
1 
 

 

 

 

 

 
COMPARING COMPOUND 

DIVERSITY AND ORDINARY 
DIVERSITY MEASURES USING 

DECISION TREES 
 

 

 

 

 

 

 

Autumn 2010:MI16 

 

 

 

 

 

 

 

Master’s (one year) thesis in Informatics (15 credits) 

Kanthi Gangadhara 

Sai Anusha Reddy Dubbaka 



2 
 

Title: Comparing Compound and Ordinary Diversity measures Using Decision Trees. 

Year: 2010 

Author/s: Kanthi Gangadhara, Sai Anusha Reddy Dubbaka 

Supervisor: Tuve Löfström 
Abstract 

An ensemble of classifiers succeeds in improving the accuracy of the whole when the 
component classifiers are both diverse and accurate. Diversity is required to ensure that the 
classifiers make uncorrelated errors. Theoretical and experimental approaches from previous 
research show very low correlation between ensemble accuracy and diversity measure. 
Introducing Proposed Compound diversity functions by Albert Hung-Ren KO and Robert 
Sabourin, (2009), by combining diversities and performances of individual classifiers exhibit 
strong correlations between the diversities and accuracy. To be consistent with existing 
arguments compound diversity of measures are evaluated and compared with traditional 
diversity measures on different problems. Evaluating diversity of errors and comparison with 
measures are significant in this study.  The results show that compound diversity measures 
are better than ordinary diversity measures. However, the results further explain evaluation of 
diversity of errors on available data.  

Keywords:  Machine learning, Ensemble, Diversity, Decision Trees, Data Mining, 
Compound diversity, Classifiers. 
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1. Introduction 

In most of the fields of research associated with artificial intelligence (AI) particularly 
machine learning are about how to aid decision makers with different tasks. These tasks 
involve recognition, diagnosis, planning, robot control, prediction. While the use of 
ensembles in machine learning research is fairly new the idea that aggregating the opinions of 
a committee of experts will increase accuracy is not new idea. Ensemble of classifiers has 
recently emerged as a robust technique to improve the performance of a single classifier. The 
key idea in ensemble is if a classifier or predictor is unstable then an ensemble of such 
classifier voting on the outcome will produce better results in terms of stability and accuracy. 
It is well known that ensembles of predictors produce better accuracy than a single predictor 
provided there is diversity among the ensemble. The main purpose of using ensembles is to 
combining several models that will eliminate uncorrelated base classifiers errors (Dietterich 
1997). The term diversity is introduced that means, the base classifiers commit their errors 
not depending of each other (Gabriele Z & P. Cunningham, 2001) (T Löfström , 2009). 

An increasing scientific effort dedicated to pattern recognition problems is currently directed 
to combining classifiers. Combining classifiers is an established research area shared between 
statistical pattern recognition and machine learning (L.I. Kuncheva, 2004). If we have many 
different classifiers, it is sensible to consider using them in a combination in the hope of 
increasing the overall accuracy (C. A. Shipp and L. I. Kuncheva, 2002). An ensemble of 
classifiers succeeds in improving the accuracy of the whole when the component classifiers 
are both diverse and accurate. Diversity is required to ensure that the classifiers make 
uncorrelated errors. If each classifier makes the same error, the voting carries that error into 
the decision of the ensemble, thereby gaining no improvement. In addition, accuracy is 
required to avoid poor classifiers to obtain the majority of votes. Under simple voting and 
error independency conditions, if all classifiers have the same probability of error, and such 
probability is less than 50% then the error of the ensemble decreases monotonically with an 
increasing number of classifiers(Domeniconi, C, Bojun Yan, 2005). 

Krogh and Vedelsby (1995) developed an equation stating the generalization ability of an 
ensemble determined by the average generalization ability and average diversity of individual 
models, the ensemble error, E is calculated as: 

E = �� � �� 
Where �� is the average error of the base models and �� is the ensemble diversity, 

measured as the weighted average of the squared differences in the predictions of the base 
models and the ensemble. From the equation, the second term that is always positive 
subtracted from the first to obtain ensemble error, which proves the model will have higher 
accuracy than the average accuracy obtained by the individual classifiers. However, the 
problem is that two terms are highly correlated, making it necessary to balance them rather 
than just maximizing diversity. This equation is invalid for majority voting rule, because of 
its usage for classifier combination, thus it is capable that MVE (Majority Voting Error) will 
have the best performance as the objective function. Several different diversity measures for a 
classification context have been proposed (T Löfström , 2009). 

