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Abstract: Protein fold prediction problem is considered 

as a key point to protein structure recognition and 

structural discoveries. Recent advances in pattern 

recognition field brought a great interest to apply pattern 

classification techniques to tackle this problem. From the 

pattern recognition point of view, the protein fold 

prediction problem can be expressed as a multi-class 

classification task that can be solved by using feature 

selection, feature extraction and classification 

approaches. In this paper, a new classifier ensemble, 

based on combination of five different classifiers, 

namely: Naïve Bayes, Multi Layer Perceptron (MLP), 

Support Vector Machine (SVM), LogitBoost, and 

AdaBoost.M1 combined with five combinational policies 

(Average of Probabilities, Product of Probabilities, 

Minimum of Probabilities, Maximum of Probabilities and 

Majority Voting), is proposed to tackle this problem. To 

study the effectiveness of the proposed method and 

compare our results with previously reported results, the 

dataset produced by Ding and Dubchak is used. 

Experimental results show that the proposed method 

(using majority voting as its combinational policy) 

enhances the protein fold prediction accuracy better than 

most of the other classification methods found in the 

literature, using the same set of features (employed by 

Dubchak et al.). 

 

Keywords: Protein Fold Prediction Problem, Support 

Vector Machine, Multi Layer Perceptron, AdaBoost.M1, 

LogitBoost, Naïve Bayes, Classifier Ensemble, Majority 

Voting. 

 

1 Background 
 

    Protein as one of the most important biological 

macromolecules has a critical role in most of life’s 

sustaining processes. Functioning of a protein in 

biological reactions depends not solely on its amino acid 

sequence (primary structure) but also crucially relies on 

its three-dimensional configuration (tertiary structure) 

[35]. The prediction of the tertiary structure of a protein 

from its amino acid sequence still remains as an unsolved 

issue for bioinformatics and molecular biology. 

According to the science magazine, this problem is 

considered as one of the 125 biggest unsolved problems 

for science [38]. 

During the past three decades, due to tremendous 

advancement in the field of pattern recognition, there has 

been a great interest to apply classification approaches to 

solve the protein fold prediction problem. A variety of 

classification methods have been implemented and 

applied to solve this problem [4, 7, 21, 26, 27, 39]. 

However, most of the studies focused on the 

implementation of new approaches based on individual 

and sophisticated classifiers to enhance the prediction 

accuracy without relying on the other classifiers’ 

advantages [2, 3, 8, 13, 23]. Most of the ensemble 

methods introduced to tackle the protein folding problem 

were also based on a single or a few well known 

classifiers [9, 31] instead of a combination of different 

classifiers (classifiers with diverse learning approaches). 

In 2001, Ding and Dubchak classified proteins into 27 

fold classes using SVM and neural networks based on 

three classification methods (One-Versus-One (OvO), 

Unique One-Versus-One (uOvO), All-Versus-All (AvA)) 

[13]. They also used six feature groups, namely: 

Composition of the Amino Acids, Predicted Secondary 

Structure Based on Normalized Frequency of  -helix, 

Hydrophobicity, Polarity, Polarizability, and Normalized 

Van Der Waals Volume that were introduced by Dubchak 

et al. as the global descriptors of proteins [14]. They 

reported 56% prediction performance with SVM based 

on AvA using combination of the Composition of the 

Amino Acids, Predicted Secondary Structure Based on 

Normalized Frequency of  -helix and Hydrophobicity 

feature groups. 

In contrast to the previous works, in order to deal with 

the multi-class protein fold classification problem, Chung 

et al. [9] proposed a Hierarchical Learning Architecture 

(HLA) with automatic feature selection and applied it to 

the dataset that was produced by Ding and Dubchak [13]. 

