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Abstract. Recently, it has been shown that for majority voting combination 
methods, (negatively) dependent classifiers may provide better performance 
compared to that obtained with independent classifiers. The aim of this paper is 
to analyse the performance of plurality voting according to classifier diversity 
(agreement). This analysis is conducted in parallel with majority voting in order 
to show which method is more efficient with dependent classifiers. For this 
purpose, we develop a new method for the artificial generation of classifier out-
puts with fixed individual accuracies and pair-wise agreement. A diversity 
measure is applied for building the classifier teams. The experimental results 
show that the plurality voting is less sensitive to the correlation between classi-
fiers than majority voting. It is also more efficient in achieving the trade-off be-
tween the recognition rate and rejection rate than the majority voting. 

1   Introduction 

Voting methods, in particular plurality voting and majority voting, are widely used in 
multiple classifier systems. They operate on the class labels assigned by the classifi-
ers to each pattern. Plurality voting means that the class with the most votes is cho-
sen. In majority voting, the class that receives more than half of votes is chosen. For 
these voting rules, the use of independent classifiers is considered to be essential to 
achieve better performance [5, 6, 12, 14]. However, in practice, it is difficult to obtain 
independent classifiers. Recently, the assumption of independence is questioned “Is 
independence good for combination ?” [7] and some attention has been devoted to 
the relationship between dependency and accuracy of voting methods especially for 
the majority voting method. In [8], it is shown that independence is not a universal 
requirement and negatively dependent classifiers are more beneficial than independ-
ent classifiers. In [11], the authors derive the upper and lower limits on the majority 
vote accuracy with respect to individual classifier accuracy p (the same for all classi-
fiers), the number of classifiers in the pool and the pair wise dependence between the 
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classifiers. They showed that for achieving the highest improvement over p, all pairs 
of classifiers in the pool should have the same negative dependency. How will the 
results of the plurality voting be affected when the classifiers are dependent? Is the 
plurality voting more sensitive to correlation than the majority voting? To seek an-
swers to these questions, a large number of classifier ensembles with desired diversity 
is needed. However, building such ensembles on real-life data is difficult. In this 
paper, we are interested in the use of diversity in designing classifier teams in order to 
examine empirically the relationship between the plurality voting and classifier diver-
sity. The idea behind the proposed approach is to generate classifier outputs with 
fixed accuracies and fixed agreement. A statistical measure, chosen in advance, is 
used to determine the pair wise agreement between the classifiers.  

The paper is organized as follows. Section 2 presents the techniques suggested to 
enforce diversity between classifiers. Section 3 discusses the diversity measure used 
to generate the pair-wise agreement. The process of generating two classifiers accord-
ing to the predefined agreement measure is presented in section 4. The case of more 
than two classifiers is addressed in section 5. Experimental results are reported in 
section 6. Conclusions are drawn in section 7. 

2   Enforcing Diversity 

Diversity among classifiers, in addition to individual performance of each classifier, 
is considered as one of the main factors, to explain the behaviour of combination 
methods. To create a consistent ensemble of classifiers, several implicit and explicit 
methods have been investigated in the literature. Duin [2] lists the main implicit ap-
proaches to build diverse classifiers. The principal one is to use different data repre-
sentations adapted to the classifiers, for example, by using different feature vectors as 
inputs of classifiers [6, 13, 16]. The diversity can also be implicitly encouraged either 
by varying the classifier topology, the learning parameters [5] or by training each 
classifier on different parts of the data which is done for example by Bagging [1]. On 
the contrary, the aim of explicit methods is to design a set of classifiers by asserting 
the diversity measure in the process of building ensembles [4, 8, 13, 14]. The advan-
tage of the incorporation of diversity measure is to control a priori the diversity be-
tween the classifier outputs in order to facilitate the analysis of the combination be-
havior. In [8] for example, the authors propose a comprehensive study of the random 
generation of binary classifier outputs to evaluate the performance of majority voting. 
They derive formulas according to how two classifiers can be generated with speci-
fied accuracies and dependencies between them using Q statistic as a diversity meas-
ure. Based on these formulas, the authors propose an algorithm for generating multi-
ple dependent classifiers. Lecee et al [13] have also studied the influence of correla-
tion among classifiers to evaluate combination methods of class type. For that, teams 
of classifiers producing binary outputs are created according to fixed recognition 
rates and predefined similarity measure.  
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3   Diversity Measure 

