly, as suggested elsewhere (Capriotti et al. 2008, Shen
et al. 2008), the strict classification of the ‘small’ stability changes as stabilising or
destabilising can be misleading since the experimental data is affected by the error of
measurement which can be as large as ±0.48 kcal mol−1 (Khatun et al. 2004). Nevertheless, the relative (as well as absolute) improvement of EASE-MM (compared to
EASE-AA2 ) was greater for the ‘small‘ than for the ‘large’ stability changes (33% compared to 4%).
Overall, EASE-ASA, EASE-SS, and EASE-MM yielded a more balanced performance for all categories of the different types of mutations than the single-model method
EASE-AA2 . This result supports our hypothesis that building specialised models for
different types of mutations can yield a more balanced performance. When comparing the performance of the consensus method (EASE-MM) with EASE-ASA, we found
improvements in all seven categories (Figure 6.5). However, compared to EASE-SS,
EASE-MM performed less accurately for mutations in coil residues and for ‘small’ stability changes. This can be attributed to a relatively low performance of EASE-ASA
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for these two types of mutations. Because the predicted probabilities from EASE-ASA
and EASE-SS contribute equally to predictions made by EASE-MM, a low performance
of one of the two methods directly influences the consensus. A possible improvement
would be to consider the confidence of the predicted secondary structure and use it for
weighing the contribution of the probabilities predicted with EASE-SS and EASE-ASA.

6.2.4

Independent test classification performance

We found that EASE-MM yielded the highest cross-validation classification performance
of the five compared methods (Figure 6.3). However, it is important to inspect its
prediction performance on an independent test set to see if the feature selection did
not result in features which do not generalise well. Using the S238 dataset (< 25%
sequence similarity to S1676), we compared the performance of four currently available
methods [I-Mutant2.0 (Capriotti et al. 2005a), MUpro (Cheng et al. 2006), MuStab
(Teng et al. 2010), and iStable (Chen et al. 2013)], the method from the previous
chapter (EASE-AA), the single-model method (EASE-AA2 ), and the three methods
with multiple models (EASE-ASA, EASE-SS, and EASE-MM). Table 6.5 summarises
the results from the independent comparison. EASE-MM was able to significantly
outperform the four currently available methods. The MCC improvements ranged from
0.19 to 0.23 (68–96%). The ROC curves in Figure 6.7 compare the true positive rate as a
function of the false positive rate at different prediction thresholds. The area under the
ROC curve (AUC) improvements for EASE-MM compared to MUpro, MuStab, iStable,
and I-Mutant2.0 were 0.20 (31%), 0.18 (27%), 0.16 (23%), and 0.15 (21%), respectively.
The performance of the four currently available methods was poor because the sequence
Table 6.5: Independent test classification performance (dataset S238) of four currently available methods, our previous work, the single-model method, and the
three methods with multiple models

Methoda

AUCb

MCCb

Q2 b

Seb

Spb

PPVb

NPVb

MUpro
MuStab
iStable
I-Mutant2.0
EASE-AA
EASE-AA2
EASE-ASA
EASE-SS
EASE-MM

0.65
0.67
0.69
0.70
0.83
0.72
0.81
0.82
0.85

0.24
0.26
0.28
0.27
0.45
0.36
0.43
0.48
0.47

0.79
0.77
0.81
0.66
0.82
0.83
0.83
0.83
0.81

0.29
0.40
0.35
0.69
0.60
0.36
0.51
0.62
0.69

0.91
0.86
0.91
0.65
0.88
0.94
0.91
0.88
0.84

0.43
0.40
0.45
0.32
0.53
0.57
0.56
0.55
0.50

0.85
0.86
0.86
0.90
0.90
0.86
0.89
0.91
0.92

a MUpro

(Cheng et al. 2006), MuStab (Teng et al. 2010), iStable (Chen et al. 2013), I-Mutant2.0
(Capriotti et al. 2005a), EASE-AA, and EASE-AA2 contain a single model; EASE-ASA and EASE-SS
combine two and three models, respectively, while EASE-MM is a consensus method of the former two.
b AUC: area under the receiver operating characteristic curve, MCC: Matthews correlation coefficient,
Q2 : binary classification accuracy, Se: sensitivity (recall), Sp: specificity, PPV: positive predictive
value (precision), NPV: negative predictive value.
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Figure 6.7: Receiver operating characteristic curves of EASE-MM, our previous
work, and four currently available methods. The true positive rate is shown as a function
of the false positive rate at different prediction thresholds. These are independent test results
(S238 dataset). EASE-MM, EASE-AA, I-Mutant2.0, MuStab, iStable, and MUpro achieved
the area under the ROC curve (AUC) of 0.85, 0.83, 0.70, 0.69, 0.67 and 0.65, respectively. The
training datasets of all six methods had a pair-wise sequence similarity < 25% to the S238
dataset.

similarity of the S238 dataset and the data used for training MUpro, MuStab, iStable,
and I-Mutant2.0 was < 25%. This further demonstrates our finding from the previous
chapter that the currently available methods cannot reliably predict stability changes
in unseen non-homologous proteins.
The three methods with multiple models, EASE-ASA, EASE-SS, and EASE-MM,
yielded the AUC (MCC) of 0.81 (0.43), 0.82 (0.48), and 0.85 (0.47), respectively (Table 6.5). All three methods were able to considerably outperform the single-model
method EASE-AA2 . However, when compared to our previous work (EASE-AA), only
EASE-MM was able to improve the AUC value (from 0.83 to 0.85). Figure 6.7 compares EASE-MM and EASE-AA in terms of ROC curves. For the false positive rate of
15–45%, our new method achieved a notable improvement. This is reflected in a 2%
and 4% relative increase in the AUC and MCC, respectively.
We analysed why the improvements compared to EASE-AA on the S238 test set
(Table 6.5) were not as high as for the cross-validation on the S1676 dataset (Table 6.2).
On the S238 test set, there was a decrease of 19% in MCC for residues with accessible
surface area (ASA) ≤ 25% for EASE-MM compared to EASE-AA. Coincidently, the
accuracy of predicting buried residues with ACCpro (decides whether the buried or
exposed model of EASE-ASA is used) was 5 percentage points lower for S238 than
for S1676 (a decrease from 85% to 80%). We conjecture that this might be one of
the contributing factors to the relatively low prediction accuracy of EASE-MM on the
residues with ASA ≤ 25%. For residues in the S238 test set with ASA > 25%, EASE-MM
provided an improvement of 50% compared to EASE-AA, which is in good agreement
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with a 46% improvement yielded in cross-validation (S1676). However, the abundance
of the residues with ASA > 25% was considerably lower in S238 (34%) compared to
S1676 (48%). Therefore, the overall increase in EASE-MM’s MCC was only 4% on the
S238 test set.
To confirm the significance of the improvements yielded by our new method on the
S238 test set, we randomly sub-sampled the dataset to 119 mutations and classified the
stability changes with EASE-MM and EASE-AA. We replicated this experiment 100
times. The paired t-test’s null hypothesis stated that there was no statistical difference
in the MCC and AUC between EASE-MM and EASE-AA. The p-values associated with
this null hypothesis were less than 0.0001 for both MCC and AUC.

6.2.5

Real-value prediction of stability changes

We found that the feature-based multiple models yield a more accurate and more balanced performance for classification of stability changes than the single-model methods.
Hence, we followed the same methodology to design feature-based multiple models for
the real-value prediction of ∆∆Gu . Table 6.6 summarises the ten-fold cross-validation
results using the S1676 dataset. EASE-MM reached the highest Pearson correlation coefficient (r ) between the predicted and experimentally measured ∆∆Gu of 0.58. EASEASA and EASE-SS achieved an r of 0.55 and 0.54, respectively, and both EASE-AA2
and EASE-AA yielded an r of 0.52. Thus, EASE-MM yielded an r improvement of
0.06 (12%) compared to both single-model methods. We also evaluated the real-value
prediction performance using the S238 independent test set (Table 6.6). In this test,
EASE-MM achieved an r of 0.57 and RMSE of 1.03. EASE-MM was able to outperform
EASE-AA2 and EASE-AA by 0.02 (4%) and 0.04 (8%) in terms of r, respectively. To
verify the significance of the improvements yielded in the independent test, we randomly
sub-sampled the S238 dataset to 119 mutations and predicted the stability changes with
Table 6.6: Real-value prediction performance of two available methods, our previous work, the single-model method, and the three methods with multiple models

Cross-validation (S1676)

Independent test (S238)

Methoda

rb

RMSEb

rb

RMSEb

MUpro
I-Mutant2.0
EASE-AA
EASE-AA2
EASE-ASA
EASE-SS
EASE-MM

—
—
0.52
0.52
0.55
0.54
0.58

—
—
1.56
1.57
1.53
1.54
1.50

0.36
0.44
0.53
0.55
0.54
0.54
0.57

1.20
1.19
1.10
1.10
1.10
1.06
1.03

a MUpro

(Cheng et al. 2006), I-Mutant2.0 (Capriotti et al. 2005a), EASE-AA, and EASE-AA2 contain
a single model; EASE-ASA and EASE-SS combine two and three models, respectively; EASE-MM is
a consensus method of EASE-ASA and EASE-SS.
b r : Pearson correlation coefficient, RMSE: root mean square error.
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Figure 6.8: Experimentally measured stability changes (∆∆Gu ) as a function of
predicted stability changes with Rosetta and EASE-MM. Rosetta (a) and EASE-MM
(b) were employed to predict ∆∆Gu . The black lines are the linear regression fits with slopes
of 0.42 and 1.09 for Rosetta and EASE-MM, respectively.