At the first level of HLA, neural networks classified the 

data into the four major Structures of Protein. In the 

second level, the system had another set of networks, 

which further classified the data into the 27 folds. They 

achieved 56% prediction performance using the same set 

of features introduced by Dubchak et al. [9]. Following 

the work of Chuang et al. [14], Bologna and Appel also 

employed neural network based classifiers to tackle the 
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protein fold prediction problem [3]. They used a 131-

dimensional feature vector (Dubchak et al. feature groups 

in addition of the length of the amino acid sequence 

feature to each feature group) and an ensemble of four-

layer Discretized Interpretable Multi-Layer Perceptrons 

(DIMLP), where each network learned all the protein 

folds simultaneously. To the best of our knowledge, they 

reported the highest prediction performance using Ding 

and Dubchak’s Dataset and the Feature groups 

introduced by Dubchak et al. (61.1% prediction 

performance). However, their proposed classifier and the 

other sophisticated SVM and neural network based 

classifiers shows high time consumption and low 

prediction performance for high dimensional noisy data 

such as protein datasets. Furthermore, ANN and SVM 

based classifiers have showed high rate of false positive 

while dealing with imbalance proportion of data. 

For the first time, an ensemble of five different 

classifiers, namely: MLP, SVM, Naïve Bayes, K-Nearest 

Neighbor (KNN) and Decision Tree, was introduced by 

Bittencourt et al. [2]. Despite the novelty of their idea, 

they did not achieve significant result by their method. 

The prediction performance of an ensemble method 

crucially depends on two main criteria: the diversity 

among employed classifiers and individual prediction 

accuracy of its based classifiers. In their study, despite of 

high diversity within classifier ensemble, using different 

classifiers which were based on different learning 

methods, the individual performance of the employed 

classifiers was not satisfactory. Their experimental 

results showed poor performance of KNN and C4.5 

decision tree for the protein fold prediction problem [10]. 

Although, later works [16, 19, 22, 31] did not use 

ensembles of different classifiers in this range, they 

introduced some other individual classifiers or ensemble 

methods based on limited number of classifiers that 

showed remarkable prediction performance. 

Recently, Krishnaraj and Reddy [23] applied boosting 

based methods (AdaBoost.M1 and LogitBoost) as a kind 

of classifier ensemble (Meta classifiers) for the protein 

folding problem. They reported 60% prediction 

performance by using the LogitBoost to combine five 

feature groups (Composition of the Amino Acids, 

Predicted Secondary Structure Based on Normalized 

Frequency of  -helix, Hydrophobicity, Polarity, and 

Normalized Van Der Waasls Volume), with dramatically 

lower time consumption compared to the other works 

that achieved relatively high prediction performance [3, 

9, 13]. Despite all the novel and sophisticated classifiers 

(individual or ensemble classifiers) have been proposed 

to tackle this problem, the effectiveness of the ensemble 

of different classifiers (classifiers with diverse learning 

approaches) has not received adequate attention to 

enhance the protein fold prediction problem. 

2 Classifier Ensemble 

Ensemble methods aim to improve the predictive 

performance by generating a combined model based on 

construction of linear or non linear combination of some 

proper classifiers, instead of using a single classifier [11]. 

Recently, ensemble methods have become popular 

devices to improve the prediction performance of the 

classification tasks [12]. Ensemble classifiers are capable 

of achieving better performances by undertaking three 

main issues that an individual classifier is more likely to 

face [1]. The first issue is statistical reason, which arises 

when the amount of training data is not sufficient. In this 

case the learning algorithm would find weak hypothesis, 

while ensemble methods, by using combination of many 

classifiers and averaging their votes, are more likely to 

find stronger hypothesis. The second issue is called 

computational reason, which is more likely to occur 

when finding an appropriate hypothesis is difficult and 

time consuming for an individual classifier. In this case, 

combination of multiple classifiers (experts) can provide 

better hypothesis or shorten the process of finding better 

hypothesis by enforcing each other’s advantages. The 

third issue is representational reason, which arises when 

an individual classifier is not able to represent the true 

hypothesis in hypothesis space. In this case, ensemble 

methods, by forming weighted sum of hypothesis from 

hypothesis space, can expand hypothesis space to provide 

more presentable hypothesis [11]. 

The main conditions for a classifier ensemble to 

perform better than any of its individual classifiers are, 

the diversity among its employed classifiers, and 

individual prediction accuracy of each of its based 

learners, separately. Two classifiers are called diverse if, 

their error point would be different on new input points. 