Diversity is regarded as useful, but not explicitly related to ensemble accuracy. Nevertheless, 
there is no universal definition of diversity, and therefore of different diversity measures have 
been proposed (Aksela and Laaksonen 2006). Even with so many diversity measures, clear 
correlations between ensemble accuracy and diversity measures are not found correctly. The 



2 
 

concept of diversity helped in both theoretical and experimental approaches showing that 
strong correlations between accuracy and diversity measure are lacking (Aksela and 
Laaksonen 2006). In contrast to this relationship between them, Ko, Sabourin, britto JR 
(2009) suggested that compound diversity functions provide best correlation with ensemble 
accuracy. Proposed Compound diversity functions are derived by combining diversities and 
performances of individual classifiers, have strong correlations between the diversities and 
accuracy (the percentage correct). The proposed compound diversity functions are explained 
more elaborately in section 4.5.  

1.1 Problem Statement 

Optimizing the ensemble selection process using different searching algorithms with 
proposed compound diversity functions is the main purpose of proposed compound diversity 
(KO, Sabourin, JR Britto 2009). Since compound diversity seems promising, resulting in 
higher correlation than original diversity measures, it is important to validate the results 
shown in the original study. The compound diversity was only tested on few datasets and 
small ensembles before.  Therefore, the problem statement is: 

Are compound diversity measures generally more correlated with ensemble accuracy than 
ordinary diversity measures? 

To be able to make more general conclusions about compound diversity, an experimental 
setup with different ensemble sizes will be used together with a larger number of datasets. A 
diversity measure does, in our study, include both the ten diversity measures evaluated by 
Ko, Sabourin, Britto JR (2009) and diversity of errors measures, not previously evaluated 
using compound diversity.  The diversity of errors measures is only relevant for datasets with 
multi classes. Consequently a number of datasets with multiple classes have been used to 
allow the evaluation of compound and traditional diversity of errors. 

The correlation values are calculated between diversity measures on the training set and the 
ensemble accuracy on the test set. For better understanding the results are normalized. 

1.2 Purpose of Study 

The main purpose of this study is to evaluate Compound diversity measures and diversity of 
errors and to compare it with Traditional diversity measures and diversity of errors. The main 
contributions are: 

• Implementation of the Compound diversity measures from proposed Compound 
diversity functions in Weka data mining environment using core java. 

• Evaluating the Diversity of errors and finding the variation between Ordinary 
and Compound measures. 
 

1.3 Delimitations 
 

• The in-depth knowledge of combination methods and techniques for ensemble 
creation are not discussed. 

• Argument of previous experiments is not intentioned, but presented for 
guidance.   
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2. Background 

2.1 Data Mining 

Large amounts of data is collected and stored for business purposes like transforming data 
into business intelligence giving an informal advantage. As data mining is defined in many 
ways respective of different authors which are quite similar. 

“Data mining takes existing data, identifies seemingly unrelated patterns and 
relationships and uses this information to predict future behaviour.”  

In data mining data is stored electronically and the search is automated or at least augmented 
by computer. Huge amounts of data is continually gathered and stored in businesses around 
the world. This increased growth of databases in recent years brings data mining to the 
forefront of new business technologies. The process of transforming data into actionable 
information is often called data mining. (Ian H.Witten & Eibe Frank 2005) 

2.1.1 Data Analysis Techniques 

Data mining is a part of large process, which transforms data into information, the 
information into action, and the action into value (Berry & Linoff 1997). Mainly the focus is 
on the cycle where in the data is transformed but not on the techniques used for the 
transformation process. 

Some of the tools used for data mining are:  

• Artificial Neural networks:  These are Non-linear predictive models that learn 
through training and resemble scientific network. 

• Decision Trees: Tree- shaped structures represent the set of decisions which 
are generated by rules for a classification of data sets. 

• Rule induction: The extraction of useful if-then rules from data based on 
statistical significance. 

