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Genetic variations that lead to changes in amino acid sequences have the ability to cause 
structural and functional changes of proteins. All such variations do not show 
phenotypic effects, so it is important to have classifiers that can classify the disease 
causing variations from neutral to prioritize the experimental study of variants. Large 
number of features associated with variations can be extracted but many of them do not 
contribute to classification instead increase the computational time and sometimes they 
may even deteriorate the classification ability. Feature selection filters out the non-
relevant and redundant features from an input feature set so to obtain a feature subset 
that can induce a model with higher performance. 

615 features that define the physicochemical and biochemical properties of amino acids 
were collected from the AAindex database. Four different feature selection techniques: 
Least Absolute Shrinkage and Selection Operator (LASSO), random forest, Random 
Forest Artificial Contrast with Ensembles (RF-ACE) and Area Under the ROC Curve of 
Random Forest (AUCRF) were applied to select the most relevant features for 
classification of variations. The classification abilities of the feature subsets, selected by 
different approaches, were compared. 7 features that can represent 615 input features 
were selected. The selected feature subset takes less computational time and has slightly 
better classification ability compared to the whole feature set. 

Feature selection is an effective tool in machine learning to reduce the number of 
features and thus reduce the computational time. Application of feature selection can 
also increase the performance of the model. 
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1 Introduction 

The substitution of a nucleotide by another is known as single nucleotide 

polymorphism (SNP). SNP causes the changes in the genotype of an organism. Single 

amino acid variation is the substitution of an amino acid in a protein sequence. This 

may be caused by substitution of single or multiple nucleotides. Changes in amino 

acid sequence may cause structural and functional changes of protein leading to 

diseased state in individual. All single amino acid variations do not show the 

phenotypic effects. Experimental studies to classify the single amino acid variations 

are expensive and hence cannot be performed for all single amino acid variations. 

Computational methods that can classify the disease causing and neutral single amino 

acid variations are important to prioritize the variants for experimental studies. 

Pattern recognition attempts to build algorithms capable of constructing methods that 

can distinguish between different classes based on their differentiating patterns (Yom-

Tov, 2004). The pattern recognition algorithms use the features to construct the 

patterns of the classes. Large number of features that are associated with genetic 

diseases, protein structures and protein sequences can be extracted. Only a fraction of 

the features contribute to pattern recognition while others are either redundant or non-

relevant. Selecting the relevant and non-redundant features and discarding all other 

features for pattern recognition saves computational time and memory. 

Feature selection is a technique of obtaining a feature subset that can describe the data 

for a learning task as good as or better than the original feature set. In supervised 

learning, the training data is used to induce a classifier which can be used to classify 

the future unseen instances. Theoretically, in the learning process, the larger data 

should induce a better classifier. Practically this is always true only in case of the 

number of instances but it is not always true in case of number of features. The 

induction process suffers from the “curse of dimensionality” when the number of 

features is very large (Kojadinovic and Wottka, 2000; Gutierrez-Osuna, 2002). A 

proportion of the features may be irrelevant or redundant, increasing the 

computational time and reducing the learning efficiency. 
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The high dimensional nature of data in bioinformatics modeling tasks has increased 

the essentiality of feature selection techniques in the field (Saeys et al., 2007). Feature 

selection has been widely used in microarray data analysis (Dudoit et al., 2002; Li et 

al., 2004; Wang et al., 2005; Mamitsuka, 2006). Feature selection has also been 

applied in model building for protein function prediction (Zavaljevski et al., 2002; Al-

Shahib et al., 2005), mRNA classification (Chuzhanova et al., 1998), promoter 

classification (Conilione and Wang, 2005), etc. Despite being used so widely in 

bioinformatics, systematic feature selection has not yet been implemented in single 

amino acid variation classification tasks. The amount of single amino acid variation 

data is increasing day by day in the web. This has attracted researchers in building 

models for functional classification of such variants into pathogenic or neutral. 

Applying feature selection techniques, most relevant features can be identified and 

highly reliable classification models can be built. 

This thesis work applies feature selection methods to obtain most relevant features for 

building single amino acid variation classification models. Different feature selection 

algorithms are applied to this problem and their performances are compared. In 

addition, the distribution of single amino acid variation is also studied. 
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2 Theoretical background 

2.1 Single amino acid variation 

About 90 % of the sequence variants in human are differences in the single bases of 

DNA (Collins et al., 1998). These single base differences are called single nucleotide 

polymorphisms (SNPs). The substitution of nucleotide may or may not lead to the 

change in the amino acid. This is because the genetic codes are degenerate; a single 

amino acid may be coded by more than one set of genetic codes. If a SNP leads to a 

change in amino acid, then it is termed as non-synonymous SNP (nsSNP) or single 

amino acid variation. A single amino acid variation can also occur due to multiple 

nucleotide substitutions in a codon. The number of possible nsSNPs that can be 

attained by single nucleotide substitution is 150 (Wong et al., 2007). Other 

combinations of amino acid substitutions require more than one single nucleotide 

substitution and are less frequent. Large amount of SNP data are now available in 

public databases such as UniProt (Magrane and Consortium, 2011), dbSNP (Sherry et 

al., 2001), HGVBASE (Fredman et al., 2004), PhenCode (Giardine et al., 2007) and 

IDbases (Piirilä et al., 2006). Some nsSNPs alter the function or structure of the 

protein, consequently leading to serious effects in the individual while others do not 

show any phenotypic changes and are neutral. If the changes occur in the functional or 

structural sites, the variation is more likely to affect the protein function. The number 

of SNPs being reported in the databases is increasing and it is not possible to study all 

of them. So, prioritizing them by using computer prediction methods may be useful 

(Ng and Henikoff, 2001). 

Several studies have attempted to predict whether a variation affects protein function 

and is thereby probably disease-related or not. Some earlier methods were based on 

empirical rules and probabilistic models while the recent methods are based on 

machine learning techniques (Barenboim et al., 2008; Hu and Yan, 2008). These 

methods use decision trees (Dobson et al., 2006), random forests (Bao and Cui, 2005), 

neural networks (Bromberg and Rost, 2007)  and support vector machines (Bao and 

Cui, 2005; Ye et al., 2007). Some methods use the sequence features of the protein 

while others use structural features. SIFT (Sorting intolerant from tolerant) (Ng and 
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Henikoff, 2001), PANTHER (Protein analysis through evolutionary relationships) 

(Thomas and Kejariwal, 2004), SNAP (Screening for non-acceptable polymorphisms) 

(Bromberg and Rost, 2007) and some other methods (Tian et al., 2007; Hu and Yan, 

2008) are based on evolutionary data. SNPs&GO (Calabrese et al., 2009) utilize gene 

ontology features in addition to features derived from local sequence environment, 

sequence alignment and result of PANTHER in order to predict the functional effects 

of the nsSNPs. Some methods (Barenboim et al., 2008) utilize the structural features 

to predict the effect of nsSNPs. There are other methods (Dobson et al., 2006; Ye et 

al., 2007) that utilize both structural and sequence features to classify the nsSNPs. 

Pathogenic-or-Not Pipeline (PON-P) (Olatubosun et al., 2011) integrates five other 

predictors to classify the nsSNPs. The limitation of using the structural features is that 

they are not applicable when the protein structures are unknown. 

2.2 Pattern recognition 

Pattern recognition is a field that attempts to build algorithms capable of automatically 

constructing methods for distinguishing between different exemplars, based on their 

differentiating patterns (Yom-Tov, 2004). Pattern recognition can be divided into 

supervised and unsupervised pattern recognition. In supervised pattern recognition, 

the training data consists of training patterns along with their labels and the task is to 

generalize the pattern of the labels in the training data. Depending on the labels, 

supervised task can be divided into classification and regression. In classification, the 

labels of training data are among different mutually exclusive classes while in 

regression; the labels of training data are specific values. In case of unsupervised 

pattern recognition, the labels are not provided and the task is to find a good partition 

of the data into clusters (Yom-Tov, 2004). 

A pattern is an entity that is represented by a set of measurements or features (Estevez 

et al., 2009; García-Laencina et al., 2010). Features are the characteristics of the 

observations for a given problem. Usually, there is large number of features in 

bioinformatics studies. For example in microarray data, there are thousands of genes 

being studied. The large number of features in bioinformatics is because of the 

complex systems of interactions between genes. A single condition or state is resulted 

by contribution of different factors. To have better predictions, the features are 
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collected so that they represent all possibly related factors. Some features may have 

higher contribution while others may offer marginal or no contribution. 

For classification of variation, large number of features can be extracted. But all of the 

features do not contribute for the variation to cause disease. Some of the features may 

not contribute to the classification while some others may be redundant to other highly 

relevant features. To include such features in pattern classification contributes nothing 

except increasing the dimension of data and the computation time. High 

dimensionality creates the problem of “curse of dimensionality”. In bioinformatics, 

the other problem is the insufficient data for pattern recognition. As the number of 

features increases, the number of training examples must grow exponentially in order 

to learn an accurate model (Jain et al., 2000; Gutierrez-Osuna, 2002). High 

dimensional data also increase the computation time and memory requirement. So, it 

is essential to perform feature selection to identify the features that can induce a 

classifier with high discriminative power. 

2.3 Feature selection 

Feature selection is a process commonly used in machine learning, wherein a subset of 

the features available from the data is selected for application of a learning algorithm 

(Sewell, 2007). Usually, large amount of noisy and non uniform data are to be dealt in 

various fields of study especially in new and wide fields like bioinformatics. Apart 

from these, the high dimensionality is one of the major problems in the raw data 

analysis in bioinformatics. Dimensionality reduction algorithms like principal 

component analysis (PCA) and partial least squares generate a small feature set that 

represents all the original features. But, these algorithms produce a new set of features 

by combining more than one feature, so the original properties and identities of the 

features are lost (Saeys et al., 2007; Ma and Huang, 2008). In contrast, feature 

selection algorithms do not alter the properties of the original input features. 

The feature selection algorithms can be classified into univariate and multivariate 

methods based on interdependencies of features. The univariate method deals with a 

single feature at a time and interactions between the variables are ignored. On the 

other hand, multivariate methods deal with multiple features and interactions between 

the features are considered (Saeys et al., 2007). Some features that are useless by 
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themselves may be useful in combination with other variables (Guyon and Elisseeff, 

2003) when the interactions between the features are allowed. Because of the high 

dimensionality, the univariate methods are far cheaper in the context of time and 

complexity than the multivariate ones. Chi-squared test, Euclidean distance, 

information gain and t-test based methods are univariate approaches while correlation 

based feature selection, Markov blanket filter (Koller and Sahami, 1996) and 

minimum redundancy maximum relevance are multivariate approaches (Saeys et al., 

2007). 

2.3.1 Feature selection in supervised and unsupervised learning 

Feature selection in supervised learning has been widely implemented in different 

fields of study. In supervised learning, the feature selection algorithms generalize 

models from the input data and identify the most relevant features that are used to 

obtain the best generalization. In unsupervised learning, the main purpose of the 

feature selection is to obtain a feature subset that can be used for clustering purposes. 

The redundant and non-relevant features may deteriorate the performance of 

clustering algorithms. As the optimal feature set depends on the number of clusters, 

the feature selection is more difficult when the number of clusters is unknown (Dy and 

Brodley, 2000). The feature selection techniques in unsupervised learning methods 

have been studied rarely (Dy and Brodley, 2000; Ben-Dor et al., 2001; Law et al., 

2002; Roth and Lange, 2004) compared to supervised learning methods where feature 

selection is widely studied in different research areas. The feature selection in 

unsupervised learning is implemented mainly in text categorization and clustering 

images. 

2.3.2 Feature ranking and subset selection 

Relevance of features is an interlinked term with feature selection. Feature relevance 

has been defined in different ways in the literature. On the basis of relevance, features 

can be classified as highly, weakly and non-relevant. Highly relevant features cannot 

be removed without loss of prediction accuracy; weakly relevant features can 

sometimes contribute to prediction accuracy while non-relevant features can never 

contribute to prediction accuracy (John et al., 1994; Blum and Langley, 1997). A 

number of feature selection algorithms use relevance to score the features. Some 

algorithms give relevance or importance scores of the features as the output, thus 
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providing a basis for ranking the features, while others give the optimal feature subset 

as the output. Based on this criterion, feature selection algorithms can be classified in 

to two categories: 

i) Feature ranking 

Many feature selection algorithms include feature ranking as a principal or auxiliary 

selection mechanism because of its simplicity, scalability, and good empirical success 

(Guyon and Elisseeff, 2003). Feature rankings are simple methods that rank the 

features based on some criteria. Feature ranking is independent of the induction 

algorithm but the ranking performed by some measures may be optimal for some 

specific learning algorithm. Even when the ranking is not optimal, it may be 

preferable to other variable selection methods because of computational and statistical 

scalability (Guyon and Elisseeff, 2003). Some of the feature ranking criteria are 

distance measure, information measure, correlation measure and consistency measure. 

All the input features are assigned a value of relevance score which are then ranked in 

the output. Some of the algorithms perform the feature ranking and give the ranks in 

the output while others make use of the ranks to select optimal feature subset. Some 

popular algorithms that perform feature selection like random forest give the feature 

ranking. As the ranking of the features is given as the output, the user can define the 

threshold and select the optimal number of features according to some requirement. 

Since the relevancies of individual features are calculated, the redundancy and feature 

dependencies are neglected. So, two redundant features that are highly relevant may 

be selected while two features that are useless by themselves but are useful when used 

together may not be selected (Guyon and Elisseeff, 2003). The number of features 

from a ranked list can easily be reduced by eliminating the least important ones (Liu 

and Yu, 2005). 

ii) Subset selection 

Subset selection is a process of finding a subset of the original features of a dataset, 

such that an induction algorithm that is run on data containing only these features 

generates a classifier with the highest possible accuracy (Kohavi and John, 1997). The 

redundancy and interdependencies between the features are evaluated and the non-

relevant and redundant features are excluded from the optimal feature subset (Guyon 
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and Elisseeff, 2003). Optimal feature subset may not be unique because it may be 

possible to achieve same accuracy from different sets of features (Kohavi and John, 

1997) especially when there are many completely correlated features. The features 

from the optimal subset cannot be easily removed (Liu and Yu, 2005).  