An accurate classifier can also be defined as a classifier 

that has prediction performance comparatively better than 

other classifiers for a specific task. However, different 

classifiers can be considered as accurate for different 

tasks based on the properties of the case study.  [11, 29]. 

Based on the definition of the diversity among 

classifier ensemble, the use of different classifiers based 

on different learning algorithms is a more promising 

approach to address the diversity between the classifiers. 

Classifiers based on dissimilar learning methods tend to 

reduce error or enhance the prediction performance based 

on diverse approaches. Hence, using different classifiers, 

based on different classification approaches, are more 

probable to built diverse classifiers than using same 

based classifiers. In addition, employing classifiers with 

remarkable prediction performance (considering their 

time and space consumption) can address the second 

condition for classifier ensemble to perform better than 

any of its individual members.  

In this paper, a new ensemble classifier based on 

combination of five different classifiers, namely: Multi 

Layer Perceptron (MLP), Support Vector Machine 

(SVM), Naïve Bayes, AdaBoost.M1, LogitBoost (that will 

be briefly introduced in the next section) was proposed to 

enhance the protein fold prediction accuracy. 

Employed classifiers were selected based on four main 

criteria: firstly, their prediction accuracies based on 

previously reported results [3, 8, 9, 13, 23]; secondly, the 

distribution of the classified proteins depends on the fold 

and the number of proteins in each fold; thirdly, the 

comparison study that was conducted by the authors [10]; 

and finally, the compatibility of each classifier with other 

classifiers [10. 23]. In this way, the strength of each 

method was considered and applied to enhance the 

general prediction performance, rather than applying 
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each of them separately. Prediction performance of the 

proposed classifier was measured on the dataset 

containing proteins belonging to 27 most populated folds 

from the Protein Data Bank (PDB) [20] and Structural 

Classification of Proteins (SCOP) [28, 30] produced by 

Ding and Dubchak [13]. This dataset was widely applied 

in later researches [10, 16, 19, 22]. The proposed method 

achieved 64.5% prediction accuracy on the independent 

test dataset, which was more than 3% higher than the 

result reported by previous works found in the literature, 

using the same set of features introduced by Dubchak et 

al., for the protein fold prediction problem. 

3 Tools and Methodology 

In this study, to use the advantages of the ensemble of 

different classifiers, five classifiers (implemented in 

WEKA) were used to build the proposed classifier 

ensemble to solve the protein fold prediction problem. 

Data mining toolkit Waikato Environment for Knowledge 

Analysis (WEKA) version 3.6.0 was used for 

classification. WEKA is an open source toolkit and it 

consists of a collection of machine learning algorithms 

for solving data mining problems [41]. Recently WEKA 

toolkit widely applied for different classification tasks 

including protein fold prediction problem. In the 

following sections, each of the employed classifiers is 

briefly introduced. 

3.1 SVM 

   In this study, SVM with the Sequential Minimal 

Optimization (SMO) training algorithm were applied 

(complexity parameter (c): 1.0). SVM, which is 

considered as the state-of-the-art in pattern recognition, 

aims at enhancing the prediction performance by finding 

the Maximal Marginal Hyper-plane (MMH). SMO is an 

algorithm for training a SVM classifier using polynomial 

kernels [33]. This implementation globally replaces all 

the missing values and transforms nominal attributes into 

binary ones [41]. To find a decision boundary between 

two classes the SVM attempts to maximize the margin 

between the classes, and choose linear separations in a 

feature space [40]. A function called the kernel k  is used 

to project the data from input space to feature space. The 

classification of some known point in input space ix  is 

iy  which is defined to be either -1 or +1. If x  is a point 

in input space with unknown classification, 
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where 
iy  = {-1, 1} and y  is the predicted class of 

point x . The function K (.) is the kernel, N is the number 

of support vectors, 
i  is adjustable weights, and d  is a 

bias. Classification time is linear in the number of 

support vectors [15]. 