• Genetic Algorithms: Optimization techniques based on combination, mutation 
and natural selection. 

• Data visualization: The visual interpretation of complex relationships in 
multidimensional data. Graphical tools are used to represent some 
relationships.  (Kurt Thearlings) 

Many researchers have investigated the technique of combining the predictions of multiple 
classifiers to produce a single classifier (Breiman 1996a, Clemen1989, Perrone1993, and 
Wolpert1992). The resulting classifier is generally more accurate than any of the individual 
classifiers making up the ensemble. Both theoretical (Hansen Salamon1990, Krogh 
Vedelsby1995) and empirical (Hashem1997, Opitz Shavlik1996a, Optiz Shavlik1996b) 
research has demonstrated that a good ensemble is one where the individual classifiers in the 
ensemble are both accurate and make their errors on different parts of the input space. 
However the work presented that Bagging and boosting are effective for decision trees 
(Bauer Kohavi1992, Drucker Cortes1996, Breiman1996a, Breiman1996b, Freund 
Schapire1996, and Quinlan1996). 
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3. Ensembles 

3.1 Combining Classifiers 

Ensemble learning is an important research field in different research communities. It 
consists in the use of a set of prediction models, instead of just one, to accomplish the 
prediction task. The interest in ensemble learning is mainly due to improvement of accuracy 
and robustness when compared to the use of just one model. It has two main phases: 
ensemble generation and ensemble integration. When the same induction algorithm is used to 
generate all the models of ensemble, it is said that the ensemble generation is homogeneous, 
otherwise it is called heterogeneous. Ensemble integration can use two different approaches: 
combination or selection. The selection approach, in particular its dynamic version, selects 
one models from the ensemble according to the predictive performance of these models on 
similar data from the validation set. Well known ensemble methods use the combination 
approach. However, there are some indications that dynamic selection can obtain better 
results than combination. (Joao Mendes-Moreirs, Alipio Mario Jorge, Carlos Soares, Jorge 
Freire Sousa, 2009). 

Ensembles of learnt models constitute one of the main current directions in machine learning 
and data mining. Ensembles allow us to achieve higher accuracy, which is often not 
achievable with single models. It was shown theoretically and experimentally that in order for 
an ensemble to be effective, it should consist of base classifiers that have diversity in their 
predictions (Alexey Tsymbal 2004). One technique, which proved to be effective for 
constructing an ensemble of diverse base classifiers, is the use of different feature subsets, 
which is called as ensemble feature selection. Many ensemble feature selection strategies 
incorporate diversity as an objective in the search for the best collection of feature subsets. 
(Ramon Armengol Garganté, 2007) 

3.2 Ensemble Methods  

3.2.1 Bagging Classifier 
 
Bagging (Breiman1996a) is a ``bootstrap'' (Efron Tibshirani1993) ensemble method that 
creates individuals for its ensemble by training each classifier on a random redistribution of 
the training set. Each classifier's training set is generated by randomly drawing, with 
replacement, N examples - where N is the size of the original training set; many of the 
original examples may be repeated in the resulting training set while others may be left out. 
Each individual classifier in the ensemble is generated with a different random sampling of 
the training set. 
 
3.2.2 Boosting classifier  
 
Boosting gets its name from its ability to take a “weak learning algorithm” and “boosting” it 
into an arbitrarily strong learning algorithm. It combines the outputs from many weak 
classifiers to produce a powerful committee. Boosting (Freund Schapire1996, Schapire1990) 
encompasses a family of methods. The focus of these methods is to produce a series of 
classifiers. The training set used for each member of the series is chosen based on the 
performance of the earlier classifier(s) in the series. In Boosting, examples that are 
incorrectly predicted by previous classifiers in the series are chosen more often than 
examples that were correctly predicted. Thus, Boosting attempts to produce new classifiers 
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that are better able to predict examples for which the current ensemble's performance is 
poor.(David optiz, 1999) 
  
3.2.3 Random Subspaces 
 
The Random Subspaces method (RSM) is an ensemble method in which multiple classifiers 
are learned on the same dataset, but each classifier only actively uses a subset of the available 
features. Because each classifier learns on incomplete data, each individual classifier is less 
effective than a single classifier trained on all of the data. Since the RSM combines multiple 
classifiers of this type, each with its own bias based on the features it sees, it sees an increase 
in performance over the base classifier (T. Hoens & NV Chawla 2010). 