EASE-MM, EASE-AA2 , and EASE-AA, replicating this experiment 100 times. The improvements of EASE-MM for both r and RMSE compared to the single-model methods
were significant with p-values < 0.0001 (paired t-test).
We also compared the performance of EASE-MM with two other sequence-based
currently available methods, I-Mutant2.0 (Capriotti et al. 2005a) and MUpro (Cheng
et al. 2006). EASE-MM outperformed MUpro and I-Mutant2.0 by 0.21 (58%) and 0.13
(30%) in terms of r, respectively (Table 6.6). These significant improvements of EASEMM are in agreement with the results from the classification performance comparison
(Table 6.5). Because of the high prediction performance of EASE-MM compared to the
other currently available sequence-based methods, we were interested how EASE-MM
compares with physically realistic structure-based approaches such as the Rosetta energy function (Kellogg et al. 2011). We combined all mutations in the S1676 and S238
datasets while keeping only the proteins with experimentally determined structures deposited in the Protein Data Bank (PDB) (Berman et al. 2000). This resulted in 1,846
mutations in 86 different proteins. We predicted stability changes with Rosetta and with
EASE-MM (employing ten-fold cross-validation). Figure 6.8 shows the experimentally
measured stability changes (∆∆Gu ) as a function of the predicted stability changes with
Rosetta and EASE-MM. Rosetta yielded a surprisingly low Pearson correlation coefficient (r ) of 0.24, while EASE-MM achieved an r of 0.59 (as expected, a very similar
performance to that on the S1676 and S238 datasets). The low performance of Rosetta
could be explained by a low quality of some PDB structures as we did not require a
particular resolution to be met and included structures determined with both nuclear
magnetic resonance and X-ray crystallography. Therefore, we removed possible outliers
which negatively affected the correlation coefficient. After filtering out 5% and 10% of
94

Pearson correlation coefficient

6.2. RESULTS AND DISCUSSION

0.7

EASE-AA2
EASE-ASA
EASE-SS
EASE-MM

0.6
0.5
0.4
0.3
0.2
0.1
0
helix sheet coil
Secondary structure type

0-25% > 25%
Accessible surface area

[-1,1] |∆∆Gu| > 1
Stability change

Figure 6.9: Real-value prediction performance of the single-model method and
the three methods with multiple models for different types of mutations. Pearson
correlation coefficient (r ) of EASE-AA2 , EASE-ASA, EASE-SS, and EASE-MM is shown as
a function of the secondary structure type of the mutated residue, relative accessible surface
area of the mutated residue, and magnitude of the stability change. These are ten-fold crossvalidation results (S1676 dataset).

outliers, Rosetta’s r increased to 0.66 and 0.70, respectively. Interestingly, EASE-MM
yielded exactly the same values of r after filtering the outliers from the dataset. This
result represents a significant achievement for EASE-MM, being a sequence-based approach, since it was able to predict stability changes with a comparable accuracy to a
structure-based physical energy function.

Evaluation of different types of mutations
We were interested how EASE-MM’s real-value prediction improvements varied for different types of mutations. Figure 6.9 plots the Pearson correlation coefficient (r ) as a
function of the different types of mutations based on the secondary structure, accessible surface area (ASA), and the magnitude of ∆∆Gu for EASE-AA2 (the single-model
method), EASE-ASA, EASE-SS, and EASE-MM. As in classification, EASE-MM was
able to outperform the other three methods for all types of mutations that we inspected.
Also in agreement with classification, mutations in coils, exposed residues (ASA > 25%),
and those that cause ‘small’ stability changes (∆∆Gu ∈ [−1, 1]) were the most challenging to predict for all four methods. EASE-MM yielded larger relative improvements
for these hard-to-predict mutations in two cases: for mutations in coils (24% compared
to 6% for α-helices and 9% for β -sheets) and those with ‘small’ stability changes (17%
compared to 13% for |∆∆Gu | > 1). However, the improvement for the exposed residues
was smaller than that for the buried ones (9% compared to 13%).
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Figure 6.10: Distributions of predicted stability changes (∆∆Gu ) for disease-causing
and neutral mutations. Stability changes were predicted with EASE-MM for a dataset of
6,575 inherited disease-causing mutations from the Human Gene Mutation Database (Stenson
et al. 2014) and 6,985 putatively neutral mutations from the 1,000 Genomes Project (McVean
et al. 2010). The figure shows the distributions of stability changes (a) and the absolute value
of stability changes (b) for disease-causing and neutral mutations.

6.2.6

Stability changes of disease-causing mutations

The loss of structural stability has been shown as a major causative factor in monogenic disease (Wang & Moult 2001, Yue et al. 2005). We evaluated if stability changes
predicted with EASE-MM can reflect this trend. We compiled a dataset of 6,575 inherited disease-causing mutations from the Human Gene Mutation Database (HGMD)
(Stenson et al. 2014) and 6,985 putatively neutral mutations from the 1,000 Genomes
Project (McVean et al. 2010). Next, EASE-MM was employed to predict the stability
changes of all 13,560 mutations. Figure 6.10a shows the distributions of the predicted
stability changes (∆∆Gu ) for the disease-causing and neutral mutations. As expected,
the disease-causing distribution peaks at a more destabilising value of ∆∆Gu than the
neutral distribution. Nevertheless, the difference in the distributions is rather small.
We conjecture that a possible reason for this could be that stabilising mutations can
also cause a loss of function and lead to a disease. In fact, Beadle & Shoichet (2002)
and Zavodszky et al. (1998) showed that an increase in stability can be accompanied by
a loss of flexibility, which can reduce the enzymatic activity. The relationship between
the stabilisation and loss-of-function was further supported by a large-scale analysis of
Casadio et al. (2011). There, the authors showed that the correlation of disease probability with the absolute value of experimentally measured ∆∆Gu was stronger than
with ∆∆Gu of destabilising mutations. In the light of these studies, we inspected the
relationship between disease and the absolute value of ∆∆Gu predicted with EASE-MM.
Figure 6.10b shows the distributions of the absolute value of predicted ∆∆Gu for the
disease-causing and neutral mutations. As expected, when the magnitude of ∆∆Gu is
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small (≤ 0.5), there are significantly more neutral than disease-causing mutations while
for the larger magnitudes, disease-causing mutations prevail. As a consequence, predicted ∆∆Gu could be used as an input feature for machine learning methods predicting
the probability of disease. The significance of this finding is that EASE-MM, being a
sequence-based method, can be applied universally to all proteins encoded in the human
genome.

6.3

Conclusions

In this chapter, we followed the observation that the prediction performance of currently
available methods, including the method proposed in the previous chapter (EASEAA), varies for different types of mutations based on the accessible surface area and
secondary structure. We proposed a sequence-based machine learning method, EASEMM: Evolutionary, Amino acid, and Structural Encodings with Multiple Models, which
predicts stability changes as a consensus of two participating methods, EASE-ASA and
EASE-SS. While EASE-ASA combines two models for exposed and buried residues,
EASE-SS is composed of three models for mutations in α-helices, β -sheets, and coils.
Feature selection and a range of diverse features were used to design each model.
Our cross-validation results show that EASE-MM provides a notable improvement to
our previous work reaching a Matthews correlation coefficient of 0.44 (Table 6.2). EASEMM was able to correctly classify 73% and 75% of stabilising and destabilising protein
variants, respectively, and yielded the area under the ROC curve of 0.82 (Figure 6.3).
For real-value prediction, EASE-MM achieved a Pearson correlation coefficient of 0.58
(Table 6.6) and was able to match the performance of a structure-based physical energy
function (Figure 6.8). EASE-MM yielded considerable improvements compared to other
currently available methods on an independent test set of 238 mutations in 25 proteins
with a low sequence similarity to our training dataset. Finally, we found that the
distributions of stability changes predicted with EASE-MM for disease-causing and
neutral mutations are different (Figure 6.10), and therefore, EASE-MM could be utilised
as one of the predictive features for the annotation of disease-causing mutations.
EASE-MM not only outperformed our previous work and other related methods, it
achieved a more balanced results for different types of mutations based on the accessible
surface area, secondary structure, and magnitude of stability changes (Figures 6.5 and
6.9). This can be attributed to using multiple models with the most relevant features
selected for the given type of mutation. Therefore, our results support the presumption
that different interactions govern stability changes in the exposed and buried residues
(Gilis & Rooman 1997) or in residues with a different secondary structure. Similar
observations have been made about pathogenic protein variants (Khan & Vihinen 2007).
Therefore, the concept of the feature-based multiple models could be also applied to
the prediction of disease-causing mutations. A web-server implementing EASE-MM is
available at http://sparks-lab.org/server/ease.
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Chapter 7
Detecting disease-causing frameshifting
indels and nonsense mutations