The problems with diversity started to emerge with the attempts of measuring it [9]. 
Although used in many recognition problems, there is no analytic proof that a particu-
lar measure of diversity is preferable to another. The diversity measures operating on 
binary classifier outputs have been broadly categorized as pair-wise (measures which 
are calculated for each pair of classifiers in the team and then averaged) and non pair-
wise [9, 15]. Such measures have been studied for artificial datasets [9] or for real-
world datasets [15] to analyse the correlation between diversity and majority voting 
performance. In [9], the authors used ten diversity measures (four averaged pair-wise 
measures and six non pair-wise measures). Since most of the investigated measures 
showed very weak correlation with majority voting performance, they recommended 
the pair-wise Q statistic based on the criteria that it is understandable and relatively 
simple to implement. To emphasize the relationship between the plurality voting and 
diversity as well as the difference with the majority voting, we use in this study the 
kappa measure κ  to estimate the level of agreement between the classifier outputs 
[3]. We slightly favoured this measure for the following reasons: κ  depends on the 
individual accuracies of the classifiers and has a specific value 0 for statically inde-
pendent classifiers. κ  varies between –1 and +1. Values of κ  close to +1 indicate 
that the classifiers tend to recognize the same objects correctly. If the classifiers 
commit errors for different objects, then κ  takes negative values. In this paper, we 
assess a global agreement on correct and incorrect classification.  

More specifically, let iA  and jA  be two classifiers providing S outputs for a N-

class classification problem. Each output is made up of input pattern bs (s=1, …, S) 

and class labels Ci (i=1 to N). We consider that when iA  and jA  propose the true 

class label bs in their outputs, they agree. If they both propose incorrect labels, they 

also agree. In all the other cases, they disagree. Let ip be the accuracy or the recog-

nition rate of iA  which stands for the ratio of the number of outputs in which the true 

class appears on the total number of outputs. We can represent the output of classifier 

iA  as an S-dimensional binary vector T
iSi vvV

i
],...,[ ,,1=  such that isv , =’c’ (cor-

rect), if the output s contain the true class label sb , and isv , =’w’ (wrong) otherwise. 

Thus S× ip  elements of iV  have values ‘c’ and S × (1- ip ) elements have values 

‘w’. Thus, the N-class problem is transformed into a 2-class problem depending on 
the presence or absence of the true class in the classifier outputs.  

The pair-wise agreement between iA  and jA  having accuracies ip  and jp  can be 

obtained by the following function [9]: 
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where p is the mean accuracy of the two classifiers, 
2

j
pp
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xyp  is the probability that isv , =x and jsv , =y (see Table 1). 

The probabilities estimated in Table 1 are obtained by: ccp =
S

ncc , cwp =
S

ncw , 

wcp =
S

nwc  and wwp =
S

nww  with Snnnn wwwccwcc =+++  

where xyn  is the number of outputs in which the classifiers iA  and jA  propose or 

not the true class sb . 

Table 1. Diversity matrix ijDM  representing the percentage of agreement and disagreement 

between two classifiers iA  and jA  

 
jA  correct (c)  jA  wrong (w) 

iA  correct (c) ccp  cwp  

iA  wrong (w) wcp  
wwp  

4   Output Generation for Two Classifiers 

Generating classifiers according to accuracy only is easy. However, when the diver-
sity has to be considered, the generation is not straightforward. Recently Kuncheva 
and Kountchev propose a method for generating multiple classifier (binary) outputs 
[8]. They derive formulas according to how two classifiers can be generated with 
desired accuracies and dependency Q between them. The generation of the classifiers 
is realized simultaneously. Inspired by this study, we present here another possible 
solution based on the kappa measure. The idea is to determine a priori the relationship 
(agreement or disagreement) between the two classifiers through the diversity matrix 
DM according to fixed accuracies and pre-specified agreement level and then to gen-
erate, from this matrix, the classifier outputs. The outputs of the first classifier in each 
team are generated by the classifier simulator developed in our previous work [18]. 
The generation procedure of these outputs is beyond the scope of this paper and has 
been discussed earlier in a separate paper [18]. Here we concentrate on the generation 
of the second classifier based on the outputs of the first classifier and the diversity 

matrix. Thus, when two classifiers 1A  and 2A  are to be simulated according to a 

predefined diversity level, the procedure of generation follows 3 steps: 
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1. Construction of the diversity matrix 12DM  between 1A  and 2A  according to 

the desired accuracies 1p , 2p  and kappa 2,1κ . 