 

 

 

3.2 Naïve Bayes 

Naive Bayes classifier is a simple probabilistic 

classifier with strong (naive) independence assumptions 

(the independency of features contains in feature vector) 

[15]. The Naive Bayes classifier builds the probability 

model with a Bayesian decision rule and picks the 

hypothesis that is most probable which is known as the 

maximum a posteriori or MAP decision rule. The 

corresponding classifier is the function that is defined as 

follows: 
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i
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 Bayesian networks can efficiently represent complex 

probability distributions, and have received much 

attention in recent years [28].  

3.3 MLP 

The most widely used neural classifier today is 

Multilayer Perceptron (MLP) network, which has also 

been extensively analyzed and many learning algorithms 

have been developed from it [36]. A multilayer 

perceptron is a feed forward fully artificial neural 

network model that maps sets of input data into a set of 

appropriate output by adjusting the weight between its 

internal nodes. It is a modification of the standard linear 

perceptron, which uses three or more layers of neurons 

(nodes) with nonlinear activation functions. In this paper, 

we applied MLP with one hidden layer and sigmoid 

activation function [28] (Momentum: 0.2, and Learning 

Rate (LR): 0.3) which is: 





n

i

T

i bwbwy
1

)()( xx         (3) 

where w  denotes the vector of weights, x  is the vector 

of inputs, b is the bias and  is the activation function 

[29]. 

3.4 AdaBoost.M1 and LogitBoost 

Boosting is a sequential algorithm in which, a base 

predictor is constructed by applying the given base 

learners to the bootstrap samples of the training dataset 

with equal weights. In the following iterations, the 

training data with the weights updated based on the 

previously built predictors are provided as the input of 

the base learner in the next iteration. Finally, the general 

hypothesis is built by the weighted combinations of the 

base predictors in each step. 

The boosting algorithm originally developed for binary 

classification problems [37]. Freund and Schapier 

extended it to a multi-class case, which they called 

AdaBoost.M1 [17]. AdaBoost.M1 is considered to be the 

best-of-the-shelf classifier among all Meta Learners. 

AdaBoostM.1 is fast, simple and easy to program. It 

requires no prior knowledge about the weak learner, thus 

it can be combined with any method for finding weak 

hypotheses. AdaBoost.M1 aims to minimize the lost 

function, especially the exponential loss (Equation.4) 

[18]. 
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Another Meta classifier which was used in this paper was 

LogitBoost. LogitBoost performs additive logistic 

regression to generate a model that maximizes the 

probability [18]. It matches a regression model in each 

iteration datum to a weighted training datum. In contrast 

with AdaBoost.M1 that builds its hypothesis by 

combining the base predictors of each step, LogitBoost 

builds its final hypothesis by iteratively modifying its 

hypothesis (regression method). For a binary class 

classification problem, if the weak learner minimizes the 

squared error, then the probability of the first class is 

maximized [5]. This rule extended to the multi-class as 

well. In general, AdaBoost.M1 optimizes the exponential 

loss, whereas LogitBoost minimizes the logistic loss 

(Equation.5) [6]. 
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For AdaBoost.M1, the default parameters of WEKA 

were changed to perform 100 iterations. J48 decision tree 

algorithm [36] was used as its base learner [34]. For the 

LogitBoost classifier, the default parameters of WEKA 

were also changed to perform 100 iterations and decision 

stump was used as its base learner [41]. For MLP, SVM 

and Naïve Bayes, the default parameters were applied.  

Each of the employed methods achieved satisfactory 

result for the protein fold prediction task (accurate based 

learners) [10, 23]. 

As it was explained earlier, SVM and ANN have been 

widely applied for the protein fold prediction problem 

and showed remarkable results. The Naïve Bayes 

classifier achieved 55% accuracy [10]. AdaBoost.M1 and 

LogitBoost achieved 59% and 60% prediction accuracy, 

respectively, and they provided the highest prediction 

performance using Dubchak et al. feature groups [23]. 

Results from the employed classifiers showed that 

MLP and SVM had better results for the folds with more 

proteins in test and training datasets, while AdaBoost.M1 

and LogitBoost showed better results for the fold with 

fewer proteins. At the same time, Naïve Bayes had 

almost equal result for all the folds. 