The main difference between feature ranking and subset selection is that the features 

are ordered in the former while they have no order in the later (Liu and Yu, 2005). 

Feature ranking does not deal with dependencies between the features while subset 

selection considers feature dependencies. 

2.3.3 Basic steps of feature selection 

Some algorithms focus on one purpose while others focus on the others. So, different 

algorithms are good for different purposes. Although, there are differences in the 

purposes and outputs of the algorithms, most of the algorithms follow similar steps. A 

feature selection algorithm can be divided into four steps. A general feature selection 

process is shown in Fig 3.1. 

Figure 3.1: A unified view of a feature selection process (adapted from Liu et al., 

2010) 
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i) Subset generation 

In the first step, a subset of features is produced for evaluation. The subset generation 

procedure may be complete, sequential or random search. 

Complete search method performs complete search for the optimal subset according to 

the evaluation function used. Exhaustive search is complete but a complete search 

does not need to be exhaustive. Although the order of the search space is O (2N), a 

fewer subsets are evaluated (Dash and Liu, 1997; Liu and Yu, 2005). 

Sequential search has many variations such as sequential forward selection, sequential 

backward elimination and bi-directional selection. These approaches start with zero or 

all features in the selected list and sequentially add or remove one feature at a time but 

there are other methods that add or remove multiple features at a time. The order of 

the search space is O (N2) or less so, these methods are fast (Dash and Liu, 1997; Liu 

and Yu, 2005). 

Random search method starts with random feature subset. It may generate a random 

feature subset in every step or may proceed by sequentially adding or removing 

random features to the initial subset. The search space is of order O (2N) but these 

methods typically search less number of subsets. Optimality of the selected subset 

depends on the resources available (Dash and Liu, 1997; Liu and Yu, 2005). 

ii) Subset evaluation 

The feature subset generated from the first step is evaluated in the second step. The 

evaluation method for every algorithm is different. Each algorithm has its own 

evaluation function that measures the goodness of the subset to be evaluated (Dash 

and Liu, 1997). The goodness measure is compared with the previous best subset and 

the subset with better goodness measure becomes the best subset. 

iii) Termination 

In the termination step, the algorithm checks if the criteria for stopping the algorithm 

is fulfilled. There may be different criteria for terminating an algorithm. Some 

common possible criteria are achievement of evaluation score higher than predefined 

score based on evaluation function, achievement of a predefined number of features, 
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completion of predefined number of iterations, achievement of a subset after which 

addition or removal of features do not produce a better subset (Liu and Yu, 2005). In 

lack of a suitable termination criterion, the algorithm may run exhaustively (Dash and 

Liu, 1997). 

iv) Validation 

The validation is not a part of the feature selection algorithm but it measures the 

goodness of the selected feature set. The validation is performed by calculating the 

performance of the selected feature set on a test set using some machine learning 

algorithm. The test set is a part of the data that has not been used for inducing the 

predictor. The results are also compared to the results of the pre-established methods 

and competing algorithms in the field (Dash and Liu, 1997). 

2.3.4 Classification of feature selection algorithms 

Feature selection algorithms are generally divided into filter, wrapper and embedded 

methods. Filter methods select the features independent of the induction algorithm 

Figure 3.2: Filter, wrapper and embedded feature selection methods (adapted from 

Hilario et al.; 2008) 
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while wrapper methods utilize the induction algorithm that is eventually used to 

induce the classifier. Embedded methods incorporate the feature selection as part of 

the induction process of a classifier. (Kojadinovic and Wottka, 2000; Guyon and 

Elisseeff, 2003; Liu and Yu, 2005; Saeys et al., 2007) General outlines of these three 

methods are shown in Fig. 3.2 and are briefly discussed in the sections below. 

2.3.4.1 Filter methods 

Filter methods for feature selection are based on relevance scores of features. In most 

of the cases, relevance scores for all the features are calculated and low scoring 

features are eliminated (Saeys et al., 2007). As the low scoring features are eliminated, 

only the relevant features are selected and used for training the learning algorithm. 

These feature selection methods are independent of the learning algorithm but one 

may be optimal for specific learning algorithm. The simplest filtering scheme is to 

evaluate each feature individually based on its correlation with the target function and 

then select the k features with the highest value (Blum and Langley, 1997). FOCUS 

(Almuallim and Dietterich, 1991), RELIEF (Kira and Rendell, 1992) and some other 

algorithms (Cardie, 1993; Singh and Provan, 1995b; Koller and Sahami, 1996) apply 

filter methods in combination with different induction algorithms for feature selection. 

A generalized filter algorithm for feature selection is presented in table 3.1. 

Filter methods are computationally cheap and can deal with high dimensional data 

with comparatively less computational time than wrapper methods (Saeys et al., 

2007). These methods are independent of the induction algorithm, so multiple run of 

the induction algorithm is not required. Multiple runs of an induction algorithm with 

the same training samples may overfit the data to the algorithm and eventually the 

algorithm becomes optimistic towards the data. Also, multiple runs are expensive in 

context of time and memory requirement. So, filter methods are fast feature selection 

methods with less complexity (Kojadinovic and Wottka, 2000). 

On the other hand, filter methods ignore the interaction with the classifier therefore; 

the chosen feature selection method may not be optimal for the induction algorithm of 

choice (Kohavi and John, 1997; Saeys et al., 2007). The interactions among the 

features are also ignored in the filter methods. Features those are useless by 

themselves may be important when used together with other features but this idea is 

neglected by filter methods (Guyon and Elisseeff, 2003; Saeys et al., 2007). When 
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there are multiple features that are highly correlated to each other, some filter methods 

like RELIEF selects all the features that have higher relevance than the threshold 

(Kira and Rendell, 1992). The features that are independently and identically 

distributed may not be truly redundant although they seem to be (Guyon and Elisseeff, 

2003). Despite this fact, filter methods ignore true redundancy as well. 

2.3.4.2 Wrapper methods 

Wrapper methods select an optimal or near-optimal feature subset by the application 

of some induction algorithm as a black box. The task of the induction algorithm is to 

induce a classifier that can classify the future instances (Kohavi and John, 1997). A 

search procedure is implemented to generate possible feature subsets. The learning 

algorithm is trained with each feature subset and its performance is measured after 

each training session. The feature subset that gives the best performance is regarded as 

 

input:  D ( F0, F1, ..., Fn−1)   // a training data set with N features 

S0 // a subset from which to start the search 

δ // a stopping criterion 

output: Sbest // an optimal subset 

01     begin 

02           initialize: Sbest = S0; 

03           γbest = eval ( S0, D, M ); // evaluate S0 by an independent measure M 

04           do begin 

05                 S = generate ( D ); // generate a subset for evaluation 

06                 γ = eval ( S, D, M ); // evaluate the current subset S by M 

07                 if (γ is better than γbest) 

08                      γbest = γ; 

09                      Sbest = S; 

10          end until (δ is reached); 

11          return Sbest; 

12     end; 

Table 3.1: A generalized filter algorithm (Liu et al., 2005) 
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the optimal feature subset. The selected optimal features are optimal for specific 

learning algorithm implemented during feature selection procedure. That means, 

starting with the same set of features different induction algorithm may end up with 

different feature subsets. Popular procedures for generating feature subsets in wrapper 

methods include the sequential forward selection (SFS) (Whitney, 1971) and 

sequential backward selection (SBS) (Reeves, 1998). Some other methods for subset 

generation have also been proposed (Langley and Sage, 1994; Singh and Provan, 

1995a). A generalized wrapper algorithm is shown in table 3.2. 

 

Sequential Forward Selection is a feature subset search algorithm which starts with 

empty relevant feature set and adds one candidate feature at a time. Initially, 

individual features are used to induce a classifier each and performances of each of 

them are evaluated. The best single feature that gives the best performance is added to 

relevant feature set. In the next step, another best feature that performs best in 

 

input:  D(F0, F1, ..., Fn−1) // a training data set with N features 

S0 // a subset from which to start the search 

δ // a stopping criterion 

output:  Sbest // an optimal subset 

01     begin 

02           initialize: Sbest = S0; 

03           γbest = eval(S0,D,A); // evaluate S0 by a mining algorithm A 

04           do begin 

05                S = generate(D); // generate a subset for evaluation 

06                γ = eval(S,D,A); // evaluate the current subset S by A 

07                if (γ is better than γbest) 

08                     γbest = γ; 

09                     Sbest = S; 

10             end until (δ is reached); 

11             return Sbest; 

12     end; 

Table 3.2: A generalized wrapper algorithm (Liu et al., 2005) 
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combination with the previously selected feature is selected and added to the relevant 

feature set. Similarly, one feature is added in each step until the addition of new 

feature no longer improves the performance. A modification of SFS, sequential 

forward floating selection (SFFS) method, allows removal of the least contributing 

feature from the feature set. 

Sequential Backward Selection is similar to SFS except that the algorithm starts with 

all features considered as relevant and one feature is eliminated at a time. The feature 

chosen for elimination is the one that leads to the best improvement in the 

performance of the classifier. The features are eliminated sequentially until the 

elimination of any feature leads to a decrease in classification performance. Sequential 

backward floating selection (SBFS) is a modification of SBS which allows the 

addition of the previously eliminated feature provided that the addition of the feature 

increases the performance. 

Wrapper methods are strongly dependent on the induction algorithm. So, it selects the 

optimal feature subset for the specific induction algorithm. The interactions between 

the features are highly considered in the wrapper methods (Saeys et al., 2007). In SFS, 

all the features are added turn by turn to check the performance of the classifier. If n 

features are already in the selected features list at nth step, then the interaction of 

feature added in the nth step with the selected feature subset was less relevant in the 

(n-1)th or earlier steps than the interaction of the features added at those steps. So, the 

feature that performs worst at the first step of SFS may contribute best to the 

performance at some nth step in presence of other features (Guyon and Elisseeff, 

2003). 

On the other hand, there are disadvantages of wrapper methods. The optimal feature 

set is optimal for specific induction algorithm only. Use of the same feature set may 

perform worse or may even fail to generalize for other induction algorithms. The 

induction algorithm is required to run multiple times, so it is computationally 

expensive (Blum and Langley, 1997; Guyon and Elisseeff, 2003). Running the same 

algorithm multiple numbers of times with the same dataset may overfit the algorithm 

towards the data (Saeys et al., 2007). 
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The filter and the wrapper methods both consider the relevance of the features or the 

feature subsets. But they are different in the way the relevance is measured. In filter 

approach, the relevance is measured on the basis of statistical measures and 

dependency between the target and the features while in the wrapper methods, 

relevance is measured in terms of accuracy or the performance of the induction 

algorithm (Kojadinovic and Wottka, 2000). 

2.3.4.3 Embedded methods 

 
Embedded methods incorporate the feature selection step as part of the learning 

process. The weights for all the features are calculated and the relevancies of the 

features are calculated based on the weights. The least relevant feature is removed and 

the induction algorithm is applied to evaluate the accuracy of the features subset. 

Some methods combine with the greedy search methods like backward elimination or 

forward selection while others depend on the objective function (Guyon and Elisseeff, 

2003). Decision trees (Tuv et al., 2009) and some penalized methods like LASSO 

(Tibshirani, 1994) and SVMRFE (Guyon et al., 2002) are examples of embedded 

methods of feature selection. A generalized embedded algorithm is shown in table 3.3. 

Decision trees are one of the most popular methods used for inductive inference 

(Ratanamahatana and Gunopulos, 2002). A decision tree consists of large number of 

branches, nodes, leaves and a root. Each node involves a feature and the branches 

descending from the node correspond to the possible values of the feature 

(Ratanamahatana and Gunopulos, 2002; Sugumaran et al., 2007). Decision tree 

algorithms are known for their ability of detecting the features that are important for 

classification (Grabczewski and Jankowski, 2005). The algorithm starts with the entire 

set of tuples in the training set, selects the best feature that yields maximum 

information for classification and generates a test node for this feature. Then, 

induction of decision trees divides the tuples according to their values of the current 

test feature. The process is iterated until all the tuples in a subset belong to the same 

class. The decision tree usually uses information gain as a measure to select the 

features. The information gain of each of the features is calculated in each step and the 

one with the highest value will be chosen as the test feature (Ratanamahatana and 

Gunopulos, 2002). 
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Embedded feature selection methods possess the advantages of wrapper and the filter 

approaches. Like the wrapper method, the induction algorithm is involved in selecting 

the features. The features directly interact with the classifier and optimal feature set 

for the specific classifier will be obtained. The interactions between the features are 

represented in these methods (Saeys et al., 2007). There is no need of splitting the 

 

input:  D ( F0, F1, ..., Fn−1)   // a training data set with N features 

S0 // a subset from which to start the search 

output:  Sbest // an optimal subset 

01     begin 

02           initialize: Sbest = S0; 

03           c0 = card ( S0); // calculate the cardinality of S0 

04           γbest = eval ( S0, D, M ); // evaluate S0 by an independent measure M 

05           θbest = eval ( S0, D, A ); // evaluate S0 by a mining algorithm A 

06           for c = c0 + 1 to N begin 

07                for i = 0 to N − c begin 

08                     S = Sbest U { Fj}; // generate a subset with cardinality c for evaluation 

09                     γ = eval ( S, D, M ); // evaluate the current subset S by M 

10                     if (γ is better than γbest) 

11                          γbest = γ; 

12                          S’best = S; 

13               end; 

14               θ = eval (S’best, D, A ); // evaluate S’best by A 

15                if (θ is better than θbest); 

16                     Sbest = S’best; 

17                     θbest = θ; 

18                else; 

19                      break and return Sbest; 

20          end; 

21          return Sbest; 

22     end; 

 

Table 3.3: A generalized embedded feature selection algorithm (Liu et al., 2005) 



 

 

17

training data into a training and validation set; the algorithm reaches a solution faster 

by avoiding retraining a predictor from scratch for every variable subset investigated 

(Guyon and Elisseeff, 2003). The selected feature set is highly dependent on the 

induction algorithm so, the features selected by one method may not produce good 

classification models with other classifiers (Saeys et al., 2007). 