2. Generation of the outputs of 1A according to the fixed accuracy 1p . 

3. Generation of the second classifier from 1A  taking into account the accuracy 

2p  and the diversity matrix 12DM . 

After simple algebraic manipulations using Table 1, we can express the entries ccp , 

cwp , wcp  and wwp  using 1p , 2p , p and 2,1κ  as: 

ccp  = p ((1- p )( 2,1κ -1)-1) 

cwp  = 1p - ccp  

wcp  = 2p - ccp  

wwp  = 1-2 p  + ccp  

(2) 

After computing the elements of the diversity matrix 12DM , we generate the outputs 

1O =[ 1,1o , …, So ,1 ] of the basic classifier 1A  according to the desired accuracy 1p  

and we transform it into the binary vector 1V . Based on this vector and 12DM , we 

generate the vector 2V  of the classifier 2A . To do that, we should place the solutions 

‘c’ or ‘w’ in the outputs of 2V . This generation depends on the number of elements 

nc. that is the number of outputs for which the first classifier provides ‘c’ and nw. that 

is the number of outputs for which the first classifier provides ‘w’ with nc. = ncc+ ncw 

and nw. = nwc+ nww. Next, we generate the vector 2O of the classifier 2A  according to 

1O , 1V and 2V . This procedure is illustrated in Table 2. 

Table 2. Generating outputs of the classifier 2A  from the classifier 1A  
 

Input: S the number of outputs, 1O  the output vector of 1A  

Outputs: 2O the output vector of 2A  

Begin 

  For each output s =1 to S do 

  Draw a number X randomly in the range [1, nc.+nw.] 

    If X < nc then sv ,2 =‘c’ Else sv ,2 =‘w’  

    If sv ,1  = sv ,2  then so ,2 = so ,1  

  Else  

    If sv ,1 =’c’ then so ,2  = bs 

    Else  

      Choose randomly a class label Ci (i=1, …, N) different from bs  

      so ,2 = Ci  

End  
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5   The Case of More Than Two Classifiers 

The aim of the procedure described in this section is to generate automatically S out-
puts of L classifiers, for a N-class problem, which can be used for analysing the per-
formance of voting methods. The input is the number of classes N, the number of 
outputs S, a vector with the desired individual accuracies p=[p1,…pL]T, and a Kappa 

matrix κ=[κi,j], where κi,j is the desired agreement between classifiers iA  and jA  (i 

= 1,…, L-1; j = i+1,…, L). In the first step, the diversity matrices ijDM  are deter-

mined for each pair of classifiers iA  and jA  using (2). With L classifiers, we obtain 

L(L-1)/2 possible diversity matrices. The outputs of the first classifier are next gener-

ated according to the desired accuracy 1p . Starting from these outputs, outputs of 

the other classifiers are generated. For example, take 3 classifiers. For each output s 

(s=1 to S), we use so ,1 to set the output label so ,2  of A2 as presented in Table 2. Next, 

we use so ,1  to generate the output label of A3 according to the diversity matrices 

DM13 and DM23 . Note that there is no reason to use the same order of the classifiers. 

The selection can be done dynamically by generating for each output s, a random 
permutation of the integers from 2 to L. This is used to pick the order in which the 
classifiers will be selected. This generation process is repeated S times, so that L-1 
output vectors are obtained. (see Table 3).  

Table 3. Algorithm for the generation of classifier outputs according to the fixed accuracies 
and pair-wise agreement κ 

 

Inputs: L the number of classifiers, S the number of outputs, N 
the number of classes, p = {p1, p2, …,  pL) the desired accuracies 
and κ=[κi,j], where κi,j is the desired agreement between classifiers 

iA  and jA  (i=1,…,L-1; j=i+1,…,L) 

 
Outputs: the output vectors Oh (h=1,…, L) 
 
Begin 

 For each pair of classifiers iA  and jA  do  

  Calculate the matrix 
ij

DM  according to κ and p using (2) 

  Generate the outputs O1 of A1 according to N, S and p1 
  For each output s of A1 (s = 1 to S) do 
    Choose a random permutation (k1, k2,…, kL-1) in {2,…, L} 

    Using A1, set the s
th output of 

1kA  according to 
1,1 kDM  

    For t =2 to L-1 do 

      Using A1, set the s
th output of 

tkA  according to 
tkDM ,1
  

      Decrement the matrix 
1,1 −tkDM  

End 
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Note that there are cases where the generation of classifier ensembles with fixed 
diversity and accuracy are not possible (when the elements of the diversity matrix are 
negative). This can be explained by the fact that the kappa measure depends on the 
individual classifier accuracy. For two classifiers having performance equal to 0.5, 
the diversity can varied between –1 and +1. But, as the accuracy increases, the range 
of the diversity decreases. For example, the diversity between two classifiers with 
p=0.9, vary in [-0.1, 1].  