From the results, the MLP and SVM classifiers were 

used to increase the prediction performance for the fold 

with more proteins. The AdaBoost.M1 and LogitBoost 

classifiers were used for the fold with fewer proteins. 

And finally, relatively high prediction performance as 

well as low computational complexity of the Naïve 

Bayes classifier encouraged us to use this method as a 

part of the proposed ensemble method to increase the 

diversity within the classifier ensemble.  

 

 

 

 

 

 

 

 

 

 

 

4 Dataset and Features 

The training and testing datasets employed in this 

study were adopted from Ding and Dubchak [13]. The 

original training dataset is based on the PDB set. This 

dataset contains 313 proteins with less than 35% 

sequential similarity of 27 most populated folds. The 

original test dataset is based on the SCOP database. This 

dataset contains 385 proteins that have less than 40% 

sequential similarity. Recently, two proteins (i.e. 2SCMC 

and 2GPS) in the training dataset and two proteins 

(2YHX_1 and 2YHX_2) in the testing dataset were 

removed from this dataset due to the lack of sequence 

information. Accordingly, this new version contains 311 

proteins in the training set and 383 proteins in the testing 

set. 

Proteins are alphabetic sequences of the amino acids 

with various lengths. Therefore, to apply machine 

learning algorithms, we have to transform the amino acid 

sequences to the numerical feature vectors with equal 

length. Feature groups were applied in this study, were 

constructed based on physicochemical properties of the 

amino acids by Dubchak et al. [14].  

Six feature groups were extracted from the sequence of 

the amino acids: Amino Acids Composition (C), 

Predicted Secondary Structure Based on Normalized 

Frequency of  -helix (S), Hydrophobicity (H), 

normalized Van Der Waals volume (V), Polarity (P), and 

Polarizability (Z). Each feature group excluding 

composition (C) contains 21 features. Precisely, 

composition feature group represents a vector of the 

percentage composition of the 20 amino acids in the 

sequence (Table I). 

More details on how to extract the feature groups from 

the sequence of the amino acids can be found in [8] and 

[16]. In addition, due to the effectiveness of the length of 

the amino acids sequence feature shown by Bologna and 

Appel and Chinassamy et al., in this study, we also added 

the length feature in each combination of features [3, 8]. 

This dataset is available at the url address: 

http://ranger.uta.edu/~chqding/protein/. 

5 Results and Discussion 

In this study, ensemble of five different classifiers was 

proposed and evaluated with the dataset that was 

produced by Ding and Dubchak [13]. To avoid further 

complication and to reduce time consumption of the 

Symbol Feature Group’s Name Dimension 

C Amino Acids Composition 20 

S Predicted Secondary Structure (Normalized frequency of α-Helix Residue) 21 

H Hydrophobicity 21 

P Polarity 21 

V Van Der Waals Volume 21 

Z Polarizability 21 

Table I: The description and the dimension size of the six feature groups were used in this paper.  
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proposed ensemble method, five simple combinational 

policies were applied to combine the employed 

classifiers, namely: Maximum of Probabilities, Minimum 

of Probabilities, Product of Probabilities, Average of 

Probability, and Majority Voting [24]. In each case 

(algebraic combiners), the final ensemble decision is the 

class i that receives the largest computed 

probability )(xTPi
. 

))(max(arg)( ,...,1 XTPXH ini    (6) 

where the computed probabilities are calculated as 

follows ( ni ,...,1  is the number of classes and 

mj ,...,1  is the number of classifiers contained in the 

ensemble method): 

Average of Probabilities:                                        
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Product of Probabilities:   
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Maximum of Probabilities:  

                   )|(max)( ,...,1 xijmji wPXTP   
  (9) 

Minimum of Probabilities:   

                   )|(min)( ,...,1 xijmji wPXTP   
   (10) 

Majority Voting:   
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where 1)( xI if x  is true and 0)( xI otherwise. 