A key requirement for personalised medicine is to fully annotate human genetic variations in different individuals. Some genetic variations are benign, while others are
disease-causing or disease-associated. As discussed in Chapter 3, the functional effects
of frameshifting microinsertions and microdeletions (FS indels) and nonsense (NS) mutations are poorly understood. In this chapter, we study FS indels and NS mutations
employing a unified approach because both of these genetic variations alter the entire
coding sequence of a gene downstream from the variation site. While FS indels, having a length indivisible by three, do so by shifting the reading frame and randomising
the coding sequence downstream of the indel site, NS mutations truncate the protein
product by introducing a premature termination codon (PTC).
In this chapter, we design the first machine learning method for the annotation of
FS indels and NS mutations which is trained entirely on variants derived from human
genomes. Moreover, we investigate the relationship between protein structural properties and FS indels as well as NS mutations. By utilising disease-causing variants
curated in the Human Gene Mutation Database (HGMD) (Stenson et al. 2014) and
putatively neutral variants from the 1,000 Genomes Project (McVean et al. 2010), we
find that the most discriminative feature for FS indels and NS mutations is the DNA
sequence conservation. We employ the best combination of eight features identified with
a feature selection algorithm to build the final method, referred to as DDIG-in (FS):
Detecting DIsease-causing Genetic variations (Folkman et al. 2015). Next, we evaluate DDIG-in (FS) with ten-fold cross-validation and independent testing and find that
the new method yields significant improvements when compared to related work. The
robust performance of DDIG-in (FS) is further confirmed by its ability to predict NS
mutations whilst being trained on a dataset of FS indels. Furthermore, the disease
probability predicted by DDIG-in (FS) yields a strong negative correlation with the
average allele frequency in the presumably healthy population from the 1,000 Genomes
Project.
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7.1

Methods

We built a machine learning method for classification of genetic variants as diseasecausing and neutral. It is applicable to frameshifting (FS) indels (microinsertions and
microdeletions of ≤ 20 base pairs indivisible by three) and nonsense (NS) mutations
(single nucleotide variants resulting in a premature termination codon).

7.1.1

Predictive features

We evaluated 36 features that could be used for discriminating between disease-causing
and neutral FS indels as well as NS mutations. These features can be categorised as
global (including gene-level and transcript-level features) or local (including nucleotidelevel and protein-level features). Table 7.1 provides a summary of the 36 features.
Global features
We considered four global gene-level features. Feature Ka/Ks ratio was calculated as
the ratio of the number of non-synonymous (Ka) and synonymous (Ks) substitutions in
a given gene. Ka/Ks ratio is commonly used as an indicator of selective pressure acting
on a protein-coding gene (Hurst 2002). We downloaded pre-calculated Ka and Ks values
for the human-chimpanzee, human-macaque, human-mouse, and human-rat alignments
from Ensembl (release 75) (Flicek et al. 2013). Our preliminary analysis suggested that
the average Ka/Ks ratio from all four alignments yielded the best discrimination of
disease-causing and neutral indels.
As a gene may contain exons separated by introns, we examined the following features for evidence of a variant affecting alternative splicing: number of transcripts,
fraction of unaffected transcripts, and fraction of translatable transcripts. Here, an unaffected transcript (splice isoform) is one for which the FS indel/NS mutation is located
within an intron (while the variation is located in an exon for some other splice isoform of the same gene). The number of translatable transcripts is given as the number
of transcripts which would not be candidates for non-stop decay (NSD) or nonsensemediated decay (NMD) induced by the genetic variation. NSD and NMD are mRNA
surveillance mechanisms which prevent translation of damaged genes. We considered a
variant to be a candidate for NSD if it lacked a premature termination codon (PTC)
(van Hoof et al. 2002). A variant was considered to be a NMD candidate if the genetic
variation occurred more than 49 nucleotides (discounting intervening introns) from the
3’-most intron (Nagy & Maquat 1998).
We also examined nine global transcript-level features including the number of exons,
relative exon number (the exon number in the 5’–3’ direction divided by the number of
exons), and distance to the nearest upstream (downstream) splice site because variations
near splice sites may give rise to alternative splicing patterns (Garcia-Blanco et al. 2004).
Other transcript-level features describing the indel location were the relative distance
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Table 7.1: Features and encoding methods used for developing DDIG-in (FS)

Featurea

Encoding methodsb

global gene-level features
Ka/Ks ratio
number of transcripts
fraction of unaffected transcripts
fraction of translatable transcripts
global transcript-level features
number of exons
relative exon number
distance to the nearest upstream splice site
distance to the nearest downstream splice site
relative distance to the 5’ end
relative distance to the 3’ end
relative distance to the centre of the sequence
relative length of the variant
relative length of the mutated sequence

avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,

local nucleotide-level features
DNA conservation

avg, min, max, H t , Hgt

local protein-level features
PSSM conservation
protein conservation (Shannon entropy)
protein conservation (von Neumann entropy)
protein conservation (property entropy)
protein conservation (relative entropy)
protein conservation (property relative entropy)
protein conservation (Jensen-Shannon divergence)
HHblits match to match transition probability
HHblits match to deletion transition probability
HHblits match to insertion transition probability
HHblits deletion to match transition probability
HHblits insertion to match transition probability
HHblits insertion to insertion transition probability
HHblits deletion to deletion transition probability
HHblits neff
HHblits neffd
HHblits neffi
relative accessible surface area
helix probability
sheet probability
coil probability
disorder probability

avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,
avg,

min,
min,
min,
min,
min,
min,
min,
min,
min,

min,
min,
min,
min,
min,
min,
min,
min,
min,
min,
min,
min,
min,
min,
min,
min,
min,
min,
min,
min,
min,
min,

max
max
max
max
max
max
max
max
max

max,
max,
max,
max,
max,
max,
max,
max,
max,
max,
max,
max,
max,
max,
max,
max,
max,
max,
max,
max,
max,
max,

Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,
Ht ,

Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt
Hgt

a HHblits

neff, neffd , and neffi denote the number of effective similar sequences aligned to a residue,
deletion, and insertion, respectively.
b avg: average, min: minimum, max: maximum, H t : see Equation 7.1, H t : see Equation 7.2
g
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Figure 7.1: DDIG-in (FS) feature extraction using different encoding methods.
For global transcript-level features, we calculated the encoding methods over all transcripts
(splice isoforms) of a given gene. For local nucleotide-level (protein-level) features, the encoding
methods were calculated over a window of neighbouring bases (residues).

to the 5’ end, 3’ end, and centre of the sequence (the distance divided by the length of
the coding sequence). Finally, we considered features relative length of the variant (the
length of the protein variant divided by the wild-type protein length) and relative length
of the mutated sequence (the length of the mutated part of the protein variant divided
by the distance from the variation site to the wild-type C-terminus). Since transcriptlevel features are specific to each transcript (splice isoform) of a gene, the final value of
a transcript-level feature was calculated with one of three encoding methods, namely the
average (avg), minimum (min), or maximum (max) of all transcripts of a given gene.
Figure 7.1 depicts how we calculated these encoding methods.

Local features
With the exception of the nucleotide-level feature DNA conservation, all other local features were protein-level features. The DNA conservation was derived from phylogenetic
P-values of the multiple alignments of 45 vertebrates to the human genome calculated
with the phyloP program (Pollard et al. 2010). We downloaded pre-calculated phyloP
scores from the UCSC Table Browser (Karolchik et al. 2004).
We calculated various forms of sequence conservation at the protein level. We used
PSI-BLAST (Altschul et al. 1997) (NCBI non-redundant database, three iterations,
e-value threshold of 0.001) to create a position-specific scoring matrix (PSSM) and
weighted observed percentages matrix (WOPM) from which we calculated the PSSM
conservation of an amino acid residue i as:
PSSM conservation(i) =

∑

PSSMi (α) × fi (α)

α∈AA


WOPM (α),
∑α∈AA WOPMi (α) > 0
i
fi (α) =
BLOSUM(α , α), otherwise.
i
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There, PSSMi (α) and WOPMi (α) are the PSSM log-likelihood and weighted observed
percentage of an amino acid α at a residue i, respectively. We used BLOSUM62 matrix
(Henikoff & Henikoff 1992) to calculate the background frequency of the amino acid
substitution, denoted as BLOSUM(αi , α).
We also examined protein conservation scores derived from Shannon (SE ), von Neumann (VNE ), property (PE ), relative (RE ), and property relative entropy (PRE ) as
well as Jensen-Shannon divergence (JSD). These six entropy-based approaches were
studied and implemented previously by Capra & Singh (2007). There, all scores were
scaled to fit in the range [0, 1] where 1 is the highest sequence conservation. We calculated the conservation scores using the available implementation from the multiple
sequence alignment generated with PSI-BLAST (NCBI non-redundant database, three
iterations). Our preliminary analysis suggested that the best indel discrimination can
be achieved when only the 30 most related sequences (ranked by the e-value threshold)
were used.
Another ten protein conservation features were calculated using HHblits (Remmert
et al. 2012). HHblits searches for similar sequences from the UniProt database (Apweiler
et al. 2014) using hidden Markov model (HMM) sequence profiles. Unlike PSI-BLAST,
HHblits calculates transition probabilities not only between matches of two residues
(match to match) but also between other states (match to deletion, match to insertion,
deletion to match, insertion to match, insertion to insertion, and deletion to deletion).
In addition, we obtained three effective numbers of similar sequences aligned to an
amino acid residue (neff ), deletion (neff d ), and insertion (neff i ).
Finally, we considered five protein-level structural features: relative accessible surface area, helix, sheet, coil, and disorder probabilities. The accessible surface area and
secondary structure probabilities were all predicted using SPINE-X from the protein
sequence (Faraggi et al. 2011). The disorder probability was calculated using SPINE-D
from the protein sequence (Zhang et al. 2012).