2.3.5 Feature selection algorithms used in this study 

i) LASSO 

LASSO (least absolute shrinkage and selection operator) (Tibshirani, 1994) is an 

algorithm that employs regression models for feature selection. Lasso applies the l1 

penalty which tends to set coefficients of some of the features to exactly zero 

(Tibshirani et al., 2010). There are many versions of lasso implementations and LARS 

package (Efron et al., 2004) is one of them. LARS is a less greedy version of forward 

selection methods. The LARS algorithm starts with zero coefficients for all the 

features and finds the feature that has the highest correlation with the response. In the 

next step, the feature is assigned a non-zero coefficient and LARS proceeds in the 

direction of this feature to identify another most correlated feature. After having more 

than one feature, LARS proceeds in an angle that is equiangular between the selected 

features until another feature is identified (Efron et al., 2004). If B is a lasso solution 

at any instance, then the sign of any non-zero coordinate of B must agree with the sign 

of current correlation else the feature is removed from the solution (Efron et al., 

2004). In case of LARS, the sign agreement is not restricted. Therefore, lasso gives an 

output with limited number of features with non-zero coefficients. 

Another implementation of lasso is available in package glmnet (Friedman et al., 

2009). This package consists of implementation of ridge regression, lasso and elastic 

net. The main difference in these three implementations is the value of elastic-net 

penalty (Pα) which ranges from α=0 for ridge regression penalty to α=1 for lasso 

penalty. The elastic-net condition lies between these two cases. The elastic-net penalty 

is particularly important at cases when the number of features is very large as 

compared to the number of cases or at situations where there are many correlated 

features (Friedman et al., 2009). So, handling of correlated features is different in 

ridge regression and lasso. In ridge regression, the coefficients of the correlated 

features shrink towards each other so that they share the strength. If k features are 
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correlated and β be the coefficient obtained by one of them when used alone then, 

each feature obtains a coefficient equal to 1/k times β when used together. The 

redundant features are thus not removed and a highly relevant feature may get 

surprisingly low coefficient. When a set of correlated features are introduced and lasso 

penalty is implemented, it selects one of the features and assigns zero coefficients to 

rest of the features. 

ii) Random forest 

A random forest is a classifier consisting of a collection of tree-structured classifiers { 

h ( x,Θk ), k = 1, . . .} where the {Θk } are independent identically distributed random 

vectors and each tree casts a unit vote for the most popular class at input x (Breiman, 

2001). It relies on “ensemble learning” for regression and classification tasks. A 

multiple of classifiers are generated and their results are aggregated. Random forest 

builds a forest of random decision trees and votes from all the trees are used to classify 

a test sample. 

Each tree in the forest is trained using a bootstrap dataset and each split in the tree is 

chosen by a random subset of features. Approximately one-third of the original dataset 

would have been left out during each tree construction which is called “out-of-bag” 

dataset (Tuv et al., 2009). This out-of-bag dataset is used to calculate the importance 

scores and estimate the classification errors. Random forest calculates the relevance of 

the input features during the learning process and assigns an importance score for each 

input feature. The importance scores depend on whether or not the randomly 

permuting values of a feature affects the classification error of out-of-bag samples. If 

the effect is high, the feature is assigned with a high importance score (Liaw and 

Wiener, 2002; Reif et al., 2006). From a list of ranked features, the user can select the 

required number of features for use in constructing the final predictor. 

iii) RF-ACE 

Artificial contrasts with ensembles (ACE) (Tuv et al., 2009) is a feature selection 

algorithm that uses the feature ranking property of random forest. The algorithm uses 

random forest to calculate the importance scores of features as part of it. In addition to 

feature ranking, ACE calculates masking scores and eliminates the redundant features 

from the optimal feature subset. 
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The algorithm creates an artificial feature from each input feature by random 

permutation. Random forest variable importance scores are calculated for original 

features and artificial variables. The 1-α percentile of importance scores are calculated 

from only the artificial features and a paired t-test compares the importance scores 

with the percentiles. Statistically significant results identify the important variables 

(Tuv et al., 2009). The set of important variables are then used to calculate the 

 

1. set Φ ← {}; Gk (F) = 0,Wk = 0 

2. for k = 1,...,K do 

3.              set V = 0. 

4.              for r = 1,...,R do 

          {Z1,...,ZM } ← permute{X1, ..., XM} 

          set F ← X U {Z1, ... , ZM} 

          Compute class proportion pk (x) = exp(Gk (x))/∑ Kl=1exp(Gl (x)) 

          Compute pseudo-residuals Yk
i= I(Yi = k) − pk (xi ) 

           Vr. = Vr. +gI (F,Yk ); 

     endfor 

5.      Element wise v = Percentile1−α (V[·,M +1,...,2M]) 

6.              Set  Φk to those {Xk } for which V.k > v 

     with specified paired t-test significance (0.05) 

7.              Set  Φk = RemoveMasked( Φk ,Wk +gI (F,Yk )) 

8.       Φ ← Φ U Φk; 

      for k = 1,...,K do 

9.             Gk (F) = Gk (F)+gY ( Φk ,Yk ) 

10.                  Wk ( Φk ) = Wk ( Φk )+gI ( Φk ,Yk ) 

     endfor 

endfor 

11. If  Φk for all k = 1,...,K is empty, then quit. 

12. Go to 2. 

 

ˆ 

ˆ 

ˆ 

 

ˆ 

 

 

ˆ ˆ 

Table 4: Ensemble-based feature selection algorithm for classification (Tuv et al., 

2009) 

ˆ 

ˆ 

ˆ 
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masking scores from surrogate scores and split weights. The surrogate scores and split 

weights are calculated from the out-of-bag (OOB) samples. Similar to importance 

scores, paired t-test is performed to identify masked features. Among the masked 

features, the most important one is selected for an optimal feature set while the others 

are eliminated. The variables of secondary importance are also identified by 

computing residuals. This decreases the chance of removing a less important non-

redundant feature. The RF-ACE algorithm for classification is shown in table 3.4. 

iv) AUCRF 

AUCRF (Calle et al., 2011) is an algorithm that uses area under the ROC curve 

(AUC) of random forest for feature selection. The ROC (Receiver Operating 

Characteristic) (Hanley and McNeil, 1982) curve plots the true positive rate against 

the false positive rate. The algorithm constructs a random forest on the whole data set 

and computes area under the curve of random forest. The variables are then ranked 

and a set of least important features are eliminated. This procedure is iterated until the 

required number of important variables is obtained. The optimal feature subset is 

considered as the one giving rise to the random forest with the highest area under the 

ROC curve. 

2.4 Applications of feature selection in 

bioinformatics 

2.4.1 Sequence analysis 

Homology based sequence analysis is widely used to predict the protein structure and 

function. This method often fails when the sequence similarity between the homologs 

is low (Al-Shahib et al., 2005). There have been studies that focus on prediction of 

protein function and structure based on the sequence features thus skipping the 

concept of homology. Features can be extracted from the adjacent amino acids or 

nucleotides or from the sequence motifs. More features can be derived from amino 

acid sequences than from nucleotide sequences as they are coded by a set of 20 

variables rather than only 4 variables code in nucleotide sequences. Near-neighbor 

(gamma) test and genetic algorithm were combined for feature selection and 

classification of large subunits of rRNA (Chuzhanova et al., 1998). In another study, 
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the best prediction of protein function was obtained after applying feature selection 

techniques (Al-Shahib et al., 2005). 

2.4.2 Microarray analysis 

Microarray experiments have come up with large amount of data in less time and cost. 

Microarray data have been extensively used in bioinformatics despite the challenges 

of noise, variability and high dimensionality. Feature selection techniques are applied 

to decrease the dimensionality of the data and increase classification accuracy. The 

complexity of data increases when the number of variables is larger than the number 

of the observations which is usually the case in microarray data (Xing et al., 2001; Li 

et al., 2004; Ghosh and Chinnaiyan, 2005). When the number of observations is less 

than the number of features, the training data becomes sparse. As the number of 

features increases, the requirement of training data increases logarithmically (Jain et 

al., 2000; Gutierrez-Osuna, 2002). This condition is also known as “curse of 

dimensionality”. 

2.4.3 Mass spectrum data 

Mass spectrometry is a method of measuring the mass to charge ratio of charged 

particles and identify the chemical composition of the particles. Mass spectrum data 

contains thousands of mass to charge ratio on one axis and their corresponding signal 

intensity on the other axis. In data mining, each mass to charge ratio is represented as 

a feature and their values of corresponding intensities as the observations. Due to the 

high dimensionality of the data, univariate feature selection techniques are applied to 

reduce the computational cost and influence associated with non-discriminative 

features in mass spectrum data (Hilario et al., 2006; Shin and Markey, 2006). Two 

feature selection techniques RELIEF and RFE (Guyon et al., 2002) were used to select 

the features of mass spectrometry data and it was found that RELIEF was able to 

select features that were stable in multiple runs and selected only relevant features 

(Marchiori et al., 2005). A variant of SVMRFE was applied for tumor diagnosis from 

mass spectrum data (Jong et al., 2004). 



 

 

22

2.5 Performance estimation 

The goodness of a classifier is measured by comparing the predictions made by the 

classifier with the original classes of test dataset. The performance of a classifier is 

measured in order to select one from many classifiers or from many versions of the 

same classifier. Given a classifier and an observation, there are four possible 

outcomes. If the observation is positive and it is classified as positive, it is counted as 

true positive (TP); if it is classified as negative, it is counted as a false negative (FN). 

If the observation is negative and it is classified as negative, it is counted as true 

negative (TN); if it is classified as positive, it is classified as false positive (FP). These 

values are the basis for many other common metrices (Baldi et al., 2000; Fawcett, 

2004). 
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Matthews correlation coefficient  

Matthews correlation coefficient (MCC) is a correlation coefficient between the 

observed and predicted binary classification. The value ranges from -1 (an inverse 

prediction) to +1 (perfect prediction) through 0 (average random prediction). It is 

regarded as the balanced measure which can be used even in the case of unequal sizes 

of classes. (Baldi et al., 2000; Carugo, 2007) 
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F-measure 

F-measure is also one of the single measures used for the confusion matrix. It is the 

harmonic mean of precision and recall. Either recall or precision can be weighted 

heavily using the weight β. In most experiments, there is no particular reason to favor 

precision or recall, so most researchers use β = 1 which balances the recall and 

precision. The value of F-measure ranges from 0 (inverse prediction) to 1 (perfect 

prediction (Hripcsak and Rothschild, 2005). 
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2.6 Methods to generate training and test sets 

i) Holdout methods 

Holdout method partitions the data into a training set and a test set also called holdout 

set. Generally, 1/3 part of the data is left out of training set which is used to test the 

performance of the classifier. In this method, one third of the data is not used at all for 

inducing the classifier. It may be possible that a far better classifier can be induced by 

using a larger proportion of the data (Kohavi, 1995). 

ii) Cross-validation methods 

In cross-validation, the data is divided into training and test set and the validation is 

performed multiple times so that each example in the dataset is used as the training 

data at least once (Kohavi, 1995). The most common approaches are k-fold cross-

validation, 2-fold cross-validation and leave-one-out cross-validation. In a k-fold cross 

validation, the data is divided into k mutually exclusive parts. One of the k part is 

taken as a test set and rest are combined together to induce the classifier. The classifier 

is induced and tested k times once on each of the k parts. The performance scores are 

then generalized using some generalization methods like mean. In this method, each 

instance in the data set is used to induce the classifier and test the performance at least 

MCC 
 

F-measure 
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once. The leave-one-out procedure consists of removing one example from the 

training set, constructing the predictor on the basis only of the remaining training data, 

then testing on the removed example (Guyon and Elisseeff, 2003). This is repeated so 

that each observation in the data is used once as the validation data. This is a 

modification of k-fold cross-validation where k is the number of observations in the 

data. 

iii) Bootstrap methods 

In these methods, a bootstrap sample is generated from a data with N observations by 

sampling N instances uniformly from the data with replacement (Kohavi, 1995). The 

bootstrap sample is used to induce the classifier and the remaining observations to 

measure the performance. The size of the training data remains the same as the size of 

original data. This method is repeated a specified number of times and the 

performances are measured and generalized. 
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3 Objectives 

The main objective of this study is to utilize different feature selection techniques in 

identifying physicochemical and biochemical features that are most relevant for 

building single amino acid variation classification models. The other objectives 

include: 

i) Studying the amino acid wise distribution of single amino acid variations 

among pathogenic, neutral and complete dataset 

ii) Identifying most relevant features from a set of input physicochemical and 

biochemical features using different feature selection techniques 

iii) Evaluating and comparing the performances of different feature selection 

techniques 
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4 Materials and methods 
4.1 Materials 

4.1.1 Amino acid features 

AAindex (Kawashima and Kanehisa, 2000) is a database of numerical indices that 

represent the various physical and biochemical properties of amino acids. The 

database was started with 222 features in 1988. These features were collected from the 

literatures by Nakai et al (Nakai et al., 1988). The database contained 685 features 

(retrieved February 2011) divided into three parts; AAindex1, AAindex2 and 

AAindex3. All the data in the database are derived from published literature. 

i) AAindex1 

AAindex1 currently contains 544 amino acid indices. Each entry consists of an 

accession number, a short description of the entry, the reference information and the 

numerical entries corresponding to the index value for each of the 20 amino acids. 

Links to indices with high correlation (absolute correlation ≥ 0.8) are provided. 

Missing entries are imputed with estimates of Kidera et al. (Kidera et al., 1985) if 

applicable, otherwise they were either imputed with the mean value of the available 

entries for the other amino acids, or simply imputed with zeros (Kawashima and 

Kanehisa, 2000). 

ii) AAindex2 

The AAindex2 contains 94 amino acid mutation matrices including symmetric and 

non-symmetric ones. The data format in these entries is similar to that of AAindex1 

except for the correlation coefficients and the number of indices. The correlation 

coefficients between the entries are absent in AAindex2. Each symmetric matrix 

contains 210 numerical values while the non-symmetric matrices contain 400 or more 

numeric values. The mutation matrices contained indices for substitution of gaps 

which were not used in this study. 
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iii) AAindex3 

The AAindex3 part of the database contains 47 contact potential matrices. This 

section was added in release 9.0 in 2007. The data format is similar to that of 

AAindex2. 