The structure of the proposed ensemble method is shown 

in Figure 1 [25]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

At the first step, each of the employed classifiers was 

separately applied to assess the effectiveness of each of 

them individually. In this study, eleven different 

combinations of feature groups were used instead of six 

combinations of feature groups that were used in 

previous works [13, 23]. Additional combinations of 

feature groups were used to provide better understanding 

of the discriminatory information contained in each 

feature group and to find better combination of feature 

groups to be used for further researches [10].  (The 

results are shown in Table II). 

As shown in Table II, LogitBoost and AdaBoost.M1 

provided better prediction performance compared to the 

other employed classifiers. Despite the lower prediction 

performance of the SVM, MLP, and Naïve Bayes 

classifiers than the AdaBoost.M1 and LogitBoost 

classifiers, their prediction performance were still 

comparable with the results obtained by previous works 

[9, 13, 32]. 

In the second step, combinations of the all employed 

classifiers with the employed voting policies were 

applied for different combinations of the feature groups 

(Table III).   

From the result, Majority Voting [24] showed a better 

prediction accuracy as compared to the other voting 

policies and the previous works found in the literature 

(Table IV). Despite all the advantages of using ensemble 

methods as compared to the use of an individual 

classifier, it also enforces the effectiveness of noise by 

combining noise of each classifier used as part of 

ensemble method with each other. In this way, the noise 

of each classifier will intensify the other classifiers noises 

and consequently intensify general noise effect on the 

prediction performance.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

AdaBoost.M1

Naive Bayes

MLP

LogitBoost

SVM

Product of probabilities

Average of Probability

Majority Voting

Minimum Probability

Maximum Probability

Ensemble Output 5

Ensemble Output 4

Ensemble Output 3

Ensemble Output 2

Ensemble Output 1

...

 
Figure 1: Construction of the proposed ensemble method. Each classifier trained independency and then, combined with 

other base classifiers’ using one of the employed combinational polices.           

 Combinations 

Classifiers 
C CS CSH CSP CSV CSZ CSHP CSHV CSHPZ CSHPV CSHPVZ 

MLP 48.0 53.8 53.0 53.5 51.2 51.4 55.1 55.9 55.1 56.4 55.6 

Naïve Bayes 52.2 52.2 55.0 52.5 51.2 50.4 53.8 52.0 52.5 51.7 50.7 

SVM 44.4 55.2 54.3 54.1 51.4 52.7 54.8 54.8 54.3 54.1 54.3 

AdaBoost.M1 52.0 57.7 58.5 56.9 59.0 56.7 57.2 57.7 57.7 57.2 57.2 

LogitBoost 46.2 56.4 58.5 55.5 56.9 56.9 58.8 56.1 55.4 60.3 56.1 

Table II: The results were achieved by applying each of the employed classifiers individually for eleven different 

combinations of the feature groups with addition of the length of amino acid sequence feature (in percentage %) 
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Voting policy C CS CSV CSZ CSP CSH CSHV CSHP CSHPV CSHPZ CSHPZV 

Maximum probability 55.6 58.7 59.8 60.1 59.5 58.7 58.7 59.3 59.3 58.2 58.7 

Minimum Probability 57.2 57.7 57.2 62.1 60.8 59.5 58.5 60.1 59.1 59.3 57.2 

Majority Voting 58.5 61.6 61.4 62.1 60.8 62.4 59.5 59.5 62.1 61.1 64.5 

Product of probability 55.9 59.0 59.8 62.4 60.8 61.4 59.8 61.1 62.4 61.4 59.8 

Average of Probability 56.4 61.1 62.1 61.4 61.4 63.4 59.8 62.4 60.8 61.1 63.2 

Reference Method Features Combination % 

[13] OvO (SVM) C+S+H 45.2 

[13] Unique OvO (SVM) C+S+H 51.1 

[13] OvO(ANN) C+S+H+P+Z+V 41.8 

[13] AvA(SVM) C+S+H+P 56.4 

[9] MLP-Based HLA C+S 48.6 

[9] RBFN-Based HLA C+S+H+P+Z+V 56.4 

[9] SVM-Based HLA C+S+H+P+Z+V 53.2 

[9] AdaBoost.M1 C+S+H 58.2 

[19] MLP Majority Voting Fuse C+S+H+P+Z+V 40.5 

[19] MLP Bayesian Fuse C+S+H+P+Z+V 44.5 

[19] RBF Majority Voting Fuse C+S+H+P+Z+V 49.7 

[19] RBF Bayesian Fuse C+S+H+P+Z+V 59.0 

This Paper  Our Method (Average of Probability) C+S+H+ Length of the amino acids sequence 63.4 