Feature extraction of local features
While the global features were calculated as a single-valued property of the whole coding
sequence or the protein product, local features quantified a given property over a window
of neighbouring coding DNA bases or amino acid residues on the nucleotide and protein
levels, respectively. We considered three different window types: small-symmetric, nextsplice, and lost-sequence window. At the nucleotide level, the small-symmetric window
covered the deleted bases plus n bases on either side of the deletion or, alternatively,
n + 1 bases on either side of the insertion. NS mutations were treated as deletions. At
the protein level, the small-symmetric window covered n residues to each side of the
position where the protein variant differed from the wild-type protein (referred to as the
variation site). The next-splice window covered all bases (residues) from the variation
site to the next exon-exon junction (in a 5’–3’ direction) plus n bases (residues) from
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the variation site towards the 5’ end (N-terminus). Finally, the lost-sequence window
encompassed all bases (residues) from the variation site to the 3’ end (C-terminus) plus
n bases (residues) from the variation site towards the 5’ end (N-terminus).
Each local feature was encoded as either average, minimum, or maximum of a given
window. In addition, we also calculated the number of bases (residues) for which the
value of the feature was higher than a threshold t within a given window (w), relative
to the number of bases (residues) in a given window (H t ), or relative to the number of
bases (residues) with feature values > t for the entire nucleotide (protein) sequence (Hgt ):
H t (w) =

count(t, w)
,
|w|

Hgt (w, s) =

count(t, w)
,
count(t, s)

(7.1)

1, v > t
i
count(t, v) = ∑
vi ∈v 0, vi ≤ t
(7.2)

where t denotes a threshold, w is a vector of a given window, and s is a vector of the
whole nucleotide (protein) sequence. That is a total of five encoding methods for local
features denoted as avg, min, max, H t , and Hgt . Figure 7.1 depicts how we calculated
these encoding methods for the lost-sequence window.

7.1.2

Support vector machines and parameter optimisation

First, we optimised the window type and window length (see previous section for definitions of different window types). For this, we studied the performance of one nucleotidelevel (DNA conservation) and one protein-level feature (PSSM conservation). Based on
their performance, we selected one of the three window types (small-symmetric, nextsplice, and lost-sequence window) and optimised the window length (in the range of {1,
2, 3, 6, 9, 12, 20, 30, 40, 50, 60, 70, 80, 90, 100, 200, 300, 400, 500} and {1, 2, 3, 5, 7,
9, 11, 13, 15} for the DNA and PSSM conservation, respectively). The lost-sequence
window yielded the highest performance for both cases with the window length of 40
and 5 for the DNA and PSSM conservation, respectively. We kept these parameters
fixed for all other features in all experiments. With the window parameters fixed, the
threshold t for calculating the H t and Hgt encoding methods was optimised for every local
feature individually. The following range values were used for the DNA conservation:
t ∈ {0.5, 1, 1.5, . . . , 4}, for the PSSM conservation: t ∈ {0, 1, 2, . . . , 13}, and for the
entropy-based, HHblits-based, and structural features: t ∈ {0.1, 0.2, 0.3, . . . , 0.9}.
We implemented our method with the support vector machine (SVM) algorithm
(Cortes & Vapnik 1995) and the radial basis function (RBF) kernel using the C-SVC
implementation from the LIBSVM library (Chang & Lin 2011). We optimised the SVM
performance in terms of the regularisation parameter C and the RBF kernel width
parameter γ using a grid search with ten-fold cross-validation. In the grid search, we
considered all possible combinations of C ∈ {2−5 , 2−2 , . . . , 27 } and γ ∈ {2−15 , 2−12 , . . . , 20 }.
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7.1.3

Feature selection

We considered a wide range of predictive features and applied feature selection to find
an effective combination of features for the final SVM model. As in the previous chapter, we used the sequential forward floating selection (SFFS) (Pudil et al. 1994). The
SFFS works by iteratively adding the best-performing feature to a set of features S,
while at the end of every iteration, features are iteratively removed from S if this can
further improve prediction performance (see Section 2.2.3 for details). As a measure
of prediction performance, the area under the receiver operating characteristic curve
(commonly denoted as AUC) was used. We ran the SFFS until the improvement after
adding another feature to S was < 0.002.
To reduce the computational time of the SFFS, we selected 54 representative wellperforming and diverse feature+encoding pairs with the following approach. First, we
evaluated the performance of each feature in combination with every encoding method
Table 7.2: Fifty-four representative features and their encoding methods (along
with the optimised thresholds) for the feature selection of DDIG-in (FS)

Feature

Encoding methoda

global gene-level features
Ka/Ks ratio
number of transcripts
fraction of unaffected transcripts
fraction of translatable transcripts
global transcript-level features
number of exons
relative exon number
distance to the nearest upstream splice site
relative distance to the centre of the sequence
relative length of the variant

min
min
min
max
min

local nucleotide-level features
DNA conservation

avg, min, max, H 2.5 , Hg2.5

local protein-level features
PSSM conservation
protein conservation (Shannon entropy)
protein conservation (von Neumann entropy)
protein conservation (Jensen-Shannon divergence)
HHblits match to match transition probability
HHblits match to deletion transition probability
relative accessible surface area
helix probability
sheet probability
coil probability
disorder probability

avg, min, max, H 1.0 ,
min
avg, H 0.8
max, Hg0.9
min
avg, max, H 0.1 , Hg0.3
avg, min, max, H 0.7 ,
avg, min, max, H 0.1 ,
avg, min, max, H 0.9 ,
avg, min, max, H 0.9 ,
avg, min, max, H 0.1 ,

Hg1.0

Hg0.7
Hg0.1
Hg0.9
Hg0.9
Hg0.9

a The

optimised value of the threshold t for the encoding methods H t and Hgt is given for each feature+encoding pair as the upper index.

105

CHAPTER 7. DISEASE-CAUSING FS INDELS AND NONSENSE MUTATIONS
(Table 7.1). Next, we selected only the best-performing encoding method (for instance,
maximum) for each global feature. For local features, we selected all five encoding
methods. However, we grouped all entropy-based and HHblits-based features into two
respective groups and selected the five encoding methods to represent each group as a
whole. Table 7.2 lists the 54 selected feature+encoding pairs that entered the SFFS.

7.1.4

Datasets

We compiled three different datasets of genetic variations in protein-coding regions of
the human genome: two for FS indels and one for NS mutations.
FS indels dataset The dataset of disease-causing FS indels was retrieved from the
Human Gene Mutation Database (HGMD version Professional 2012.2) (Stenson et al.
2014). We mapped the indels to sequences downloaded from CCDS (version 20131129)
(Pruitt et al. 2009) and removed those indels which were located in an intron in all
transcripts (splice isoforms) of the given gene. This resulted in 21,550 FS indels in
1,452 protein-coding genes.
The dataset of putatively neutral indels was obtained from the 1,000 Genomes
Project (phase 1, version 3, 20101123) (McVean et al. 2010). These data comprised
variants identified by sequencing genomes of apparently healthy individuals from five
major populations. As with the HGMD data, we mapped the indels to CCDS and
removed those indels located in an intron in all gene transcripts. The neutral dataset
contained 580 FS indels in 491 protein-coding genes.
Because the two datasets were severely imbalanced (21,550 disease-causing as opposed to 580 neutral indels), we reduced redundancy in the disease-causing dataset by
retaining only one sequence per cluster of similar sequences, determined with proteinlevel Blastclust (Altschul et al. 1990) with a sequence similarity threshold of 30%. Further, we chose only one indel per gene randomly. This resulted in 1,321 disease-causing
indels in 1,321 genes. Finally, we randomly sub-sampled the dataset by keeping one
half of it (660 indels) so that we could use the remaining half later for independent testing. Thus, the final FS indels dataset contained 660 inherited disease-causing and 580
neutral indels in 660 and 491 genes, respectively. This dataset was utilised for training
and ten-fold cross-validation of DDIG-in (FS).
HGMD+SIFT FS indels dataset We also built an independent test set from the
remaining disease-causing HGMD indels (set aside by random sub-sampling, see above
for details) and neutral indels from the SIFT Indel training dataset (Hu & Ng 2012).
Starting again from all HGMD-derived disease-causing FS indels (21,550 indels in 1,452
genes), we first removed all similar sequences to the 660 genes included in our training
FS indels dataset, determined with protein-level Blastclust (Altschul et al. 1990) with
a sequence similarity threshold of 30%. This yielded 13,561 disease-causing indels in
737 genes. Because the SIFT Indel dataset (after mapping to CCDS) contained 2,295
neutral indels in 2,295 genes, we randomly sub-sampled the disease-causing variants to
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2,295 indels (while retaining all 737 genes). Since there were fewer unique genes in the
disease-causing (737) as compared to the neutral (2,295) dataset, we did not remove
similar sequences in the disease-causing dataset as was done for the FS indels dataset.
This is appropriate because the HGMD+SIFT dataset will not be employed for training.
The final HGMD+SIFT FS indels dataset comprised 2,295 disease-causing and 2,295
neutral FS indels in 737 and 2,295 genes, respectively.
NS mutations dataset Another independent test set comprised NS mutations from
the HGMD (disease-causing) and 1,000 Genomes Project (neutral). Initially, we retrieved 14,018 and 4,856 disease-causing and neutral NS mutations in protein-coding
genes, respectively. Next, we removed variants in genes which were present in the training FS indels dataset, determined with protein-level Blastclust (Altschul et al. 1990)
with a sequence similarity threshold of 30%, so that the two datasets were independent
of each other. This yielded 8,723 disease-causing variants in 1,122 genes and 3,861 neutral variants in 2,989 genes. Due to the high imbalance, we randomly sub-sampled the
disease-causing NS mutations to 3,861 mutations (while retaining all 1,122 genes).