4.1.2 Variation data 

The variation data used in this study consists of 14,610 pathogenic and 17,393 neutral 

missense variations which were collected and used by Thusberg et al. (Thusberg et al., 

2011). The pathogenic variations are obtained by manual curation from PhenCode 

database (Giardine et al., 2007) (downloaded in June 2009), IDbases (Piirilä et al., 

2006) and 16 individual Locus Specific Databases (LSDBs). The selected cases were 

annotated as disease-causing in SwissVar (Yip et al., 2004) or in the LSDB. The 

negative missense variations were obtained from dbSNP build 131 by filtering 

variations with population frequency greater than 0.1 and with chromosome count 

greater than or equal to 50 (Thusberg et al., 2011). 

4.2 Methods 

4.2.1 Preprocessing and normalization of data 

In total, 685 features that represent the physicochemical and biochemical properties of 

amino acids were downloaded from the three AAindex databases. These features were 

then filtered so that each of the selected features met the following criteria. 

i) It possesses the complete set of entries that is 20 entries for AAindex1 

features, 210 entries for symmetric matrices in AAindex2 and AAindex3 

and 400 entries for non-symmetric matrices in AAindex2 and AAindex3. 

ii) None of the entries are assigned randomly to be zero. 

iii) None of the entries are derived from the mean of other entries. 

 

For each of the selected feature in AAindex1, differences between all possible pairs of 

amino acid changes were calculated. AAindex2 and AAindex3 contained symmetric 

and non-symmetric matrices. The non-symmetric matrices contained 400 indices, so 

the pre-processing was not required. For the symmetric matrices, the lower half of the 



 

 

28

matrix was copied to the upper half. Each of the remaining features was converted 

into a 20 × 20 matrix, so that a single feature contains 400 indices, one for each pair of 

possible amino acid substitutions. All the 615 features were normalized to zero mean 

and unit variance. This was done by using the formula below. 

deviation standard
mean-score raw

  

Raw score is the index for a substitution, taken from the 20 × 20 matrix. Mean and 

standard deviation of a feature are calculated from all the 400 indices of the feature. 

Standard score is the value for a substitution after normalization. 

4.2.2 Distribution of variations 

The variations present in the data were classified on the basis of amino acids involved 

in the substitutions. A 20 × 20 matrix was constructed to study the occurrences of each 

pair of amino acid substitutions. This was done for the whole data, the pathogenic 

dataset and the neutral dataset. 

4.2.3 Correlation coefficient measure 

Correlation coefficient measures the strength of relationship between two variables. 

There are three types of correlation coefficients: Pearson product-moment correlation 

coefficient, Spearman’s rank correlation coefficient and Kendall tau rank correlation 

coefficient. Spearman rank correlation coefficient calculates the relationship between 

the ranks of two variables. Spearman correlation coefficient between the features and 

the target were calculated where features have a set of numerical variation scores 

while target has corresponding class for each variation. 

4.2.4 Feature selection 

i) LASSO 

Least absolute shrinkage and selection operator (LASSO) (Friedman et al., 2009) is a 

method for shrinkage and feature selection. It achieves better prediction accuracy by 

shrinkage as the ridge regression, but at the same time, it gives sparse solution, which 

means that some coefficients are exactly set to zero (Yongdai and Jinseog, 2004). The 

algorithm is implemented in package glmnet (Friedman et al., 2009) in R statistical 

Standard score 
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software. There are two functions glmnet and cv.glmnet which were applied in this 

study. Both the functions were run by setting the parameters that fit binomial 

classification. The tuning parameter for feature selection, lambda was chosen by using 

10-fold cross validation in the cv.glmnet package. The lambda value so obtained was 

employed in the glmnet function to select the optimal feature subset. 

ii) Random forest 

Random forest is a machine learning technique that builds a forest of classification 

trees where each tree is grown on a bootstrap sample and the feature at each tree node 

is selected from a random subset of all features. The final classification of an 

individual is determined by voting over all trees in the forest. It estimates the 

importance of the features relevant for classification during the induction process 

(Reif et al., 2006). 

Many packages have been developed in R that implement random forest algorithm 

(Breiman, 2001). The implementation of the algorithm was originally made in Fortran 

by Breiman and Cutler. The same implementation is ported in randomForest package 

in R by Andy Liaw and Matthew Wiener. The randomForest function runs random 

forest algorithm for both classification and regression. If the outputs of the training 

samples are given as a factor (that is the class of the output), the algorithm performs 

the analysis for classification and if the outputs are given as vector (that is the values 

of the output), the algorithm does the regression analysis. For imbalanced data, the 

parameter to set the class weight is available. As the data used in this analysis is not 

balanced, the parameter was used to balance the weight of each class. 

During the learning process, it leaves out certain portion of the data which is not used 

for constructing the forest but it used to estimate the error known as out-of-bag (OOB) 

error. Cross validation can also be performed by using random forest algorithm which 

is implemented in rfcv function. This function is used to perform the cross-validation 

of the results. But, as the algorithm estimates the error by using the out-of-bag 

samples, cross validation is not required to estimate the test set error (Breiman, 2001). 
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iii) RF-ACE 

Artificial contrast with ensembles is a random forest based algorithm. It constructs an 

artificial feature from each of the features and calculates the importance of each of the 

features. It uses t-test to identify the significantly important features. It also calculates 

the masking scores for the features and eliminates those masked by features with 

higher importance score. RF-ACE is a C++ implementation of a machine learning 

algorithm that uncovers multivariate associations for classification and regression. It 

can handle numerical and categorical data with missing values and large number of 

non-informative features (Tuv et al., 2009). It can be used for feature selection 

purpose as well as for data prediction in regression and classification. Given the input 

file and the target variable name, the program calculates the importance scores for the 

selected features, the correlation coefficients between the features and the target 

variable and the p-value. 

iv) AUCRF 

AUCRF is an algorithm for variable selection using random forest based on 

optimization of area under the ROC curve (AUC) of random forest. It runs random 

forest and eliminates a constant number of low ranked features using the random 

forest importance scores and area under the curve in every step. The algorithm stops 

when the required number of features is achieved by eliminating less important 

features. It is implemented in AUCRF package in R program. The AUCRF function in 

the package was used which takes the features and target as specified in the formula. 

Other arguments that can be passed to randomForest function in randomForest 

package can also be passed. The class weight argument was also included in this 

function to balance the weight of the classes. The function returns a ranked list of 

features as well as the optimal feature subset. 

4.2.5 Selection of most relevant features from ranked feature set 

Random forest gives ranked features and their corresponding importance scores 

instead of optimal feature set. RF-ACE and AUCRF tend to select the optimal feature 

set but they also give the ranked list of features in the output. These methods rank the 

features based on the importance scores. To select the most relevant features from the 
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list of ranked features, a threshold was set and the features that have importance 

scores greater than or equal to the threshold were selected. 

4.2.6 Setting a threshold importance score 

A frequency table of importance scores of features was constructed. The cumulative 

frequencies for all the importance scores were calculated. The cumulative frequency 

for a value of importance score is the sum of all the frequencies of importance scores 

greater than the selected value of importance score. The cumulative frequencies were 

plotted against importance scores using R software. A threshold was selected from the 

plot such that the number of selected features becomes stable (remains unchanged) 

with slight increase in importance score. The slopes of candidate points of the 

cumulative frequency plot were calculated and the threshold was selected at some 

point where the slope stabilizes. 

4.2.7 Overlapping features analysis 

The sets of features selected from the four approaches were compared. New feature 

subset was created from features overlapping in at least two of the approaches. 

Redundant features were further eliminated from the feature subset by removing 

features with correlation coefficient above a pre-specified threshold. Out of a pair of 

highly correlating features, the one that has the higher importance score is retained. 

Different correlation coefficient thresholds were applied, from 0.9 to 0.1, in decrement 

of 0.1. There were thus 10 datasets derived from this procedure, one comprising all 

the features, and the remaining 9 derived by removing redundancy at different 

thresholds of correlation. A random forest classifier was induced on each of the ten 

feature subsets and their performances were measured, using 10-fold cross-validation. 
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5 Results 
5.1 AAindex data 

The data downloaded from AAindex database were preprocessed to clear out the 

incomplete features that contained missing values. Some of the features contained 

missing values and the values at those positions had been assigned by calculating the 

mean of the remaining values or just assigned to be zeros. We eliminated features 

containing such values from the analysis. Only 488 features, out of 544 were utilized 

from AAindex1, 88 features from AAindex2 and 39 features from AAindex3. In total, 

615 features were utilized. 

5.2 Variation data 

The variations in the original data set were classified based on the wild type and 

mutant type residues. Among 380 theoretically possible substitutions, only 187 types 

of substitutions were found in the data used in this study. Among them, 150 types of 

substitutions do not require more than one SNP. The rest substitutions cover only a 

small fraction (47 out of 32,003) of the data, The most common wild-type amino acid 

was found to be arginine which is involved in 4,290 out of total 32,003 single amino 

acid variations, including 2,352 pathogenic and 1,938 neutral cases, which is 13.4 % 

of the total variations. The least frequent wild-type amino acid in the single amino 

acid variations was found to be tryptophan with just 457 occurrences which is 1.43% 

of the total variations. The wild type amino acid frequency in the dataset is presented 

in table 9.1 and is visualized in Fig. 5.1. 

The most common substitution (positive and neutral) was found to be arginine to 

glutamine with 877 occurrences including 399 positive and 478 negative cases. This 

substitution was also the most common neutral substitution. Leucine substituted by 

proline was found to be the most common pathogenic single amino acid variation with 

556 occurrences. Arginine is the highest occurring amino acid both at wild type 

position and mutant type position. The occurrences of the amino acids in neutral and 

pathogenic data set are shown in tables 5.1 and 5.2. Tables 5.1 and 5.2 are combined 

together to show the occurrences of amino acids in the whole dataset in table 9.2. 
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 A C D E F G H I K L M N P Q R S T V W Y Total 
A -  42 68  236 1      228   182 455 324   1536 
C  -   86 10         57 62   87 53 355 
D 43  - 199  128 78     227      66  72 813 
E 46  249 -  234   362     144    49   1084 
F  18   -   23  179      91  32  39 382 
G 149 59 90 97  -         257 201  68 25  946 
H   32    -   23  30 43 96 105     89 418 
I     60   - 16 56 97 42   3 11 187 337   809 
K    169    14 -  29 155  62 165  48    642 
L     343  20 70  - 43  155 44 44 51  286 4  1060 
M        121 29 70 -    16  144 155   535 
N   102    27 51 147   -    247 128   39 741 
P 172      39   311   - 56 117 236 72    1003 
Q    100   174  225 41   34 - 134 1     709 
R  278    155 385 14 102 55 10  81 478 - 86 50  244  1938 
S 78 137   117 112  33  120  170 181 2 152 - 194 1 19 36 1352 
T 207       196 71  244 45 227  34 183 -    1207 
V 154  19 28 64 234  422  226 255       -   1402 
W  16    31    31     44 11   -  133 
Y  74 24  69  82     24   1 54    - 328 

Total 849 582 558 661 739 1140 806 944 952 1112 678 693 949 882 1129 1416 1278 1318 379 328 17393 

  Substitutions that require three single nucleotide substitutions in a codon 
  Substitutions that require two single nucleotide substitutions in a codon 
- Substitution of amino acid by itself 
 Substitutions that can be attained by a single nucleotide substitution 

Table 5.1: Distribution of neutral variations among amino acids 
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  Substitutions that require three single nucleotide substitutions in a codon 
  Substitutions that require two single nucleotide substitutions in a codon 
- Substitution of amino acid by itself 
 Substitutions that can be attained by a single nucleotide substitution 

 Variant residue type 

W
ild

 r
es
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ue

 ty
pe

 

 A C D E F G H I K L M N P Q R S T V W Y Total 
A - 1 105 69 2 48  2 2 3   158   54 252 243  1 940 
C  -   73 61        1 185 89  1 50 225 685 
D 34  - 69 1 138 81   1  210  1    89  97 721 
E 41  74 -  105 1  374     58    36   689 
F  57   - 1 1 34  148      123  42  10 416 
G 74 60 240 204  -    1     479 222 1 196 27  1504 
H 1  37    -   30  21 47 49 125     97 407 
I   1  60 1  - 11 20 38 71   11 47 195 55  1 511 
K    113    12 -  14 68  27 54  33    321 
L  1   125  29 14  - 26  556 54 182 60  95 15 1 1158 
M        70 37 25 -    51  97 105   385 
N   72    25 42 112   -    138 23   21 433 
P 46      38   345   - 36 121 166 74    826 
Q   1 25  1 68  30 20   68 - 92      305 
R  454  2  173 367 9 36 130 9 1 215 399 - 96 33  428  2352 
S 12 56 1  136 31 2 36  136  61 170  101 - 29 1 20 32 824 
T 74   1   1 163 30  138 40 81  48 23 -    599 
V 104  60 59 70 78  72  87 183  1 1    -   715 
W  89    36    21     138 40   -  324 
Y  247 60  11  95     37   1 44    - 495 

Total 386 965 651 542 478 673 708 454 632 967 408 509 1296 626 1588 1102 737 863 540 485 14610 

Table 5.2: Distribution of pathogenic variations among amino acids 
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5.4 Feature selection results 

5.4.1 Performance of different methods 

In this study, four different approaches were used for feature selection. LASSO, random 

forest, RF-ACE and AUCRF were implemented and four different feature subsets were 

obtained. The selected feature subsets from different approaches were used to induce a 

classifier and the performances of the classifiers were measured. The 10-fold cross 

validation method was used to measure the performances. The performances thus 

measured are shown in tables 9.7, 9.8, 9.9 and 9.10 while the average performance scores 

of are presented in the table 5.3. 