[23] LogitBoost C+S+H+P+V 60.3 

[3] DIMLP C+S+H+P+Z+V+ Length of the amino acids sequence  61.1 

[32] HKNN C+R+H+P+Z+V 57.4 

[31] BS2_FLC_K125 C+S+H+P+Z+V+ Length of the amino acids sequence 59.2 

[31] RS1_HKNN_K125 C+S+H+P+Z+V+ Length of the amino acids sequence 60.0 

[31] RS1_KHNN_K25 C+S+H+P+Z+V+ Length of the amino acids sequence 60.3 

[13] BAYESPROT C+S+H+P+Z+V+ Length of the amino acids sequence 58.8 

[39] MOFASA C+S+H+P+Z+V+ Length of the amino acids sequence 60.0 

[4] SHMM Amino Acids Composition Based Feature 51.6 

[22] ALH C+S+H+P+Z+V 60.8 

This Paper Our Method excluding SVM C+S+H+P+Z+V+ Length of the amino acids sequence 63.7 

This Paper Our Method (Majority Voting) C+S+H+P+Z+V+ Length of the amino acids sequence 64.5 

Table IV: The results were achieved by using the proposed ensemble method compared to the highest results reported by 

previous works found in the literature (in percentage %). 

 

Excepted Method C CS CSV CSZ CSP CSH CSHV CSHP CSHPV CSHPZ CSHPZV 

Proposed Method Except MLP 57.1 60.3 61.6 61.6 59.0 60.6 60.6 59.5 59.5 60.6 61.6 

Proposed Method Except SVM 56.1 60.6 61.4 61.4 60.1 62.4 60.8 60.8 62.9 60.1 63.7 

Proposed Method Except AdaBoost.M1 54.1 60.8 59.8 60.8 59.8 60.8 60.6 60.1 62.1 60.8 60.8 

Proposed Method Except LogitBoost 55.6 61.1 60.8 60.8 60.3 59.8 61.1 59.8 61.9 60.8 61.4 

Proposed Method Except Naïve Bayes 55.9 61.9 60.8 60.8 60.6 60.1 58.0 59.3 62.7 60.8 62.9 

Table V: The results were achieved by applying ensemble of four classifiers by excluding each classifier individually 

for eleven different combinations of the feature groups with addition of the length of the amino acids feature (in 

percentage %). 

 

Table III: The results were achieved by using the proposed ensemble classifier, using five different voting 

policies, for eleven different combinations of the feature groups with addition of the length of the amino acid 

sequence feature (in percentage %). 
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Among all applied combinational policies, majority 

voting combines employed classifiers by using their final 

results (fold numbers) instead of the prediction accuracy 

of the based classifiers, which partly isolate the employed 

classifiers from each other which avoid further 

intensification of the effectiveness of noise on the 

classifier ensemble. As shown in Table III, the highest 

prediction accuracy was achieved by applying ensemble 

of all five classifiers with Majority Voting policy for the 

protein fold prediction problem. The results were 

achieved by this study enhanced the prediction accuracy 

by more than 3%, as well as increased the prediction 

power of the folds with less and more proteins in the 

training and test dataset concurrently (Table IV). 

To assess the effectiveness of the employed classifiers 

in the achieved prediction accuracy, each method 

separately was disposed from the proposed classifier 

ensemble. Due to the better results were achieved by 

using majority voting as the combinational policy, 

compared to the other combinational policies, the 

ensemble of the remained classifiers were combined 

using majority voting policy. The results are showed and 

compared in Table V. 