7.1.5

Evaluation and comparison with related work

We used ten-fold cross-validation on the FS indels dataset to select relevant features,
optimise all parameters, train, and evaluate our method. To avoid over-fitting on specific
genes, we ensured that no two folds shared similar sequences, determined with proteinlevel Blastclust (Altschul et al. 1990) with a sequence similarity threshold of 30%. In
addition, we kept the ratio of disease-causing and neutral indels reasonably similar
between the folds. We replicated our experiments 100 times (each time with randomly
generated folds), averaged the results, and calculated standard deviations. Because we
had an abundance of disease-causing variants from the HGMD (see Section 7.1.4), each
of the 100 replications used a different random sample of disease-causing FS indels. We
employed the HGMD+SIFT FS indels and the NS mutations datasets for independent
testing of DDIG-in (FS). Importantly, these datasets did not share sequences with more
than 30% sequence similarity with the training FS indels dataset. Again, we replicated
all experiments 100 times with random sampling of the disease-causing variants.
As discussed in Chapter 3, there are currently only three methods available for
predicting functional effects of FS indels and two for NS mutations. D-score (Zia &
Moses 2011) ranks FS indels and NS mutations based on the loss of protein information
content, however, the method lacks any training and was not evaluated in terms of prediction performance in the original publication. Therefore, we compared DDIG-in (FS)
only with the other two available methods: SIFT Indel (Hu & Ng 2012) and CADD
(Kircher et al. 2014). SIFT Indel is applicable to FS indels but not to NS mutations.
CADD can predict all types of genetic variants, therefore, we could compare both FS
indels and NS mutations performance with CADD. A detailed description of SIFT Indel
and CADD can be found in Section 3.2.2.
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Evaluation measures
As in the previous chapter, we assessed the classification performance by plotting the
receiver operating characteristic (ROC) curve and calculating the area under the ROC
curve (AUC). Furthermore, the classification performance was also evaluated in terms
of Matthews correlation coefficient (MCC), binary classification accuracy (Q2 ), sensitivity (Se), specificity (Sp), positive predictive value (PPV), and negative predictive
value (NPV). These measures were calculated as given in Equations 2.1–2.6 from the
confusion matrix of true positives (TP), true negatives (TN), false positives (FP), and
false negatives (FN). TP and TN were defined as the numbers of correctly predicted
disease-causing variants and correctly predicted neutral variants, respectively. FP and
FN were defined as the numbers of neutral variants predicted as disease-causing and
disease-causing variants predicted as neutral, respectively.

7.2

Results

We first examined the ability of each of the proposed predictive features to discriminate
between the disease-causing and neutral frameshifting (FS) indels. Second, we identified
a well-performing combination of features using feature selection and cross-validation
on the FS indels dataset. Next, we verified the performance of the new method in an
independent test on the HGMD+SIFT FS indels dataset. We also investigated which
features were the most significant for the two different datasets of FS indels. Finally,
we applied our method to a dataset of nonsense (NS) mutations.

7.2.1

Single feature performance on the FS indels dataset

We examined the ability of each of the 36 individual predictive features (listed in Table 7.1) to discriminate between the disease-causing and neutral FS indels. Table 7.3
ranks the ten best performing features and their best performing encoding methods
according to the area under the receiver operating characteristic curve (AUC) along
with other measures including Matthews correlation coefficient (MCC) and binary classification accuracy (Q2 ). The top three most discriminative features were the fraction
of highly conserved DNA positions with an AUC of 0.83, followed by the minimum
protein conservation calculated as Shannon entropy (AUC of 0.74), and the ratio of the
number of non-synonymous (Ka) and synonymous (Ks) substitutions in a given gene
(AUC of 0.74). Other important features were sequence conservation scores based on
the position-specific scoring matrix (PSSM) and hidden Markov model profiles from
HHblits, features related to RNA splicing (number of exons and relative exon number),
protein structural features (predicted coil probability and relative accessible surface
area), and the fraction of translatable transcripts.
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Figure 7.2: Distributions of DNA conservation, protein conservation (Shannon
entropy), Ka/Ks ratio, and number of exons. The figure depicts the distributions of (a)
conserved DNA bases (phyloP conservation score > 2.5) within a window of 40 bases before
the indel site and all bases after the indel site, (b) minimum of protein conservation calculated
as Shannon entropy (scaled so that 1 means the highest conservation) within a window of 5
residues before the indel site and all residues after the indel site, (c) Ka/Ks mutation ratio for
the whole gene, and (d) minimum number of exons of all transcripts (splice isoforms) of a gene.
Table 7.3: The ten most discriminative predictive features for the FS indels dataset

Feature (encoding method)a

AUCb

MCCb

Q2 b

DNA conservation (H 2.5 )
protein conservation (SE) (min)
Ka/Ks ratio
number of exons (min)
PSSM conservation (min)
HHblits match to deletion (avg)
coil probability (max)
relative exon number (min)
relative accessible surface area (min)
fraction of translatable transcripts

0.83
0.74
0.74
0.68
0.67
0.67
0.65
0.65
0.65
0.64

0.54
0.39
0.40
0.32
0.30
0.29
0.23
0.36
0.24
0.29

0.77
0.69
0.70
0.63
0.65
0.65
0.60
0.68
0.62
0.65

a For

definitions of the encoding methods see Section 7.1.1; SE denotes Shannon entropy.
area under the receiver operating characteristic curve, MCC: Matthews correlation coefficient,
Q2 : binary classification accuracy.
b AUC:
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Figure 7.2 depicts the distributions of the top four features [DNA conservation,
protein conservation (Shannon entropy), Ka/Ks ratio, and number of exons] for diseasecausing and neutral FS indels. Disease-causing indels occurred more frequently within
regions with higher fractions of conserved DNA bases (Figure 7.2a), with higher minimal
protein conservation scores (Figure 7.2b), and in genes with low Ka/Ks ratios (i.e.,
fewer mutations that change amino acid residues) (Figure 7.2c). Interestingly, genes
comprising only a single exon constituted a significantly higher fraction of neutral indels
than disease-causing, while disease-causing indels prevailed for genes with more than six
exons (Figure 7.2d). The results summarised in Table 7.3 and Figure 7.2 demonstrate
that sequence conservation in different forms and at different molecular levels (DNA or
protein) yielded the best discrimination of disease-causing FS indels.

7.2.2

Feature selection and cross-validation with the FS indels dataset

We employed the support vector machine (SVM) and greedy sequential forward floating selection (SFFS) algorithms to select a well-performing subset from 54 diverse feature+encoding pairs (listed in Table 7.2). We utilised ten-fold cross-validation on the
FS indels dataset to optimise the SVM parameters and evaluate the performance of our
method. Table 7.4 lists the eight features selected by SFFS. These features included
the three best features from our single-feature experiment from the previous section:
DNA conservation, protein conservation (Shannon entropy), and Ka/Ks ratio. Four
additional features were related to the top ten features from Table 7.3, namely the
PSSM conservation (average and fraction of highly conserved residues), and fractions
of translatable and unaffected transcripts. One new feature was the minimum of the
predicted disorder probability within the lost-sequence window (5 residues before the
indel site and all residues after the indel site). Most of these features reflected either
the local conservation in sequence (DNA and protein) and structure (protein), or the
global conservation of a gene (Ka/Ks ratio). For convenience, we refer to the final SVM
model encompassing these eight features as the DDIG-in (FS) method.
Table 7.4: Eight predictive features selected for DDIG-in (FS) and DDIG-in (NS)

DDIG-in (FS)

DDIG-in (NS)
(H 2.5 )

DNA conservation
PSSM conservation (avg)
protein conservation (SE) (min)
PSSM conservation (Hg1.0 )
Ka/Ks ratio
fraction of translatable transcripts
fraction of unaffected transcripts
disorder probability (min)

DNA conservation (avg)
HHblits match to match (H 0.9 )
Ka/Ks ratio
PSSM conservation (avg)
HHblits neffd (min)
helix probability (Hg0.1 )
unaffected transcripts fraction
sheet probability (Hg0.8 )

The encoding method for each feature is given in parentheses (see Section 7.1.1 for their definitions).
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Table 7.5 summarises the prediction performance of DDIG-in (FS) on the FS indels
dataset. DDIG-in (FS) yielded an AUC of 0.87 and MCC of 0.59. Sensitivity and
specificity reached 86% and 72%, respectively. While the DNA conservation feature
performed quite well on its own (Table 7.3), DDIG-in (FS) still yielded an improvement
of 0.04 (5%) for AUC and 0.05 (9%) for MCC. Figure 7.3a compares the performance
of DDIG-in (FS) with the performance of the top three features in terms of receiver
operating characteristic (ROC) curves.
We also compared the performance of our method with two other currently available
methods: SIFT Indel (Hu & Ng 2012) for predicting damaging FS indels and CADD
(Kircher et al. 2014), which is a general framework capable of predicting any type of
deleterious genetic variations. We used the publicly available web-servers of the two
methods to predict FS indels in our dataset. Our method achieved AUC improvements
of 0.25 (40%) and 0.13 (18%) when compared to SIFT Indel and CADD (Table 7.5,
Figure 7.3a), respectively. The respective improvements for MCC were 0.30 (103%)
and 0.21 (55%). All three methods performed reasonably well in identifying diseasecausing indels (reaching sensitivities of 79% to 92%), whereas specificity (accuracy on
neutral indels) was low for SIFT Indel and CADD (29% and 59%, respectively) but
high for DDIG-in (FS) (72%).