 
3.3 Classification algorithm 
 
3.3.1 Decision Trees 
 
Decision trees are one of the most used classification techniques for data miming. Tree 
models have high degree of interpretability. Global and complex decisions can be 
approximated by a series of simpler and local decisions. Algorithm that construct decision 
trees from data use a divide and conquer strategy. A complex problem is divided into simpler 
problems and recursively the same strategy is applied to the sub-problems. The solutions of 
sub-problems are combined in the form of a tree to get the solution of a complex problem 
(Tao Wang, Zhoujun Li, Yuejin Yan and Huowang Chen, 2007). 
 
3.3.1.1 Random Forests 
 
Tin Kam Ho of Bell Labs (1995) first proposed the concept of Random decision forest, which 
was later extended and formalized by Leo Breiman. Breiman demonstrated that random 
forests are not only highly effective classifiers, but they readily address numerous issues that 
frequently complicate and impact the effectiveness of other classification methodologies. 
Random Forest are the combination of tree predictors such that each tree depends on the 
values of a random vector sampled independently and with the same distribution for all trees 
in the forest.(Breiman 2001) 
 
In random split selection (Dietterich (1998)) at each node the split is selected at random from 
among the K best splits. (Breiman (1999)) generates new training sets by randomizing the 
outputs in the original training set. Another approach is to select the training set from a 
random set of weights on the examples in the training set. Ho (1998) has written a number of 
papers on "the random subspace" method which does a random selection of a subset of 
features to use to grow each tree. Random inputs and random features produce good results in 
classification less so in regression. The only types of randomness used in this study are 
bagging and random features. It may well be that other types of injected randomness give 
better results. For instance, one of the referees has suggested use of random Boolean 
combinations of features (Breiman (2001)). 
 
The key success of Bagging and Boosting classifiers is that they build a set of diverse 
classifiers. 
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3.4 Using Diversity for Building Ensemble 
  
Diversity will be helpful in designing the individual classifiers, the ensemble, and the 
combination method.  The relation between diversity and ensemble accuracy support the 
design process. The motivation is that diversity should step out of the passive role of being 
only a tool for monitoring and should help actively at the design stage. The over produce and 
select approach is a step in this direction. However, we need to overproduce first. An 
alternative approach would be to stop the growing of the ensemble when diversity and 
accuracy satisfy a certain condition. Take the starting point as kappa–error diagram and run 
AdaBoost. The first and the second classifier (D1 and D2) will define one single point on the 
diagram. This point will be the convex hull and the Pareto optimal set of itself. The third 
classifier, D3, will place two more points: one for (D1, D3) and another for (D2, D3). At this 
step we recalculate the Pareto-optimal set. If the points added by the new classifier have not 
changed the previous Pareto-optimal set, then this classifier is not accepted. Another training 
set is generated with the same distribution and a new classifier is attempted on it. We run the 
acceptance check again, and proceed in this manner. A specified parameter T defines the 
limit of the number of attempts from the same distribution. When T attempts have been made 
and a classifier has not been accepted, the procedure stops and the classifier pairs in the last 
Pareto optimal set are declared the ensemble (L.Kuncheva, 2003). The usefulness of diversity 
measures in building classifier ensembles in real-life pattern recognition problems are studied 
by L. I. Kuncheva and J. Whitaker (2003). 
 
4. Diversity 
 

4.1 Basic Definition 

Quantifying the difference of classifiers in an ensemble is named as diversity. This is not 
considered as strict definition of what is intuitively perceived as diversity. Measures of the 
connection between two classifier outputs can be derived from the statistical literature but 
there is less clarity when three or more classifiers are concerned. Diversity is not only studied 
that long in the context of classifier combining, is an old concept and has been, and continues 
to be widely used in other contexts such as biology and evolutionary algorithms, among 
others. (Aksela and Laaksonen (2006)) 

A study on diversity in life sciences by Rao (1982) initialized the idea of diversity. Consider 
the height of adult gorillas in a certain region of Africa having population � with a 
probability measure P associated with it.  The measure P defines the distribution of heights 
for the population as follows (L.I.Kuncheva (2003)). 