 

 AUCRF LASSO 
RANDOM 
FOREST RF-ACE 

Accuracy 0.64 0.64 0.64 0.64 
Precision 0.62 0.62 0.62 0.62 
NPV 0.65 0.65 0.65 0.65 
Recall 0.55 0.55 0.55 0.54 
Specificity 0.71 0.71 0.72 0.72 
MCC 0.27 0.26 0.27 0.27 
F-measure 0.58 0.58 0.58 0.58 

 

5.4.2 Overlapping features 

RF-ACE, random forest and AUCRF methods give a ranked list of features while LASSO 

gives an optimal feature subset. The ranked lists were obtained by setting a threshold 

importance score on the basis of cumulative frequency plot. The cumulative frequency plot 

of AUCRF algorithm is shown in Fig 5.2. The features selected by these four approaches 

were compared and the overlapping features were identified. The descriptions of the 

features are presented in tables 9.3, 9.4, 9.5 and 9.6. The numbers of features selected by 

each of the methods are presented in the table 5.4. The numbers of overlapping features 

and non-overlapping features are shown in Fig 5.3. The largest number of overlapping 

features is between the random forest and AUCRF which have 20 overlapping features. 

Similarly, LASSO and RF-ACE have 7 overlapping features. There were no features that 

were selected by all four methods. One of the features was selected by three methods 

except RF-ACE. All other overlapping features were selected by two methods only. A total 

of 35 features were found to be overlapping by at least two methods. 

Table 5.3: Performance measures of classifiers induced by four different approaches 
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A new feature subset, with the 35 overlapping features was constructed. From this feature 

subset, nine other feature subsets were obtained by eliminating the correlated features. The 

performance measures of ten classifiers induced by these ten feature subsets were 

calculated. The performances of all the feature subsets were similar with very little 

differences. The feature subset selected with a threshold of correlation coefficient 0.2 gave 

somehow better performance than others. The performance measures of classifiers built by 

the feature subsets selected by using threshold 0.1, 0.2 and 0.3 were calculated by 10-fold 

cross-validation method and the performance scores are presented in tables 9.11, 9.12 and 

9.13. The mean of performance scoress are presented in table 5.5. All the results of 10-fold 

cross validation are presented in the appendix. The best subset obtained had the accuracy 

of 63.8 % with a MCC score of 0.266 and F-measure 0.579. 

Figure 5.2: Cumulative frequency plot generated for feature list ranked by random 
forest. 26 features were found to have importance score higher than threshold 9.5 
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The names of features selected with threshold value 0.2 are listed below. 

i) Hydrophobicity Scales and Computational Techniques for Detecting 

Amphipathic Structures in Proteins 

ii) Environment-specific amino acid substitution matrix for alpha residues 

iii) Substitution matrix (PHAT) built from hydrophobic and transmembrane regions 

of the Blocks database 

iv) Substitution matrix based on structural alignments of analogous proteins 

v) Quasichemical energy in an average protein environment derived from 

interfacial regions of protein-protein complexes 

Algorithm Number of features selected 
LASSO 61 
RF-ACE 46 
Random Forest 26 
AUCRF 27 

Table 5.4: Number of features selected by different approaches 

Figure 5.3: Venn-diagram illustrating the overlap of features in four different 
approaches 
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vi) Distances between centers of interacting side chains in the intermediate 

orientation 

vii) Statistical potential derived by the maximization of the perceptron criterion 

 

 

 

The three features that were selected in this work and selected by Pearson’s correlation 

coefficient are 

i) Substitution matrix (PHAT) built from hydrophobic and transmembrane 

regions of the Blocks database 

ii) Distances between centers of interacting side chains in the intermediate 

orientation 

iii) Statistical potential derived by the maximization of the perceptron criterion 

 Classifiers built from features selected with threshold 

Correlation 

coefficient = 0.1 

Correlation 

coefficient = 0.2 

Correlation 

coefficient = 0.3 

Accuracy 0.637 0.638 0.637 

Precision 0.619 0.618 0.616 

Negative predictive 

value (NPV) 
0.650 0.652 0.652 

Recall 0.535 0.546 0.546 

Specificity 0.723 0.716 0.715 

Matthews correlation 

coefficient (MCC) 
0.263 0.266 0.264 

F-measure 0.574 0.579 0.579 

Table 5.5: Performance measures of different subsets obtained by different 
threshold correlation coefficients 
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6 Discussion 

Single amino acid variations can alter the function and structure of a protein. A single 

amino acid variation that occurs at the functional or structural site of a protein is more 

likely to have this kind of effect. Computational methods exist to predict the phenotypic 

effect of such variations. These methods are implemented based on different machine 

learning algorithms and different feature sets. Some make use of the sequence features or 

structural features while some use both sequence and structural features. While a large 

number of features may be extracted from different databases for the purpose of building a 

classifier, only a small fraction of the features contribute significantly to the classification 

task. The main objective of this study is to find those protein sequence based features that 

contribute best for the classification of single amino acid variations. To this end, different 

feature selection algorithms were implemented and compared. 

The correlation coefficients of the features with the target show clearly that the individual 

features used in this study are very weakly correlated to the target. The feature 

dependencies are not taken into account for the simple correlation coefficient calculation. 

The values of correlation coefficient indicate that none of the features have significant 

correlation with the target; therefore interactions between features are essential for accurate 

and reliable classification. Consequently, the embedded methods of feature selection, 

which consider the feature interactions for classification, have been implemented in this 

study. 

Systematic feature selection techniques have rarely been applied for the purpose of 

predicting the effect of single amino acid variations on protein function. SIFT (Ng and 

Henikoff, 2001), PANTHER (Thomas and Kejariwal, 2004), SNAP (Bromberg and Rost, 

2007), MutPred (Li et al., 2009) and PolyPhen2 (Adzhubei et al., 2010) are some of the 

programs that classify nsSNPs. These methods utilize different types of features but feature 

selection method has not been found to be implemented in many of these methods. The 

features used in SNAP have been selected by using forward selection method of feature 

selection in neural network. While there are 615 physicochemical and biochemical features 

used in this study, only 6 of them were included for feature selection in SNAP. No feature 

selection methods were applied to select those 6 features. Therefore, SNAP applies feature 

selection on a set of features which are preselected without applying any feature selection 
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techniques. MutPred utilizes sequence derived features but does not perform feature 

selection. PolyPhen2 applies feature selection for sequence and structure derived features 

and selects 7 features from a set of 32. It utilizes small initial feature set but it still shows 

the importance of feature selection. 

A similar greedy approach (as was used in SNAP) of forward selection was implemented 

in a study for building a variation classifier (Hu and Yan, 2008). These methods select the 

most discriminative feature alone and then add one feature that, in combination with 

previously selected feature/s, discriminates the classes best. There is a higher chance that 

two features that have weak performance when used individually may perform well when 

used together (Guyon and Elisseeff, 2003; Saeys et al., 2007). Such features are most likely 

not selected thus; the algorithm may stop at local minima. The induction algorithm runs for 

all the possible combinations of features by permutation. During the process, the induction 

algorithm tends to fit the data and would show its high discriminative power. In addition, it 

requires large memory, computer power and time for computation. 

Different embedded methods have been applied and compared in this study. LASSO uses 

the l1 penalty and returns a set of many solutions for a particular model which allows the 

user to choose one from the ensemble based on prediction error or other criteria (Friedman 

et al., 2009). Random forest implements ensemble of trees to induce a classification model 

and at the same time ranks the features based on their importance for classification purpose 

(Breiman, 2001). AUCRF and RF-ACE methods implement area under the curve of 

random forest and Markov blanket respectively in addition to random forest. These 

methods are fast as compared to forward selection and they calculate the importance of 

features and redundancy among features to select the best features that are highly relevant 

and non-redundant. 

Some features used by Hu et al (Hu and Yan, 2008) are related to certain family of proteins 

like histocompatibility leukocyte antigen (HLA) family which is related to immune system. 

This feature may perform well for the variants in proteins from the same family but the 

classification may be biased for other protein variants. So, the single amino acid variations 

occurring in proteins of other families cannot be classified reliably. The features used in 

this study are based on physical and chemical properties of amino acids, so they are 

unbiased and applicable to all protein families. 
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A cumulative frequency plot as shown in Fig. 5.2 was used to set the threshold importance 

scores for random forest, RF-ACE and AUCRF. The threshold importance score was used 

to select the most relevant features. The threshold was set such that the number of features 

become stable with slight change of importance score. Using the threshold importance 

scores, 26, 36 and 27 high ranked features by random forest, RF-ACE and AUCRF 

respectively were selected. LASSO without using the threshold criteria selected 61 

features. Different features were selected by different methods because they use different 

criteria to calculate the importance and redundancy. Another reason for such diverse 

feature sets may be because most of the features used in this study are redundant to each 

other for classification purpose. One feature is selected among many redundant features in 

each of the methods but the selected feature may differ because of the different criteria. 

LASSO and RF-ACE are stricter for redundant features than random forest and AUCRF. 

There are more overlapping features between LASSO and RF-ACE which is 16 and 

between random forest and AUCRF which is 20. The other overlaps have very little 

number of features as shown in Fig. 5.3. 

The main objective of this study is to identify the most relevant features rather than 

obtaining the optimal feature set. So, the overlapping features, the features selected by 

more than one method, were combined because the features that have been selected by 

more than one method should have higher support than features selected by one method. 

Pearson correlation coefficients between the features were calculated to identify the 

redundant features. The 400 values present in each feature were used to calculate the 

correlation coefficient so that the correlation between the features is calculated 

independent of the data used in this study. The importance scores of these features were 

calculated by using random forest method. The correlation coefficients and importance 

scores were used to select the most relevant features. A certain correlation threshold was 

set and the correlation coefficient between any two features is compared with the 

threshold. If the absolute correlation coefficient is higher than or equal to the threshold, the 

feature that has lower importance score was eliminated. Different levels of correlation 

thresholds were set to eliminate the features that have different levels of redundancy. 

The feature set that was selected by using the threshold correlation coefficient of 0.2 was 

selected as the best feature set depending on the performance measures, though the 

differences in the performance measures for different feature set were very little. The best 

performing feature set had the accuracy of 63.8 % and MCC of 0.27. The reason for a low 
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MCC value might be because the features used are not very informative. The other reason 

may be the small data because 32000 variations are unlikely to cover all possible variations 

in human (Bromberg and Rost, 2007). The input features, used in this study, were earlier 

used to predict the epitope locations for 50 proteins (Blythe and Flower, 2005). Systematic 

feature selection was not performed but 106 combinations of features were used to 

calculate the performance scores. These features performed weakly with MCC scores of 

most accurate predictions being marginally greater than random. This suggests that these 

features are not highly discriminative for the purpose of building a reliable predictor. In 

classification of single amino acid variations, the conservation features play important role 

which have not yet been included in this study. The features selected in this study can be 

used in combination with conservation features and structural features to achieve better 

prediction accuracy. 

The frequency of different amino acids in single amino acid variations was also studied 

and 187 out of 380 literally possible substitutions were observed in the dataset used in this 

study. There are 150 possible amino acid substitutions attainable through single nucleotide 

substitution in a codon (Wong et al., 2007). The data used in this study consisted of amino 

acid substitutions which might result from single nucleotide substitutions or simultaneous 

substitutions of multiple nucleotides, but which leads to single amino acid substitution in 

the protein product. There were 47 variations that require more than one single nucleotide 

substitutions in one codon. Only a small fraction (6 out of 47) of them was neutral. In the 

same study by Wong et al, the number of possible amino acid substitutions that result from 

simultaneous substitutions of multiple nucleotides in a codon was also calculated. The 

multiple substitutions might be simultaneous substitutions of first and second or second 

and third or first and third or all of the nucleotides in a codon. The missing single amino 

acid variations in this data set are rarely occurring because most of them are caused by 

multiple nucleotide substitutions in the same codon. 
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7 Conclusion 

The main objective of this study was to identify the features that are relevant for 

classification of single amino acid variation from a set of 616 features representing the 

physical and chemical properties of amino acids. To check the relevance of individual 

features, the correlation coefficients between the features and the target was calculated and 

evaluated. Most of the features showed low correlation to the target, the highest absolute 

correlation coefficient being 0.23. The low correlation values between the individual 

features and target shows that none of the features are discriminatory for the classes, by 

themselves. To study the relevance of features, taking into account the interaction between 

them, four different embedded feature selection methods were applied. LASSO, RF-ACE, 

random forest and AUCRF were used to identify the relevant features. The classification 

performances of the selected feature sets were evaluated by using 10-fold cross validation 

in random forest. Different methods selected different features but the performance of all 

the feature sets were similar. To find out the most relevant features out of the selected 

feature sets, the features that are common in different methods were identified. The 

features that were selected by at least two of the methods were selected and the 

performance was measured by using random forest. 

To reduce the redundancy due to feature similarity, Pearson correlation coefficients 

between features were calculated and highly correlating features were filtered out to obtain 

different feature sets by decreasing threshold correlation coefficient gradually by 0.1. The 

performances of all the feature sets were calculated and the best performing feature subset 

was selected. The features selected in the best performing feature subset are correlated to 

each other by less than 0.2 and the classification accuracy is 63.8%. 

The other purpose of this project was to study the distribution of amino acids in the 

variation data. 187 out of 380 literally possible substitutions were observed in the data used 

in this study. Arginine was found to be the most common amino acid in the substitutions. 

Leucine substituted by proline was found to be the most common pathogenic single amino 

acid variation in the data. The single amino acid variations that require more than one SNP 

in a single codon are rare as compared to single SNPs leading to single amino acid 

variations. Although they are rare, a bigger fraction of them is pathogenic. 
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Systematic feature selection was performed by applying some embedded feature selection 

techniques. The features selected in this study in combination with some evolutionary and 

structural features can be implemented to induce highly reliable single amino acid variation 

classifier.  



 

 

46

  

8 References  

Adzhubei I. A., Schmidt S., Peshkin L., Ramensky V. E., Gerasimova A., Bork P., 

Kondrashov A. S. and Sunyaev S. R. 2010. A method and server for predicting 

damaging missense mutations. Nat. Methods, 7, 248-249.  