7.2.3

Independent test with the HGMD+SIFT FS indels dataset

SIFT Indel was trained on disease-causing indels from the same source (HGMD) as
our method, however, neutral indels were derived from pairwise alignments of six mammalian species to the human genome. We employed the HGMD+SIFT FS indels dataset
as an independent test of our method as well as for a validation of using the variaTable 7.5: Performance of DDIG-in (FS) (both ten-fold cross-validation and independent test), SIFT Indel, and CADD on the two FS indels datasets

MCCa

Q2 a

Sea

Spa

PPVa NPVa

0.29
0.38
0.59 ± 0.013c

0.63
0.69
0.79

0.92
0.79
0.86

0.29
0.59
0.72

0.60
0.69
0.78

0.77
0.71
0.82

HGMD+SIFT FS indels dataset
SIFT Indel
0.86
0.61
CADD
0.74
0.38
DDIG-in (FS)d 0.85 ± 0.001c 0.58 ± 0.003c

0.80
0.69
0.78

0.85
0.73
0.86

0.76
0.64
0.70

0.78
0.67
0.74

0.83
0.71
0.84

Method

AUCa

FS indels dataset
SIFT Indel
0.62
CADD
0.74
DDIG-in (FS)b 0.87 ± 0.006c

a AUC:

area under the receiver operating characteristic curve, MCC: Matthews correlation coefficient,
Q2 : binary classification accuracy, Se: sensitivity (recall), Sp: specificity, PPV: positive predictive
value (precision), NPV: negative predictive value.
b Ten-fold cross-validation result (sequence similarity below 30% for any two folds).
c Standard deviation for DDIG-in (FS) over 100 replications of random sampling of the disease-causing
FS indels (see Section 7.1.5).
d Independent test result after training DDIG-in (FS) on the FS indels dataset.
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Figure 7.3: Receiver operating characteristic curves of DDIG-in (FS), SIFT Indel,
CADD, and the top three features for the FS indels and HGMD+SIFT FS indels
datasets. The true positive rate is shown as a function of the false positive rate at different
prediction thresholds. The top three features were the DNA conservation, protein conservation
(Shannon entropy), and Ka/Ks ratio. (a) FS indels dataset: DDIG-in (FS) is a ten-fold crossvalidation result. (b) HGMD+SIFT FS indels dataset: DDIG-in (FS) is an independent test
result. Essentially the same performance of DDIG-in (FS) and SIFT Indel on the HGMD+SIFT
FS indels dataset indicates the robustness of DDIG-in (FS) because SIFT Indel’s features, unlike
those of DDIG-in (FS), were optimised for this dataset.

tions from the 1,000 Genomes Project as our neutral training dataset. DDIG-in (FS)
yielded essentially the same performance in the independent test as in the ten-fold crossvalidation, reaching an AUC and MCC of 0.85 and 0.58, respectively, compared to 0.87
and 0.59 for the cross-validation (Table 7.5). CADD also retained the same (low) performance (0.74 for AUC, 0.38 for MCC), indicating that both CADD and DDIG-in (FS)
are robust. However, SIFT Indel had a much better performance on the HGMD+SIFT
FS indels dataset (MCC of 0.61) than on the dataset with the neutral indels from the
1,000 Genomes Project (MCC of 0.29), indicating that SIFT Indel may have over-fit for
indels from its own training dataset. Figure 7.3b compares DDIG-in (FS) with SIFT
Indel, CADD, and the top three features in terms of ROC curves for the HGMD+SIFT
FS indels dataset. Interestingly, DDIG-in (FS) yields more significant improvements
on this dataset than on the training FS indels dataset when compared with the best
single feature (DNA conservation). The improvements were 0.10 (13%) for AUC and
0.14 (32%) for MCC.

7.2.4

Significance of the selected features

The DDIG-in (FS) model comprised eight features selected with the SFFS algorithm.
We found that our new method performed robustly in ten-fold cross-validation (FS indels dataset) as well as in an independent test (HGMD+SIFT FS indels dataset). We
inspected which features contributed the most to this robust performance by measuring
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Figure 7.4: Feature significance of the individual features of DDIG-in (FS) evaluated on the FS indels and HGMD+SIFT FS indels datasets. The significance of each
feature was calculated as the relative (%) decrease in the area under the receiver operating characteristic curve (AUC) after removing the feature in question from the DDIG-in (FS) model.
The abbreviations of the features are as follows, DisoP: disorder probability (min), UnaffT:
fraction of unaffected transcripts, PssmC2 : PSSM conservation (Hg1.0 ), Ka/Ks: Ka/Ks ratio,
TransT: fraction of translatable transcripts, PcSE: protein conservation (SE) (min), PssmC1 :
PSSM conservation (avg), DnaC: DNA conservation (H 2.5 ).

the feature significance as a relative (%) decrease in the prediction performance, calculated as the area under the ROC curve (AUC), upon removing the feature in question
from the DDIG-in (FS) model. Figure 7.4 plots the feature significance for each of the
eight features for the two different datasets. As expected, for the FS indels dataset, the
DNA conservation was the most significant feature, followed by the average of PSSM
conservation and the minimum protein conservation (Shannon entropy). In fact, these
three features were the first ones to be selected by SFFS in this same order.
When we analysed the eight features using the HGMD+SIFT FS indels dataset,
there was a very different distribution of the feature significance. The three least
significant features on the FS indels dataset were the most significant ones on the
HGMD+SIFT FS indels dataset. These feature were the fraction of conserved residues
based on PSSM, minimum of disorder probability, and fraction of unaffected transcripts.
This result demonstrates that the reason for the robust performance of DDIG-in (FS)
is the combination of diverse features including sequence conservation in different forms
(DNA, PSSM, Shannon entropy), structural properties (disorder probability), as well
as features related to RNA splicing (fraction of unaffected transcripts).

7.2.5

Independent test with the NS mutations dataset

To further test the robustness of DDIG-in (FS), we employed the NS mutations dataset
(sequence similarity below 30% to the FS indels dataset). NS mutations can be used as
an independent test for DDIG-in (FS) because a premature termination codon (PTC)
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has a similar effect as a randomised sequence induced by a FS indel. In this test,
DDIG-in (FS) yielded an AUC of 0.70 and MCC of 0.31 (Table 7.6). This is a considerably worse performance than for the FS indels (AUC of 0.87 and MCC of 0.59).
The performance of CADD also decreased significantly when compared to FS indels.
CADD’s MCC value was 0.38 for FS indels but only 0.17 for NS mutations.
To examine what was responsible for the decrease in the prediction performance,
we built a dedicated method for NS mutations by using the NS mutations dataset
for feature selection and ten-fold cross-validation as we did for DDIG-in (FS). This
procedure resulted in a combination of eight features (listed in Table 7.4) selected for
the final SVM model, which we refer to as DDIG-in (NS). DDIG-in (NS) achieved an
AUC of 0.72 and MCC of 0.33, which were only marginally higher (both increased by
0.02) than the AUC and MCC of DDIG-in (FS) (Table 7.6). This result indicates that
DDIG-in (FS) is robust and performed well in this stringent test.
One possible reason for the poorer performance on the NS mutations dataset is that
some of the putatively neutral NS mutations may be in fact disease-causing. To examine
this possibility, we removed the rare neutral NS mutations with allele frequencies (AF)
≤ 0.05% (2,717 removed) and ≤ 0.1% (3,165 removed), resulting in 1,144 and 696 neutral
mutations, respectively. The performance of DDIG-in (NS) then improved considerably
with respective AUC improvements from 0.72 to 0.79 and 0.82 as shown in Table 7.6.
DDIG-in (FS) yielded similar improvements. In fact, DDIG-in (FS) and DDIG-in (NS)
achieved exactly the same MCC and AUC values when neutral variants with AF ≤ 0.1%
were removed. Figure 7.5 depicts the comparison in terms of ROC curves when neutral

Table 7.6: Performance of DDIG-in (FS) (independent test), DDIG-in (NS) (tenfold cross-validation), and CADD for discriminating NS mutations

Q2 a

Sea

Spa

PPVa NPVa

All neutral variants from the NS mutations dataset
CADD
0.60
0.17
0.57
b
b
DDIG-in (FS) 0.70 ± 0.001
0.31 ± 0.002
0.64
DDIG-in (NS) 0.72 ± 0.003b 0.33 ± 0.003b 0.66