As shown in Table III, removing each of the classifiers 

was employed as a part of the proposed method, reduced 

the prediction accuracy compared to the case that all the 

employed classifiers were combined with each other. The 

ensemble of four methods showed that the achieved 

result was depended on the all of the employed classifies 

that were used in the ensemble method. As mentioned 

before, each classifier was chosen based on its ability to 

classify different kinds of protein folds, which was 

depended on the number of proteins in the test and 

training dataset. Removing of each classifier disturbed 

the balance between classifiers for voting. Based on the 

results were obtained, the corporation of the all classifiers 

was necessary to maintain the balance between the results 

of each classifier for the voting policy and consequently, 

to the achieved prediction performance. 

The results were achieved by eleven combinations of 

the feature groups in the Table III and the Table IV 

showed that the proposed method enhanced the 

prediction accuracy for combination of all features, as 

well as enhanced the prediction accuracy for the other 

combinations of features. The proposed method achieved 

58.5% prediction accuracy that was more than 2% higher 

than the result was achieved by Ding and Dubchak (56%) 

using combination of three feature groups [13]. 

The results of omitting each classifier and also 

combination of the all classifiers for the eleven 

combinations of feature groups were showed in Figure 2. 

As shown in Figure 2, the combination of the all 

employed classifiers for six cases, achieved better 

performance than the other combinations of the 

employed classifiers when one of them was omitted.  

As it also shown in Figure 2, the highest result were 

achieved by using combination of the all feature groups 

which showed the discriminatory information contains in 

the all employed feature groups in this study.  

 

6 Conclusion 

In this paper, the ensemble of five different classifiers 

(MLP, SVM, AdaBoost.M1, LogitBoost and Naïve 

Bayes) was implemented and applied to tackle the protein 

fold prediction problem. The employed classifiers were 

combined using five relatively simple combinational 

policies to avoid further complication (i.e. maximum of 

probabilities, minimum of probabilities, majority voting, 

product of probabilities, and average of probabilities). To 

study the performance of the proposed method, the 

dataset produced by Ding and Dubchak and the feature 

set introduced by Dubchak et al. were used [13, 14]. 

Among all the combinational policies employed in this 

paper, the highest result was achieved by using majority 

voting as the combinational policy for the employed 

classifiers. The proposed method achieved a 64.5% 

prediction accuracy using the combination of all the 

feature groups discussed in this paper. This was 3.4% 

better than the highest result reported in previous works 

using the same set of features (61.1% prediction accuracy 

that was reported by Bologna and Appel [3]). By using 

the combination of all the feature groups, it was shown 

the discriminatory information were contained in all the 

employed classifiers and the compatibility of each feature 

group with the other feature groups in enhancing the 

protein fold prediction performance. 

Despite all the novel and sophisticated methods that 

have been applied to the protein folding prediction 

problem, the application of the ensemble of different 

classifiers has not been adequately explored. Instead of 

implementing complicated methods based on the strength 

 
Figure 2: Comparison of results among the ensemble of all five employed classifiers and the ensemble of four 

classifiers, with each of the classifiers separately excluded from the ensemble method using majority voting as 

the combinational policy for all the cases. 
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of one individual classifier or a limited number of 

classifiers combined with stochastic voting policies; it is 

possible to implement an ensemble of simpler classifiers. 

The ensemble of different methods would lead us to 

inherit the merits and individual performance of each 

method as well as enforcing the diversity within classifier 

ensemble by using different classifiers with diverse 

learning approaches, to enhance the prediction accuracy 

for different problems especially for the protein fold 

prediction problem, as shown in this study. 

In this study, unweighted combinations of classifiers as 

well as unweighted combinations of feature groups were 

used. As shown in this paper, we assessed the 

performance of each classifier individually using 

different combinations of the feature groups. As shown in 

the results, neither the employed classifiers nor the 

applied feature groups did not perform similar (achieving 

same prediction performance or providing same 

discriminatory information) for this task. Some classifiers 

performed better than the others (the AdaBoost.M1 

compare to the Naïve Bayes) and some features provided 

more discriminatory information than the others (the 

composition of the amino acids feature group compared 

to the polarity feature group). Thus, a weighted 

combination of classifiers as well as feature groups 

would achieve better performance than the unweighted 

combinational policies which can be considered in the 

future researches. 
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