Almuallim, H. and Dietterich T. G. 1991. Learning with many irrelevant features. In 

Proceedings of the Ninth National Conference on Artificial Intelligence, 547-

552.  

Al-Shahib A., Breitling R. and Gilbert D. 2005. Feature selection and the class 

imbalance problem in predicting protein function from sequence. Appl. 

Bioinformatics, 4, 195-203.  

Baldi P., Brunak S., Chauvin Y., Andersen C. A. F. and Nielsen H. 2000. Assessing 

the accuracy of prediction algorithms for classification: An overview. 

Bioinformatics, 16, 412-424.  

Bao L. and Cui Y. 2005. Prediction of the phenotypic effects of non-synonymous 

single nucleotide polymorphisms using structural and evolutionary 

information. Bioinformatics, 21, 2185-2190.  

Barenboim M., Masso M., Vaisman I. I. and Jamison D. C. 2008. Statistical geometry 

based prediction of nonsynonymous SNP functional effects using random 

forest and neuro-fuzzy classifiers. Proteins, 71, 1930-1939.  

Ben-Dor A., Friedman N. and Yakhini Z. 2001. Class discovery in gene expression 

data. Proceedings of the Fifth Annual International Conference on 

Computational Biology, 31-38.  

Blum A. L. and Langley P. 1997. Selection of relevant features and examples in 

machine learning. Artif. Intell., 97, 245-271.  

Blythe M. J. and Flower D. R. 2005. Benchmarking B cell epitope prediction: 

Underperformance of existing methods. Protein Sci., 14, 246-248.  



 

 

47

Breiman L. 2001. Random forests. Mach. Learn., 5-32.  

Bromberg Y. and Rost B. 2007. SNAP: Predict effect of non-synonymous 

polymorphisms on function. Nucleic Acids Res., 35, 3823-3835.  

Calabrese R., Capriotti E., Fariselli P., Martelli P. L. and Casadio R. 2009. Functional 

annotations improve the predictive score of human disease-related mutations in 

proteins. Hum. Mutat., 30, 1237-1244.  

Calle M. L., Urrea V., Boulesteix A. L. and Malats N. 2011. AUC-RF: A new strategy 

for genomic profiling with random forest. Hum. Hered., 72, 121-132.  

Cardie C. 1993. Using decision trees to improve case-based learning. In Proceedings 

of the Tenth International Conference on Machine Learning, 25-32.  

Carugo O. 2007. Detailed estimation of bioinformatics prediction reliability through 

the fragmented prediction performance plots. BMC Bioinformatics, 8, 380.  

Chuzhanova N. A., Jones A. J. and Margetts S. 1998. Feature selection for genetic 

sequence classification. Bioinformatics, 14, 139-143.  

Collins F. S., Brooks L. D. and Chakravarti A. 1998. A DNA polymorphism discovery 

resource for research on human genetic variation. Genome Res., 8, 1229-1231.  

Conilione P. C. and Wang D. 2005. A comparative study on feature selection for 

E.coli promoter recognition. Int. J. Inf. Technol., 11, 54-66.  

Dash M. and Liu H. 1997. Feature selection for classification. Intell. Data Anal., 1, 

131-156.  

Dobson R. J., Munroe P. B., Caulfield M. J. and Saqi M. A. 2006. Predicting 

deleterious nsSNPs: An analysis of sequence and structural attributes. BMC 

Bioinformatics, 7, 217.  

Dudoit S., Fridlyand J. and Speed T. P. 2002. Comparison of discrimination methods 

for the classification of tumors using gene expression data. J. Am. Stat. Assoc., 

97, 77-87.  



 

 

48

Dy J. G. and Brodley C. E. 2000. Feature subset selection and order identification for 

unsupervised learning. Proceedings of 17th International Conf. on Machine 

Learning, 247-254.  

Efron B., Hastie T., Johnstone I. and Tibshirani R. 2004. Least angle regression. Ann. 

Statist., 32, 407-499.  

Estevez P. A., Tesmer M., Perez C. A. and Zurada J. M. 2009. Normalized mutual 

information feature selection. IEEE T. Neural Networ., 20, 189-201.  

Fawcett T. 2004. ROC graphs: Notes and practical considerations for researchers. 

ReCALL 31, 1-38.  

Fredman D., Munns G., Rios D., Sjöholm F., Siegfried M., Lenhard B., Lehväslaiho 

H. and Brookes A. J. 2004. HGVbase: A curated resource describing human 

DNA variation and phenotype relationships. Nucleic Acids Res., 32, D516-9.  

Friedman J., Hastie T. and Tibshirani R. 2009. Regularization paths for generalized 

linear models via coordinate descent. J. Stat. Softw., 33, 1-22.  

García-Laencina P., Sancho-Gómez J. and Figueiras-Vida A. R. 2010. Pattern 

classification with missing data: A review. Neural Comput. Appl., 19, 263-

282.  

Ghosh D. and Chinnaiyan, A. M. 2005. Classification and selection of biomarkers in 

genomic data using LASSO. J. Biomed. Biotechnol., 2005, 147-154.  

Giardine B., Riemer C., Hefferon T., Thomas D., Hsu F., Zielenski J., Sang Y., 

Elnitski L., Cutting G., Trumbower H., Kern A., Kuhn R., Patrinos G. P., 

Hughes J., Higgs D., Chui D., Scriver C., Phommarinh M., Patnaik S. K., 

Blumenfeld O., Gottlieb B., Vihinen M., Väliaho J., Kent J., Miller W. and 

Hardison R. C. 2007. PhenCode: Connecting ENCODE data with mutations 

and phenotype. Hum. Mutat., 28, 554-562.  

Grabczewski K. and Jankowski N. 2005. Feature selection with decision tree criterion. 

Hybrid Intelligent Systems, 2005. Fifth International Conference on HIS '05, 6.  



 

 

49

Gutierrez-Osuna R. 2002. Pattern analysis for machine olfaction: A review. IEEE 

Sens. J., 2, 189-202.  

Guyon I. and Elisseeff A. 2003. An introduction to variable and feature selection. J. 

Mach. Learn. Res., 3, 1157-1182.  

Guyon I., Weston J., Barnhill S. and Vapnik V. 2002. Gene selection for cancer 

classification using support vector machines. Mach. Learn., 46, 389-422.  

Hanley J. A. and McNeil B. J. 1982. The meaning and use of the area under a receiver 

operating characteristic (ROC) curve. Radiology, 143, 29-36.  

Hilario M., Kalousis A., Pellegrini C. and Müller M. 2006. Processing and 

classification of protein mass spectra. Mass Spectrom. Rev., 25, 409-449.  

Hripcsak G. and Rothschild A. S. 2005. Agreement, the f-measure, and reliability in 

information retrieval. J. Am. Med. Inform. Assn., 12, 296-298.  

Hu J. and Yan C. 2008. Identification of deleterious non-synonymous single 

nucleotide polymorphisms using sequence-derived information. BMC 

Bioinformatics, 9, 297.  

Jain A. K., Duin R. P. W. and Jianchang Mao. 2000. Statistical pattern recognition: A 

review. IEEE T. Pattern Anal., 22, 4-37.  

John G. H., Kohavi R. and Pfleger K. 1994. Irrelevant features and the subset 

selection problem. Proceedings of the Eleventh International Conference on 

Machine Learning, 121-129.  

Jong K., Marchiori E., Sebag M. and van der Vaart A. 2004. Feature selection in 

proteomic pattern data with support vector machines. Proceedings of the IEEE 

Symposium on Computational Intelligence in Bioinformatics and 

Computational Biology, 41-48.  

Kawashima S. and Kanehisa M. 2000. AAindex: Amino acid index database. Nucleic 

Acids Res., 28, 374.  



 

 

50

Kidera A., Konishi Y., Oka M., Ooi T. and Scheraga H. A. 1985. Statistical analysis 

of the physical properties of the 20 naturally occurring amino acids. J. Protein 

Chem., 4, 23-55.  

Kira K. and Rendell L. A. 1992. A practical approach to feature selection. ML92. 

Proceedings of the Ninth International Workshop on Machine Learning, 249-

256.  

Kohavi R. 1995. A study of cross-validation and bootstrap for accuracy estimation and 

model selection. Proceedings of International Joint Conference on Artificial 

Intelligence, 1137-1143.  

Kohavi R. and John G. H. 1997. Wrappers for feature subset selection. Artif. Intell., 

97, 273-324.  

Kojadinovic I. and Wottka T. 2000. Comparison between a filter and a wrapper 

approach to variable subset selection in regression problems. Proceedings of 

European Symposium on Intelligent Techniques.  

Koller D. and Sahami M. 1996. Toward optimal feature selection. In Proceedings of 

International Conference on Machine Learning, 284-292.  

Langley P. and Sage S. 1994. Oblivious decision trees and abstract cases. Working 

Notes of the AAAI-94, Workshop on Case-Based Reasoning, 117.  

Law M. H. C., Jain A. K. and Figueiredo M. A. T. 2002. Feature selection in mixture-

based clustering. In Proceedings of NIPS'2002, 625-632.  

Li B., Krishnan V. G., Mort M. E., Xin F., Kamati K. K., Cooper D. N., Mooney S. D. 

and Radivojac P. 2009. Automated inference of molecular mechanisms of 

disease from amino acid substitutions. Bioinformatics, 25, 2744-2750.  

Li T., Zhang C. and Ogihara M. 2004. A comparative study of feature selection and 

multiclass classification methods for tissue classification based on gene 

expression. Bioinformatics, 20, 2429-2437.  

Liaw A. and Wiener M. 2002. Classification and regression by randomForest. R 

News, 2, 18-22.  



 

 

51

Liu H. and Yu L. 2005. Toward integrating feature selection algorithms for 

classification and clustering. IEEE T. Knowl. Data En., 17, 491-502.  

Ma S. and Huang J. 2008. Penalized feature selection and classification in 

bioinformatics. Brief. Bioinform., 9, 392-403.  

Magrane M. and Consortium U. 2011. UniProt knowledgebase: A hub of integrated 

protein data. Database, 2011, bar009.  

Mamitsuka H. 2006. Selecting features in microarray classification using ROC curves. 

Pattern Recogn., 39, 2393-2404.  

Marchiori E., Heegaard N. H. H., West-Nielsen M. and Jimenez C. R. 2005. Feature 

selection for classification with proteomic data of mixed quality. Proceedings 

of the 2005 IEEE Symposium on Computational Intelligence in Bioinformatics 

and Computational Biology, 1-7.  

Nakai K., Kidera A. and Kanehisa M. 1988. Cluster analysis of amino acid indices for 

prediction of protein structure and function. Protein Eng., 2, 93-100.  

Ng P. C. and Henikoff S. 2001. Predicting deleterious amino acid substitutions. 

Genome Res., 11, 863-874.  

Olatubosun A., Väliaho J., Härkönen J., Thusberg J. and Vihinen M. 2011. 

Pathogenic-or-not pipeline. from http://bioinf.uta.fi/PON-P  

Piirilä H., Väliaho J. and Vihinen M. 2006. Immunodeficiency mutation databases 

(IDbases). Hum. Mutat., 27, 1200-1208.  

Ratanamahatana C. A. and Gunopulos D. 2002. Scaling up the naive bayesian 

classifier: Using decision trees for feature selection. Ratio. 

Reeves S. J. 1998. An improved sequential backward selection algorithm for large-

scale observation selection problems. Proceedings of the 1998 IEEE 

International Conference on Acoustics, Speech and Signal Processing, 1657-

1660 vol.3.  



 

 

52

Reif D. M., Motsinger A. A., McKinney B. A., Crowe J. E. and Moore J. H. 2006. 

Feature selection using a random forests classifier for the integrated analysis of 

multiple data types. IEEE Symposium on Computational Intelligence and 

Bioinformatics and Computational Biology, 1-8.  

Roth V. and Lange T. 2004. Feature selection in clustering problems. S. Thrun, L. 

Sauland B. Schölkopf (Eds.), Advances in neural information processing 

systems 16 MIT Press.  

Saeys Y., Inza I. and Larrañaga P. 2007. A review of feature selection techniques in 

bioinformatics. Bioinformatics, 23, 2507-2517.  

Sewell M. 2007. Feature selection. from http://machine-

learning.martinsewell.com/feature-selection/feature-selection.pdf  

Sherry S. T., Ward M. H., Kholodov M., Baker J., Phan L., Smigielski E. M. and 

Sirotkin K. 2001. dbSNP: The NCBI database of genetic variation. Nucleic 

Acids Res., 29, 308-311.  

Shin H. and Markey M. K. 2006. A machine learning perspective on the development 

of clinical decision support systems utilizing mass spectra of blood samples. J. 

Biomed. Inform., 39, 227-248.  

Singh M. and Provan G. M. 1995a. A comparison of induction algorithms for 

selective and non-selective bayesian classifiers. Proceedings of the Twelfth 

International Conference on Machine Learning, 497-505.  

Singh M. and Provan G. M. 1995b. Efficient learning of selective bayesian network 

classifiers. Proceedings of 13th International Conference on Machine 

Learning, 453-461.  

Sugumaran V., Muralidharan V. and Ramachandran K. I. 2007. Feature selection 

using decision tree and classification through proximal support vector machine 

for fault diagnostics of roller bearing. Mech. Syst. Signal Pr., 21, 930-942.  

Thomas P. D. and Kejariwal, A. 2004. Coding single-nucleotide polymorphisms 

associated with complex vs. mendelian disease: Evolutionary evidence for 



 

 

53

differences in molecular effects. Proc. Natl. Acad. Sci. U.S.A., 101, 15398-

15403.  

Thusberg J., Olatubosun A. and Vihinen M. 2011. Performance of mutation 

pathogenicity prediction methods on missense variants. Hum. Mutat., 32, 358-

368.  

Tian J., Wu N., Guo X., Guo J., Zhang J. and Fan Y. 2007. Predicting the phenotypic 

effects of non-synonymous single nucleotide polymorphisms based on support 

vector machines. BMC Bioinformatics, 8, 450.  