0.84
0.86
0.72

0.30
0.41
0.60

0.55
0.59
0.64

0.65
0.75
0.69

Neutral variants with allele frequency > 0.05%
CADD
0.67
0.26
0.74
DDIG-in (FS) 0.79 ± 0.001b 0.42 ± 0.002b 0.80
DDIG-in (NS) 0.79 ± 0.002b 0.43 ± 0.006b 0.81

0.84
0.88
0.91

0.42
0.53
0.47

0.83
0.86
0.85

0.44
0.57
0.62

Neutral variants with allele frequency > 0.1%
CADD
0.70
0.28
0.78
DDIG-in (FS) 0.82 ± 0.001b 0.43 ± 0.002b 0.85
DDIG-in (NS) 0.82 ± 0.002b 0.43 ± 0.007b 0.86

0.84
0.92
0.92

0.47
0.50
0.50

0.90
0.91
0.91

0.35
0.53
0.53

Method

a AUC:

AUCa

MCCa

area under the receiver operating characteristic curve, MCC: Matthews correlation coefficient,
Q2 : binary classification accuracy, Se: sensitivity (recall), Sp: specificity, PPV: positive predictive
value (precision), NPV: negative predictive value.
b Standard deviation for DDIG-in (FS) (independent test) and DDIG-in (NS) (cross-validation) over
100 replications of random sampling of the disease-causing NS mutations (see Section 7.1.5).
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Figure 7.5:
Receiver operating characteristic curves of DDIG-in (FS),
DDIG-in (NS), CADD, and the top three features on the NS mutations dataset.
The true positive rate is shown as a function of the false positive rate at different prediction
thresholds. The top three features were the DNA conservation, protein conservation (Shannon entropy), and Ka/Ks ratio. For clarity, the figure shows results when the neutral variants
with allele frequencies ≤ 0.1% were removed. DDIG-in (FS) is an independent test result,
whereas DDIG-in (NS) is from ten-fold cross-validation. Essentially the same performance of
DDIG-in (FS) and DDIG-in (NS) indicates the robustness of DDIG-in (FS).

variants with AF ≤ 0.1% were excluded. DDIG-in (FS) continues to outperform CADD
for NS mutations while having a similar ROC curve as DDIG-in (NS). This further
confirms the robust performance of DDIG-in (FS).

7.2.6

Independent test by allele frequency

Allele frequency (AF) should generally reflect the fitness of the allele with respect to its
intended biological function (Marth et al. 2011). Figure 7.6 plots the average of log10
disease probability as a function of the average of log10 AF for the 580 neutral FS indels
and 3,861 neutral NS mutations from our two datasets. AFs were grouped into 12 bins so
that each bin contained at least 100 variants. The disease probabilities were predicted
with DDIG-in (FS) for both FS indels and NS mutations. As expected, there was a
strong negative correlation (Pearson correlation coefficient of −0.93). This means that
our method tends to predict higher disease probabilities for lower allele frequencies in
the general population. The correct trend obtained here provides another independent
validation of DDIG-in (FS).

7.3

Discussion

We developed a machine learning method called DDIG-in (FS): Detecting DIseasecausing Genetic variations that can predict disease probability for both frameshifting
(FS) indels and nonsense (NS) mutations. For FS indels, DDIG-in (FS) has a consistent
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Figure 7.6: Average log10 disease probability as a function of average log10 allele
frequency for the neutral FS indels and NS mutations. Disease probabilities of both FS
indels and NS mutations were predicted with DDIG-in (FS), the average being calculated for
each of 12 allele frequency bins (at least 100 variants in each bin). The black line is the linear
regression fit. A strong negative correlation (Pearson correlation coefficient of −0.93) indicates
that variants with higher predicted disease probabilities were negatively selected.

performance with an MCC of 0.59 in ten-fold cross-validation and 0.58 in an independent test. Its performance for NS mutations matches that of DDIG-in (NS) directly
trained for the purpose. Predicted disease probabilities for neutral variants from the
1,000 Genomes Project are supported by a strong negative correlation with the allele
frequencies of these variants (correlation coefficient of −0.93).
We have employed several techniques to minimise the possibility of over-fitting. To
avoid over-fitting in a particular group of genes, we used a sequence identity threshold
(30%) to remove redundant sequences in the disease-causing FS indels dataset. For
the ten-fold cross-validation, we ensured that no two folds shared similar sequences
(the same approach as we used for building the method for the prediction of stability
changes in the previous chapter). We replicated our experiments 100 times with ten
randomly generated folds while maintaining the ratio between the disease-causing and
neutral variants. This strict cross-validation coupled with the sequential forward floating
feature selection (Pudil et al. 1994) led to a robust performance in independent testing.
Our method differs from two other available methods, SIFT Indel (Hu & Ng 2012)
and CADD (Kircher et al. 2014), in training. CADD was trained with disease-causing
variants from a genome-wide simulation of de novo germline mutations and neutral
variants between human and inferred human-chimpanzee common ancestral genomes.
SIFT Indel was trained with disease-causing FS indels from the Human Gene Mutation Database (HGMD) and neutral variants between human and orthologous animal
genes. By contrast, both disease-causing and neutral indels for training DDIG-in (FS)
were from known human variations (HGMD and 1,000 Genomes Project, respectively).
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Interestingly, the consistent performance of DDIG-in (FS) on the indels derived from
orthologous animal genes (HGMD+SIFT FS indels dataset) indicates for the first time
that neutral human variants can be reasonably represented by functional animal orthologs. Our method also differs from previous techniques by utilising features from
predicted structural properties of proteins. Although all three methods rely heavily
on DNA conservation scores, DDIG-in (FS) significantly outperformed SIFT Indel and
CADD probably because SIFT Indel may have over-fit for its own training dataset (Table 7.5) and CADD attempted to develop an all-purpose method for all types of genetic
variations.
The three most prominent features in our method were all related to sequence
conservation (Table 7.3). In agreement with SIFT Indel (Hu & Ng 2012), the DNA
conservation was the single-most important feature, while those features based on
predicted structural properties of proteins were significantly less discriminative. By
comparison, the most discriminative feature for non-frameshifting (NFS) indels (Zhao
et al. 2013) was the disruption of structured regions predicted by protein disorder predictor SPINE-D (Zhang et al. 2012). This highlights the difference between the local
sequence disruption induced by NFS indels and the global sequence disruption induced
by FS indels and NS mutations. Indeed, the direct application of DDIG-in (FS) to a
NFS indels dataset results in a significantly poorer performance, MCC of 0.42 compared
to 0.68 by Zhao et al. (2013).
In this work, we assumed that FS indels and NS mutations identified by the 1,000
Genomes Project (McVean et al. 2010) are neutral. While this assumption is not unreasonable, our datasets might contain false negatives (disease-causing variants labelled
as neutral). Indeed, rare neutral NS mutations with allele frequency (AF) ≤ 0.1% have
led to a poorer performance of CADD, DDIG-in (FS), and DDIG-in (NS) (Table 7.6).
By comparison, AFs of all neutral FS indels are found to be ≥ 0.3% in the FS indels
dataset. Nevertheless, removing the neutral FS indels with AF ≤ 1% can further improve the performance of DDIG-in (FS) by increasing the MCC value from 0.59 to 0.63
(increase of 8%).
Interestingly, we found that cross-validating DDIG-in (NS) only with NS mutations
with AF > 0.1% yielded an AUC of 0.76. However, if all neutral variants were used for
training and the evaluation was restricted only to the variants with AF > 0.1%, the AUC
improved to 0.82 (increase of 8%). Thus, the benefit resulting from a larger training
dataset outweighs the potential for false negatives for some rare neutral variants. Similar
behaviour was observed for NFS indels (Zhao et al. 2013).
Utilising variants from the 1,000 Genomes Project as our neutral datasets was further supported by the consistent performance of DDIG-in (FS) for the neutral variants derived from animal orthologs from the SIFT Indel training dataset. Moreover, a
strong negative correlation between average AF and the predicted disease probability
(Figure 7.6) was observed for neutral variants in the absence of any training.
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7.4

Conclusions

A frameshifting indel or nonsense mutation can cause a significant change in a protein
sequence and lead to a disease. Despite their importance, there have been few studies
dedicated to distinguishing disease-causing from neutral effects of these genetic variants.
In this chapter, we reported the first machine learning method which was both built
and validated with independent tests on disease-causing and neutral datasets derived
entirely from human genomes. The method significantly outperformed SIFT Indel,
which is based on neutral indels from animal functional orthologs to human genes, and
CADD, which is a generic method for all types of genetic variants. The improvement
yielded by our method, DDIG-in (FS), represents a significant step towards automatic
prioritisation of human genetic variations, a key component of personalised medicine.
A web-server implementing DDIG-in (FS) for detecting both frameshifting indels and
nonsense mutations is available at http://sparks-lab.org/ddig.
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Conclusions
This thesis focused on the sequence-based prediction of stability and functional changes
induced by protein mutations. The main idea behind this work is that these changes can
be predicted with a machine learning approach by modelling the mutation in question
with evolutionary conservation and structural properties approximated from the protein
sequence alone. Therefore, our methods can predict stability and functional changes
without the knowledge of the three-dimensional structure of a protein. Such sequencebased methods have a significantly wider area of application since three-dimensional
structures are available only for a fraction of known protein sequences. This chapter
summarises the contributions and discusses potential future directions of our research.