6   Experimental Results 

In this section, we report two experiments aimed at examining the relationship be-
tween the performance of voting methods and diversity in classifier behavior. In these 
experiments, we simulate ensembles of classifiers with the same pair-wise agreement 
κ = {-0.4, -0.2, 0, +0.2, +0.4} for a 10-class problem. For each classifier, S = 10000 
outputs are generated. The goal of the first experiment is to study the effect of an 
additional classifier on the performance of plurality voting method. For this experi-
ment, we simulate two classifiers with the same recognition rate p1=p2 in {0.5, 0.6, 

0.7} to which is added a third one whose recognition rate performance p3 vary from 

0.5 to 0.7 by 0.1 step. The recognition rates of the three individual classifiers and the 
plurality voting are shown in Figure 1. The results of Figure 1a demonstrate that the 
addition of the third classifier is interesting for pairs of classifiers having recognition 
rates higher than 0.5. In this case, as the value of kappa measure increases (i.e. the 
diversity decreases), the performance of plurality voting decrease. However, the addi-
tion of the third classifier does not achieve better performance over the best individ-
ual classifier for classifiers having recognition rate equal to 0.5, even in negatively 
dependent situation. Figure 1b and 1c show that  for diverse and independent classifi-
ers, the addition of a third classifier is beneficial for combination whatever its per-
formance. However, for kappa > 0,  the combination is not interesting.  

The main goal of the second experiment is to determine which voting methods 
would perform best under the condition that all of the classifiers have the same accu-
racy p=0.5 (i.e. weak classifiers). Table 4 shows the results of combining five classi-
fiers by plurality and majority voting. These results show that plurality voting outper-
forms majority voting for different classifier ensembles. The performance of majority 
voting is quite similar to the individual classifiers. The combination by this rule is not 
interesting in this case. Consider the combination of three classifiers with p1= p2= p3 

=0.5 as in the Figure 1a. We can see that the addition of two classifiers in the second 
experiment improves significantly the recognition rates of the plurality voting. The 
behaviour of the plurality voting becomes more stable than in the previous experi-
ment. Another advantage of plurality voting over majority voting is its higher rejec-
tion efficiency. Plurality voting has a lower rejection rate than the majority voting. 
This rejection rate increases when the diversity between the classifiers decreases. The 
experimental results in [14] also support this conclusion when combining independ-
ent classifiers.  
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Fig. 1 . Combination results with different performance of classifiers 

Table 4. Results of combining five weak classifiers with the two combining rules 

 Majority voting Plurality voting 
Diversity Recognition rates Rejection rates Recognition rates Rejection rates 
-1 0.504 ± 0.001 0.492 ± 0.010 0.812 ± 0.036 0.143 ± 0.045 
-0.5 0.501 ± 0.004 0.495 ± 0.002 0.741± 0.009 0.186 ± 0.007 
0 0.500 ± 0.030 0.494 ± 0.004 0.737 ± 0.016 0.190 ± 0.018 
0.5 0.500 ± 0.008 0.492 ± 0.004 0.682 ± 0.003 0.213 ± 0.005 
1 0.500 ± 0.009 0.500 ± 0.011 0.524 ± 0.003 0.286 ± 0.007 

7   Conclusion 

In this paper, we have proposed a new simulation method for the artificial generation 
of classifier outputs to examine the relationship between the plurality voting perform-
ance and between-classifier diversity. An algorithm for building two classifiers with 
specified accuracies and a pair-wise agreement κ between them is presented. The 
algorithm for generating more than 2 classifiers has also been proposed. The experi-
mental results point out the advantages of plurality voting over majority voting when 
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classifiers with different agreement levels are combined. The proposed method will 
be useful to evaluate any abstract-level combination methods and thus will be helpful 
to clarify the conditions under which a combination method can be used or is the best 
for different pattern recognition problems. 
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