Tibshirani R. 1994. Regression shrinkage and selection via the lasso. J. Roy. Stat. Soc. 

B Met., 58, 267-288.  

Tibshirani R., Bien J., Friedman J., Hastie T., Simon N., Taylor J. and Tibshirani R. J. 

2010. Strong rules for discarding predictors in lasso-type problems. J. Roy. 

Stat. Soc. B.  

Tuv E., Borisov A., Runger G. and Torkkola K. 2009. Feature selection with 

ensembles, artificial variables, and redundancy elimination. J. Mach. Learn. 

Res., 10, 1366.  

Wang Y., Tetko I. V., Hall M. A., Frank E., Facius A., Mayer K. F. and Mewes H. W. 

2005. Gene selection from microarray data for cancer classification - a 

machine learning approach. Comput. Biol. Chem., 29, 37-46.  

Whitney A. W. 1971. A direct method of nonparametric measurement selection.  

IEEE T. Comput., 20, 1100-1103.  

Wong T. S., Roccatano D. and Schwaneberg U. 2007. Challenges of the genetic code 

for exploring sequence space in directed protein evolution. Biocatal. 

Biotransfor., 25, 229-241.  

Xing E. P., Jordan M. I. and Karp R. M. 2001. Feature selection for high-dimensional 

genomic microarray data. In Proceedings of the Eighteenth International 

Conference on Machine Learning, 601-608.  



 

 

54

Ye Z., Zhao S., Gao G., Liu X., Langlois R. E., Lu H. and Wei L. 2007. Finding new 

structural and sequence attributes to predict possible disease association of 

single amino acid polymorphism (SAP). Bioinformatics, 23, 1444-1450.  

Yip Y. L., Scheib H., Diemand A. V., Gattiker A., Famiglietti L. M., Gasteiger E. and 

Bairoch A. 2004. The Swiss-Prot variant page and the ModSNP database: A 

resource for sequence and structure information on human protein variants. 

Hum. Mutat., 23, 464-470.  

Yom-Tov, E. 2004. An introduction to pattern classification. O. Bousquet, U. von 

Luxburgand G. Rätsch (Eds.), Advanced lectures on machine learning Springer 

Berlin / Heidelberg. 1-20  

Yongdai K. and Jinseog K. 2004. Gradient LASSO for feature selection. Proceedings 

of the Twenty-First International Conference on Machine Learning, 60.  

Zavaljevski N., Stevens F. J. and Reifman J. 2002. Support vector machines with 

selective kernel scaling for protein classification and identification of key 

amino acid positions. Bioinformatics, 18, 689-696.  

 



 

 

55

9 Appendices 

Wild type 
residue 

Amino acid 
frequency 

W 1.43 
F 2.49 
Y 2.57 
H 2.58 
M 2.87 
K 3.01 
Q 3.17 
C 3.25 
N 3.67 
I 4.12 
D 4.79 
E 5.54 
T 5.64 
P 5.72 
V 6.62 
S 6.80 
L 6.93 
G 7.66 
A 7.74 
R 13.40 

Total 100 

Table 9.1: Wild type amino acid frequency in the dataset 
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  Substitutions that require three single nucleotide substitutions in a codon 
  Substitutions that require two single nucleotide substitutions in a codon 
- Substitution of amino acid by itself 
 Substitutions that can be attained by a single nucleotide substitution 

 Variant residue type 

W
ild

 r
es

id
ue

 ty
pe

 

 A C D E F G H I K L M N P Q R S T V W Y Total 
A - 1 147 137 2 284 1 2 2 3   386   236 707 567  1 2476 
C  -   159 71        1 242 151  1 137 278 1040 
D 77  - 268 1 266 159   1  437  1    155  169 1534 
E 87  323 -  339 1  736     202    85   1773 
F  75   - 1 1 57  327      214  74  49 798 
G 223 119 330 301  -    1     736 423 1 264 52  2450 
H 1  69    -   53  51 90 145 230     186 825 
I   1  120 1  - 27 76 135 113   14 58 382 392  1 1320 
K    282    26 -  43 223  89 219  81    963 
L  1   468  49 84  - 69  711 98 226 111  381 19 1 2218 
M        191 66 95 -    67  241 260   920 
N   174    52 93 259   -    385 151   60 1174 
P 218      77   656   - 92 238 402 146    1829 
Q   1 125  1 242  255 61   102 - 226 1     1014 
R  732  2  328 752 23 138 185 19 1 296 877 - 182 83  672  4290 
S 90 193 1  253 143 2 69  256  231 351 2 253 - 223 2 39 68 2176 
T 281   1   1 359 101  382 85 308  82 206 -    1806 
V 258  79 87 134 312  494  313 438  1 1    -   2117 
W  105    67    52     182 51   -  457 
Y  321 84  80  177     61   2 98    - 823 

Total 123
5 

1547 1209 1203 1217 1813 1514 1398 1584 2079 1086 1202 2245 1508 2717 2518 2015 2181 919 813 32003 

Table 9.2: Distribution of variations among amino acids 
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9.3 Features selected by different methods 

Table 9.3: Description and accessions of features selected by LASSO algorithm 
 

AAindex 
accession Description of feature 

DAYM780301 Log odds matrix for 250 PAMs (Dayhoff et al., 1978) 
LUTR910107 Structure-based comparison table for other class (Luthy et al., 1991) 

DOSZ010101 Amino acid similarity matrix based on the sausage force  field (Dosztanyi-
Torda, 2001) 

ZHAC000106 Environment-dependent residue contact energies (rows = coil, cols = coil) 
FEND850101 Structure-Genetic matrix (Feng et al., 1985) 
DOSZ010102 Normalised version of SM_SAUSAGE (Dosztanyi-Torda, 2001) 
BONM030106 Distances between centers of interacting side chains in the parallel  orientation 

BONM030103 Quasichemical statistical potential for the parallel orientation of interacting  side 
groups 

LUTR910104 Structure-based comparison table for inside alpha class (Luthy et al., 1991) 
LUTR910105 Structure-based comparison table for outside beta class (Luthy et al., 1991) 
PALJ810110 Normalized frequency of beta-sheet in all-beta class (Palau et al., 1981) 

NGPC000101 Substitution matrix (PHAT) built from hydrophobic and transmembrane regions  
of the Blocks database (Ng et al., 2000) 

BRYS930101 Distance-dependent statistical potential (only energies of contacts within   0-5 
Angstroms are included) 

MICC010101 Optimization-derived potential 

GIAG010101 Residue substitutions matrix from thermo/mesophilic to psychrophilic  enzymes 
(Gianese et al., 2001) 

AURR980120 Normalized positional residue frequency at helix termini C4' (Aurora-Rose,   
1998) 

NAKH900110 Normalized composition of membrane proteins (Nakashima et al., 1990) 
JOND940101 The 250 PAM transmembrane protein exchange matrix (Jones et al., 1994) 
TOBD000102 Optimization-derived potential obtained for large set of decoys 
MAXF760105 Normalized frequency of zeta L (Maxfield-Scheraga, 1976) 
SIMK990104 Distance-dependent statistical potential (contacts within 10-12 Angstroms) 

FUKS010107 Interior composition of amino acids in extracellular proteins of mesophiles   
(percent) (Fukuchi-Nishikawa, 2001) 

VENM980101 Statistical potential derived by the maximization of the perceptron criterion 
SKOJ000102 Statistical quasichemical potential with the composition-corrected pair scale 

BLAJ010101 Matrix built from structural superposition data for identifying potential  remote 
homologues (Blake-Cohen, 2001) 

AZAE970102 The substitution matrix derived from spatially conserved motifs  (Azarya-
Sprinzak et al., 1997) 

THOP960101 Mixed quasichemical and optimization-based protein contact potential 
LUTR910103 Structure-based comparison table for outside alpha class (Luthy et al., 1991) 
QIAN880129 Weights for coil at the window position of -4 (Qian-Sejnowski, 1988) 
FINA910103 Helix termination parameter at posision j-2,j-1,j (Finkelstein et al., 1991) 
BETM990101 Modified version of the Miyazawa-Jernigan transfer energy 
BASU010101 Optimization-based potential derived by the modified perceptron criterion 
WERD780102 Free energy change of epsilon(i) to epsilon(ex) (Wertz-Scheraga, 1978) 
TANS770108 Normalized frequency of zeta R (Tanaka-Scheraga, 1977) 
DAYM780201 Relative mutability (Dayhoff et al., 1978b) 
RACS820103 Average relative fractional occurrence in AL(i) (Rackovsky-Scheraga, 1982) 
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Table 9.3 cont. 
AAindex 
accession Description of feature 

GEIM800104 Alpha-helix indices for alpha/beta-proteins (Geisow-Roberts, 1980) 

WILM950104 Hydrophobicity coefficient in RP-HPLC, C18 with 0.1%TFA/2-
PrOH/MeCN/H2O   (Wilce et al. 1995) 

TANS770102 Normalized frequency of isolated helix (Tanaka-Scheraga, 1977) 

KESO980102 Quasichemical energy in an average protein environment derived from 
interfacial  regions of protein-protein complexes 

QU_C930101 Cross-correlation coefficients of preference factors  main chain (Qu et al., 1993) 
BENS940104 Genetic code matrix (Benner et al., 1994) 
SIMK990102 Distance-dependent statistical potential (contacts within 5-7.5 Angstroms) 
KOLA920101 Conformational similarity weight matrix (Kolaskar-Kulkarni-Kale, 1992) 

KESO980101 Quasichemical transfer energy derived from interfacial regions of  protein-
protein complexes 

TUDE900101 isomorphicity of replacements (Tudos et al., 1990) 

MIYS990106 Quasichemical energy of transfer of amino acids from water to the protein  
environment 

KOSJ950104 Context-dependent optimal substitution matrices for exposed coil  (Koshi-
Goldstein, 1995) 

MIYS960102 Quasichemical energy of interactions in an average buried environment 
GRAR740104 Chemical distance (Grantham, 1974) 
LUTR910106 Structure-based comparison table for inside beta class (Luthy et al., 1991) 
DAYM780302 Log odds matrix for 40 PAMs (Dayhoff et al., 1978) 

DOSZ010103 An amino acid similarity matrix based on the THREADER force field  
(Dosztanyi-Torda, 2001) 

JOHM930101 Structure-based amino acid scoring table (Johnson-Overington, 1993) 

KANM000101 Substitution matrix (OPTIMA) derived by maximizing discrimination between  
homologs and non-homologs (Kann et al., 2000) 

BONM030102 Quasichemical statistical potential for the intermediate orientation of  
interacting side groups 

RUSR970103 Substitution matrix based on structural alignments of analogous and remote 
homologous  proteins (Russell et al., 1997) 

LEVJ860101 The secondary structure similarity matrix (Levin et al., 1986) 
MCLA710101 The similarity of pairs of amino acids (McLachlan, 1971) 
QU_C930103 The mutant distance based on spatial preference factor (Qu et al., 1993) 
TOBD000101 Optimization-derived potential obtained for small set of decoys 
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Table 9.4: Description and accessions of features selected by random forest algorithm 
 

AAindex 
accession Description of feature 

BIOV880101 Information value for accessibility; average fraction 35% (Biou et al., 1988) 
BIOV880102 Information value for accessibility; average fraction 23% (Biou et al., 1988) 
KARP850101 Flexibility parameter for no rigid neighbors (Karplus-Schulz, 1985) 
MEIH800102 Average reduced distance for side chain (Meirovitch et al., 1980) 
NAKH900107 AA composition of mt-proteins from fungi and plant (Nakashima et al., 1990) 

NAKH920104 AA composition of EXT2 of single-spanning proteins (Nakashima-Nishikawa,   
1992) 

NAKH920107 AA composition of EXT of multi-spanning proteins (Nakashima-Nishikawa, 1992) 
NISK800101 8 A contact number (Nishikawa-Ooi, 1980) 
PALJ810116 Normalized frequency of turn in alpha/beta class (Palau et al., 1981) 
RACS770101 Average reduced distance for C-alpha (Rackovsky-Scheraga, 1977) 
ROSG850102 Mean fractional area loss (Rose et al., 1985) 
VINM940101 Normalized flexibility parameters (B-values), average (Vihinen et al., 1994) 

VINM940103 Normalized flexibility parameters (B-values) for each residue surrounded by   one 
rigid neighbours (Vihinen et al., 1994) 

PARS000101 p-Values of mesophilic proteins based on the distributions of B values   
(Parthasarathy-Murthy, 2000) 

PONP930101 Hydrophobicity scales (Ponnuswamy, 1993) 
CASG920101 Hydrophobicity scale from native protein structures (Casari-Sippl, 1992) 
CORJ870101 NNEIG index (Cornette et al., 1987) 
MIYS990104 Optimized relative partition energies - method C (Miyazawa-Jernigan, 1999) 
MIYS990105 Optimized relative partition energies - method D (Miyazawa-Jernigan, 1999) 
FASG890101 Hydrophobicity index (Fasman, 1989) 

OVEJ920102 Environment-specific amino acid substitution matrix for alpha residues  
(Overington et al., 1992) 

OVEJ920103 Environment-specific amino acid substitution matrix for beta residues  (Overington 
et al., 1992) 

OVEJ920104 Environment-specific amino acid substitution matrix for accessible  residues 
(Overington et al., 1992) 

OVEJ920105 Environment-specific amino acid substitution matrix for inaccessible residues 
(Overington et al., 1992) 

MIRL960101 Statistical potential derived by the maximization of the harmonic mean of Z  scores 

KESO980102 Quasichemical energy in an average protein environment derived from interfacial  
regions of protein-protein complexes 
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Table 9.5: Description and accessions of features selected by RF-ACE algorithm 
 

AAindex 
accession Description of feature 

AZAE970101 The single residue substitution matrix from interchanges of spatially 
neighbouring residues (Azarya-Sprinzak et al., 1997) 

WERD780104 Free energy change of epsilon(i) to alpha(Rh) (Wertz-Scheraga, 1978) 

KANM000101 Substitution matrix (OPTIMA) derived by maximizing discrimination between  
homologs and non-homologs (Kann et al., 2000) 