8.1

Contributions

We implemented our methods with one of the most widely used supervised machine
learning algorithms called the support vector machine (SVM). SVM provides a hyperplane abstraction of the prediction problem where each mutation is represented as a
point in a high-dimensional feature space. We focused our research on improving the
modelling of this feature space for facilitating an efficient prediction with the SVM.
Generally, the ways of improving the feature space are twofold: 1) proposing predictive
features which provide a more discriminative model of a mutation and 2) identifying the
best set of many possible predictive features to build an accurate SVM. We addressed
both of these aspects in this thesis by fulfilling four research aims proposed in Chapter 3
based on the survey of currently available methods. The contributions of this thesis can
be summarised in relation to these aims as follows:
• Defining predictive features based on evolutionary conservation and predicted structural properties for the prediction of stability changes.
We proposed a number of different sequence-based predictive features modelling the
evolutionary conservation and structural properties of the mutated residue. Sequence
conservation had been previously exploited for the prediction of functional changes,
following the observation that functionally important sites tend to be evolutionar119
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ily conserved. We argued that another reason for the existence of conserved regions
is stabilisation of the protein structure. In our work, we demonstrated that evolutionary conservation scores calculated from a multiple sequence alignment of related
sequences reflect this hypothesis. We showed that destabilising mutations prevail in
residues with high sequence conservation. Regarding structural features, we showed
that predicted structural features can classify stability changes with a comparable
accuracy to features derived from experimentally determined protein structures.
Finally, we proposed a prediction method which combines evolutionary conservation
and predicted structural properties with features describing the amino acid identities
of the mutation site environment. We refer to this method as EASE: Evolutionary And Structural Encodings (Folkman et al. 2013). EASE was able to outperform
other currently available methods. We also compared EASE with related work on
a dataset of previously unseen non-homologous proteins which were not part of the
training dataset. Although the prediction accuracy of all methods considerably decreased, EASE still yielded improvements, which can be attributed to the use of the
evolutionary and predicted structural features.
• Investigating how stability changes can be robustly predicted for mutations
in previously unseen non-homologous proteins.
We found that currently available methods, including EASE, could not reliably predict stability changes in previously unseen non-homologous proteins. Therefore, we
proposed EASE-AA: Evolutionary And Structural Encodings with Amino Acid parameters (Folkman et al. 2014a). Compared to EASE, features which resulted in
over-fitting were removed, and the model was further extended with new features
encoding seven physical-chemical properties of the amino acid substitution.
To investigate what causes the low prediction performance for mutations in previously
unseen proteins, we compared EASE-AA, EASE, and two other currently available
methods using three different evaluations: on unseen mutations, unseen residues, and
unseen proteins. We found that there is a correlation among stability changes of
multiple mutations of the same residue/protein in the available experimental data.
The comparison of different evaluations provides experimental evidence that stability
changes prediction methods need to be evaluated by generating the test set and
distinct folds for cross-validation only with proteins with low sequence similarity to
the training set and to the other cross-validation folds. EASE-AA yielded significant
improvements for mutations in unseen residues and unseen proteins.
• Proposing a method that can achieve a balanced performance for different
types of mutations by combining several specialised predictive models.
We found that currently available methods, including EASE and EASE-AA, predict
mutations in exposed residues with a considerably lower accuracy than in buried
residues. Also, mutations in coils tend to be harder to predict than mutations in
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α-helices and β -sheets. Therefore, we proposed a methodology of combing multiple
specialised models to achieve a more balanced prediction performance. We designed
two different methods with multiple models, one based on three different secondary
structure types and the other based solvent accessibility (buried or exposed residues).
Interestingly, we found that the two different methods were complimentary, meaning that by using a consensus of their predictions, further improvements could be
achieved. We refer to the consensus method as EASE-MM: Evolutionary, Amino
acid, and Structural Encodings with Multiple Models (Folkman et al. 2014b, Folkman
et al. submitted ).
As hypothesised, EASE-MM not only outperformed our previous work and other related methods but achieved more balanced results for different types of mutations
based on the accessible surface area, secondary structure, and magnitude of stability
changes. These improvements can be attributed to using multiple models with the
most relevant features selected for a given type of mutation. Therefore, our results
support the presumption that different interactions govern stability changes in the exposed and buried residues and in residues with a different secondary structure. EASEMM not only outperformed other sequence-based methods but performed comparably
with a structure-based physically realistic energy function. Moreover, we found that
the distributions of stability changes predicted with EASE-MM for disease-causing
and putatively neutral mutations are different, and therefore, EASE-MM could be
utilised as one of the predictive features for annotation of disease-causing mutations.
The significance of this finding is that EASE-MM, being a sequence-based method,
can be applied universally to all proteins encoded in the human genome. EASE-MM is
the most accurate and robust method for the prediction of stability changes proposed
in this thesis. A web-server implementing EASE-MM is available at http://sparkslab.org/server/ease.
• Identifying predictive features which can reliably annotate disease-causing
frameshifting indels and nonsense mutations in human genomes.
We proposed a method, DDIG-in (FS): Detecting DIsease-causing Genetic variations (Folkman et al. 2015), for the prediction of disease-causing frameshifting insertions/deletions (FS indels) and nonsense mutations in human genomes. The method
combines sequence and predicted structural features on both nucleotide and protein
levels. The diverse range of features was shown to be the important factor in achieving
a robust performance on three different independent datasets. Another independent
confirmation of the robust performance of DDIG-in (FS) is that the predicted disease probabilities yield a strong negative correlation with allele frequencies of variants
derived from a presumably healthy population from the 1,000 Genomes Project.
Unlike other currently available methods, DDIG-in (FS) was trained and evaluated
entirely on genetic variants derived from human genomes. Interestingly, the accuracy
for predicting nonsense mutations was the same for a method trained with FS indels as
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for a method trained with nonsense mutations. Therefore, DDIG-in (FS) implements
a single model for predicting both FS indels and nonsense mutations. The new
method was able to significantly outperform related work. A web-server implementing
DDIG-in (FS) is available at http://sparks-lab.org/ddig.
Summary
Results of this thesis contribute to a better understanding of how evolutionary sequence
conservation relates to the structural stability of proteins. The new method, EASE-MM,
can be a helpful tool for biologists who are interested in a large-scale analysis of protein
mutagenesis as the in silico approach can be used to prioritise the best candidates for
carrying out the in vitro experiments. Moreover, the predicted stability changes can be
used in conjunction with other computational methods for predicting disease-causing
protein variants.
This thesis also provides a significant contribution to annotation of disease-causing
frameshifting indels and nonsense mutations. Unlike currently available methods which
either provide only mediocre accuracy for this specific types of mutations or fail to
discriminate human variations, our method, DDIG-in (FS), can robustly predict human variants as well as variants found between human and mammalian species. The
improvements yielded by our method represent a significant step towards automatic
prioritisation of human genetic variations, a key component of personalised medicine.

8.2

Future directions

Our research leads to a number of possible future directions for the prediction of
mutation-induced stability and functional changes.
• Improving the consensus of feature-based multiple models
The stability changes prediction method proposed in this thesis (EASE-MM) uses a
simple consensus of two methods with multiple models by calculating an average of
their predictions (each prediction is assigned a consensus weight of 0.5). The two
participating methods predict stability changes by selecting specialised models based
on the predicted accessible surface area (ASA) or secondary structure (SS) of the
mutated residue. This can lead to a sub-optimal performance for cases when the ASA
or SS are predicted incorrectly. A more robust consensus could be achieved by training
a dedicated SVM model which adjusts the consensus weights based on the confidence
scores for the predicted ASA and SS. Presumably, this approach should improve the
prediction accuracy for cases when ASA or SS had been predicted incorrectly.
• Stability changes for the prediction of disease
It has been shown previously that disease-causing mutations are often characterised
by stability changes (Laskowski & Thornton 2008). In Chapter 6, we showed that the
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distributions of predicted stability changes with EASE-MM for disease-causing and
benign mutations are different. Moreover, EASE-MM not only outperformed related
work but yielded a comparable performance to a structure-based energy function.
Being a sequence-based method, EASE-MM is applicable universally to all proteins
encoded in the human genome. Thus, the predicted stability changes can be utilised
as a predictive feature for improving the annotation of disease-causing mutations.
• Feature-based multiple models for the prediction of disease
Our best method for the prediction of stability changes, EASE-MM, achieves a robust performance by combining a number of specialised models for different secondary
structure types and levels of solvent accessibility. This concept works because different interactions govern stability changes in the exposed and buried residues (Gilis &
Rooman 1997) or in residues with a different secondary structure. Similar observations have been made also about pathogenic protein variants (Khan & Vihinen 2007).
Therefore, the concept of the feature-based models proposed in this thesis could also be
applied to the prediction of disease-causing mutations for achieving a more balanced
performance for different types of mutations.
• Predicting the mechanisms of disease
We proposed a method, DDIG-in (FS), which can predict disease probability of
frameshifting insertions/deletions (FS indels) and nonsense mutations. However, the
method cannot predict the mechanism that causes the disease. Recently, Mort et al.
(2014) proposed a method which predicts whether a missense or nonsense mutation causes a disease by means of disrupting pre-mRNA splicing. The methodology
used for implementing DDIG-in (FS) (predictive features and their encoding methods) could be used to build a method for the prediction of disease-causing FS indels
which disrupt pre-mRNA splicing. The approach could be further extended also for
non-frameshifting (NFS) indels.
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