LUTR910105 Structure-based comparison table for outside beta class (Luthy et al., 1991) 
LUTR910108 Structure-based comparison table for alpha helix class (Luthy et al., 1991) 

KOSJ950106 Context-dependent optimal substitution matrices for buried beta  (Koshi-
Goldstein, 1995) 

LUTR910104 Structure-based comparison table for inside alpha class (Luthy et al., 1991) 

OVEJ920104 Environment-specific amino acid substitution matrix for accessible  residues 
(Overington et al., 1992) 

BONM030105 Distances between centers of interacting side chains in the intermediate  
orientation 

BONM030106 Distances between centers of interacting side chains in the parallel  orientation 

OVEJ920103 Environment-specific amino acid substitution matrix for beta residues  
(Overington et al., 1992) 

AZAE970102 The substitution matrix derived from spatially conserved motifs  (Azarya-
Sprinzak et al., 1997) 

DESM900102 Average membrane preference: AMP07 (Degli Esposti et al., 1990) 

OVEJ920105 Environment-specific amino acid substitution matrix for inaccessible residues  
(Overington et al., 1992) 

GUYH850101 Partition energy (Guy, 1985) 
NAKH900110 Normalized composition of membrane proteins (Nakashima et al., 1990) 
MOHR870101 EMPAR matrix (Mohana Rao, 1987) 
ZHAC000104 Environment-dependent residue contact energies (rows = strand, cols = strand) 
VENM980101 Statistical potential derived by the maximization of the perceptron criterion 
MEIH800102 Average reduced distance for side chain (Meirovitch et al., 1980) 

KOSJ950110 Context-dependent optimal substitution matrices for beta sheet  (Koshi-
Goldstein, 1995) 

WERD780101 Propensity to be buried inside (Wertz-Scheraga, 1978) 

PUNT030101 Knowledge-based membrane-propensity scale from 1D_Helix in MPtopo 
databases   (Punta-Maritan, 2003) 

OVEJ920102 Environment-specific amino acid substitution matrix for alpha residues  
(Overington et al., 1992) 

RICJ880111 Relative preference value at C4 (Richardson-Richardson, 1988) 
CORJ870103 PRIFT index (Cornette et al., 1987) 

NAKH920104 AA composition of EXT2 of single-spanning proteins (Nakashima-Nishikawa,   
1992) 

RIER950101 Hydrophobicity scoring matrix (Riek et al., 1995) 
RACS770102 Average reduced distance for side chain (Rackovsky-Scheraga, 1977) 
CORJ870102 SWEIG index (Cornette et al., 1987) 
CORJ870105 ALTFT index (Cornette et al., 1987) 
MEIH800103 Average side chain orientation angle (Meirovitch et al., 1980) 

NAOD960101 Substitution matrix derived from the single residue interchanges at spatially  
conserved regions of proteins (Naor et al., 1996) 

GEOR030105 Linker propensity from small dataset (linker length is less than six   residues) 
(George-Heringa, 2003) 

SWER830101 Optimal matching hydrophobicity (Sweet-Eisenberg, 1983) 
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Table 9.5 cont. 
AAindex 
accession Description of feature 

PRAM820103 Correlation coefficient in regression analysis (Prabhakaran-Ponnuswamy, 1982) 
CHOC760103 Proportion of residues 95% buried (Chothia, 1976) 

VINM940104 Normalized flexibility parameters (B-values) for each residue surrounded by   
two rigid neighbours (Vihinen et al., 1994) 

OGAK980101 Substitution matrix derived from structural alignments by maximizing entropy  
(Ogata et al., 1998) 

MIRL960101 Statistical potential derived by the maximization of the harmonic mean of Z  
scores 

CORJ870107 TOTFT index (Cornette et al., 1987) 

VINM940103 Normalized flexibility parameters (B-values) for each residue surrounded by   
one rigid neighbours (Vihinen et al., 1994) 

RICJ880102 Relative preference value at N' (Richardson-Richardson, 1988) 

WEIL970102 Difference matrix obtained by subtracting the BLOSUM62 from the WAC  
matrix (Wei et al., 1997) 

RUSR970101 Substitution matrix based on structural alignments of analogous proteins  
(Russell et al., 1997) 

DESM900101 Membrane preference for cytochrome b: MPH89 (Degli Esposti et al., 1990) 
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Table 9.6: Description and accessions of features selected by AUCRF algorithm 
 

AAindex 
accession Description of feature 

OVEJ920103 Environment-specific amino acid substitution matrix for beta residues (Overington et 
al., 1992) 

OVEJ920102 Environment-specific amino acid substitution matrix for alpha residues (Overington et 
al., 1992) 

OVEJ920105 Environment-specific amino acid substitution matrix for inaccessible residues 
(Overington et al., 1992) 

OVEJ920104 Environment-specific amino acid substitution matrix for accessible  residues 
(Overington et al., 1992) 

CORJ870101 NNEIG index (Cornette et al., 1987) 
ROSG850102 Mean fractional area loss (Rose et al., 1985) 
NISK800101 8 A contact number (Nishikawa-Ooi, 1980) 
CIDH920105 Normalized average hydrophobicity scales (Cid et al., 1992) 
BIOV880101 Information value for accessibility; average fraction 35% (Biou et al., 1988) 
CASG920101 Hydrophobicity scale from native protein structures (Casari-Sippl, 1992) 

KESO980102 Quasichemical energy in an average protein environment derived from interfacial   
regions of protein-protein complexes 

NAKH920104 AA composition of EXT2 of single-spanning proteins (Nakashima-Nishikawa,   1992) 

PARS000101 p-Values of mesophilic proteins based on the distributions of B values   (Parthasarathy-
Murthy, 2000) 

VINM940101 Normalized flexibility parameters (B-values), average (Vihinen et al., 1994) 
FASG890101 Hydrophobicity index (Fasman, 1989) 
MIRL960101 Statistical potential derived by the maximization of the harmonic mean of Z  scores 

VINM940103 Normalized flexibility parameters (B-values) for each residue surrounded by   one rigid 
neighbours (Vihinen et al., 1994) 

PALJ810105 Normalized frequency of turn from LG (Palau et al., 1981) 
MIYS990105 Optimized relative partition energies - method D (Miyazawa-Jernigan, 1999) 
RACS770101 Average reduced distance for C-alpha (Rackovsky-Scheraga, 1977) 
PALJ810116 Normalized frequency of turn in alpha/beta class (Palau et al., 1981) 

KOSJ950110 Context-dependent optimal substitution matrices for beta sheet  (Koshi-Goldstein, 
1995) 

QIAN880115 Weights for beta-sheet at the window position of -5 (Qian-Sejnowski, 1988) 
NAKH900107 AA composition of mt-proteins from fungi and plant (Nakashima et al., 1990) 

VOGG950101 An assessment of amino acid exchange matrices in aligning protein sequences:  the 
twilight zone revisited (Vogt et al., 1995) 

NGPC000101 Substitution matrix (PHAT) built from hydrophobic and transmembrane regions  of the 
Blocks database (Ng et al., 2000) 

DOSZ010103 An amino acid similarity matrix based on the THREADER force field   (Dosztanyi-
Torda, 2001) 
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Table 9.7: Performance measures of classifier induced by features selected by LASSO algorithm. Performance measures were 
obtained by 10-fold cross validation method. Each fold in the table represents mutually exclusive test set which is 1/10 part of the 
dataset. 
 

 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10 Average 

Accuracy 0.65 0.64 0.64 0.62 0.64 0.64 0.63 0.64 0.63 0.64 0.637 

Precision 0.62 0.62 0.63 0.60 0.61 0.61 0.60 0.63 0.62 0.61 0.615 

NPV 0.66 0.65 0.65 0.64 0.65 0.65 0.65 0.65 0.64 0.66 0.65 

Recall 0.57 0.54 0.54 0.54 0.56 0.55 0.55 0.54 0.50 0.57 0.546 

Specificity 0.71 0.72 0.74 0.69 0.71 0.71 0.70 0.73 0.75 0.70 0.716 

MCC 0.28 0.27 0.28 0.23 0.27 0.26 0.25 0.27 0.26 0.27 0.264 

F-measure 0.60 0.58 0.58 0.56 0.58 0.58 0.58 0.58 0.55 0.59 0.578 
 
 
Table 9.8: Performance measures of classifier induced by features selected by random forest algorithm 
 

 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10 Average 

Accuracy 0.65 0.64 0.65 0.62 0.64 0.64 0.63 0.64 0.63 0.64 0.638 

Precision 0.62 0.62 0.63 0.60 0.61 0.61 0.60 0.63 0.62 0.61 0.615 

NPV 0.66 0.65 0.65 0.64 0.66 0.65 0.65 0.66 0.64 0.66 0.652 

Recall 0.57 0.54 0.54 0.53 0.56 0.55 0.55 0.55 0.50 0.58 0.547 

Specificity 0.71 0.72 0.73 0.70 0.70 0.71 0.70 0.72 0.75 0.70 0.714 

MCC 0.28 0.27 0.28 0.23 0.27 0.26 0.25 0.28 0.26 0.28 0.266 

F-measure 0.60 0.58 0.58 0.56 0.59 0.58 0.58 0.58 0.55 0.60 0.58 
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Table 9.9: Performance measures of classifier induced by features selected by RF-ACE algorithm 
 

 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10 Average 

Accuracy 0.65 0.64 0.64 0.62 0.64 0.64 0.63 0.64 0.63 0.64 0.637 

Precision 0.62 0.62 0.63 0.60 0.61 0.61 0.60 0.63 0.62 0.61 0.615 

NPV 0.66 0.65 0.65 0.64 0.66 0.65 0.65 0.65 0.64 0.66 0.651 

Recall 0.57 0.54 0.54 0.54 0.56 0.55 0.55 0.54 0.50 0.58 0.547 

Specificity 0.71 0.72 0.73 0.69 0.71 0.71 0.70 0.73 0.75 0.70 0.715 

MCC 0.28 0.27 0.28 0.23 0.27 0.26 0.25 0.27 0.26 0.28 0.265 

F-measure 0.60 0.58 0.58 0.56 0.59 0.58 0.58 0.58 0.55 0.60 0.58 
 
 
Table 9.10: Performance measures of classifier induced by features selected by AUCRF algorithm 

 
 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10 Average 

Accuracy 0.65 0.64 0.64 0.62 0.64 0.64 0.63 0.64 0.64 0.64 0.638 

Precision 0.62 0.62 0.63 0.60 0.61 0.61 0.60 0.63 0.63 0.61 0.616 

NPV 0.66 0.65 0.65 0.64 0.66 0.65 0.65 0.65 0.64 0.66 0.651 

Recall 0.57 0.54 0.54 0.53 0.56 0.55 0.55 0.54 0.51 0.58 0.547 

Specificity 0.71 0.72 0.73 0.70 0.71 0.70 0.70 0.73 0.75 0.70 0.715 

MCC 0.28 0.27 0.28 0.23 0.27 0.26 0.25 0.28 0.26 0.28 0.266 

F-measure 0.60 0.58 0.58 0.56 0.59 0.58 0.58 0.58 0.56 0.60 0.581 
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Table 9.11: Performance measures of random forest classifier induced by features selected by threshold correlation coefficient 0.3 
 

 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10 Average 

Accuracy 0.64 0.64 0.64 0.62 0.64 0.64 0.64 0.64 0.63 0.64 0.637 

Precision 0.62 0.62 0.63 0.60 0.62 0.61 0.62 0.63 0.62 0.62 0.619 

NPV 0.66 0.65 0.65 0.64 0.66 0.65 0.65 0.65 0.63 0.65 0.649 

Recall 0.55 0.55 0.53 0.53 0.56 0.55 0.56 0.53 0.47 0.53 0.536 

Specificity 0.72 0.72 0.74 0.70 0.71 0.71 0.71 0.74 0.76 0.73 0.724 

MCC 0.28 0.27 0.27 0.23 0.27 0.26 0.27 0.28 0.24 0.26 0.263 

F-measure 0.59 0.58 0.57 0.56 0.59 0.59 0.58 0.58 0.54 0.57 0.575 
 
 
Table 9.12: Performance measures of random forest classifier induced by features selected by threshold correlation coefficient 0.2 
 

 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10 Average 

Accuracy 0.65 0.64 0.65 0.62 0.64 0.64 0.64 0.65 0.63 0.64 0.64 

Precision 0.62 0.62 0.63 0.60 0.61 0.61 0.61 0.63 0.62 0.62 0.617 

NPV 0.66 0.65 0.66 0.64 0.66 0.65 0.65 0.66 0.64 0.65 0.652 

Recall 0.57 0.55 0.54 0.53 0.56 0.55 0.55 0.56 0.50 0.54 0.545 

Specificity 0.71 0.72 0.73 0.70 0.71 0.70 0.71 0.72 0.75 0.72 0.717 

MCC 0.29 0.27 0.28 0.23 0.27 0.26 0.26 0.28 0.25 0.26 0.265 

F-measure 0.60 0.58 0.59 0.56 0.59 0.58 0.58 0.59 0.55 0.58 0.58 
 

 

 



 

 

66

Table 9.13: Performance measures of random forest classifier induced by features selected by threshold correlation coefficient 0.1  
 

 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 Fold 8 Fold 9 Fold 10 Average 

Accuracy 0.65 0.64 0.65 0.62 0.64 0.64 0.63 0.64 0.63 0.64 0.638 

Precision 0.62 0.62 0.63 0.60 0.61 0.61 0.60 0.62 0.62 0.61 0.614 

NPV 0.66 0.65 0.65 0.64 0.66 0.65 0.65 0.65 0.64 0.66 0.651 

Recall 0.57 0.54 0.54 0.53 0.56 0.55 0.55 0.54 0.50 0.57 0.545 

Specificity 0.71 0.72 0.73 0.70 0.71 0.71 0.70 0.73 0.75 0.70 0.716 

MCC 0.28 0.27 0.28 0.23 0.27 0.26 0.25 0.27 0.25 0.27 0.263 

F-measure 0.60 0.58 0.58 0.56 0.59 0.58 0.58 0.58 0.55 0.59 0.579 
 
 