Let (X, B) be a measurable space, and let P be a convex set of probability measures defined 
on it. A function H (.) mapping P onto the real line is said to be a measure of diversity if it 
satisfies the following conditions 

C1: H (P) ≥ 0, for any P ∈ P and H (P) = 0 iff P is degenerate. 

C2: H is a concave function of P.  

The concavity condition ensures that any mixture of two populations has a higher diversity 
than the average of the two individual diversities. H (Pi) is the diversity within a population �� characterized by the probability measure Pi. Rao (1982) defines H (Pi) to be the averaged 
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difference (symbol(X2, X2)) between two randomly picked individuals in the population ��  
according to the probability measure Pi. 

H (Pi) =	 
���, ��) Pi(X1) Pi(X2)                                      (1) 

If the two individuals are drawn from two different populations then the total diversity will be 

H (Pi, Pj) =	 
���,��) Pi(X1) Pj(X2)                                      (2) 

The dissimilarity between the two populations ��and ���is then, 

Dij= H (Pi, Pj) -  ����������������                                          (3) 

This dissimilarity is based on talking out the diversity coming from each population and 
leaving only the pure diversity due to mixing the two populations. 

The notion of diversity is translated into mathematical concept needed in classifier 
combining. The diversity within the population will be the diversity of the ensemble with 
respect to the particular point in the feature space. The within-population diversity H(P) can 
be measured by the entropy of the distribution of class labels among the classifiers or by the 
Gini index. Let Pk be the probability that a randomly chosen member of the population 
outputs label �� (� ����� =1). Then the Gini diversity within a population of L classifiers is 
 

H (P) = G = 1 – � ����� ��                                              (4) 
Therefore, the average diversity across the whole feature space is calculated as the average G 
over the data set Z. The alternative view presented here is to consider the data points as the 
elements of the population and the classifier as the environment responsible for the 
distribution of the class labels (L.I. Kuncheva 2003). 
 

4.2 Traditional measures (Kuncheva and Whitaker, 2003) 
 

Diversity has been distinguished as a very vital feature in classifier combination 
(Cunninghan & Carney, 2000; Krogh & Vedelsbby, 1995; Rosen, 1996; Lam, 2000; 
Littlewood & Miller, 1989). 

 
Kuncheva and Whitaker (2003) presented the 10 basic diversity measures which are defined 
using oracle output, and can be applied to any type of base classifier. 
 
Pairwise Measures 
 

Let the output of each classifier Di be represented by an N-dimensional binary 
vector!�, where !�"� # $ if Di recognizes correctly instance %� and 0 otherwise, and let &'"( 
refer to the number of instances for which !�"�=a and !�"�=b. As an example, let & is the 
number of instances correctly classified by both classifiers 
 
Q- Statistic 
 
The first measure, (Yule 1990) Q-statistic if for two classifiers, Di and Dk 

 

)�"�  =������*��*++,*+�*�+
*��*++,*+�*�+                                                                                                         (5) 
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Q varies between -1 and 1. If the classifiers commit their errors independently, Q will be 
negative. For an ensemble consisting of L classifiers, the averaged Q over all pairs of 
classifiers is 
                                          

)'- #� �
.�.,�� � )�"�.����.,��                                                                                                (6) 

 
 
 
Correlation Coefficient / 
 
 The correlation between two binary classifier outputs  !� and !� is 
 

/�"� = *��*++,*+�*�+
0�*���*�+��*+��*++��*���*+���*�+�*++�                                                                           (7) 

  
Disagreement Measure 
 
This measure was used to characterize the diversity between a base classifier and a 
complementary classifier and then for measuring diversity in decision forests. It is the ratio 
between the number of observations on which one classifier is correct and the other is 
incorrect to the total number of observations. 
 

123�"� #  *+��*�+
*���*�+�*+��*++                                                                                                    (8) 

 
Double- Fault measure 
 
The double-fault measure was used to form a pairwise diversity matrix for a classifier pool 
and subsequently to select classifiers that are least related. It is defines as the proportion of 
the cases that has been misclassified by both classifiers, 
 

14�"� # *++
*���*�+�*+��*++                                                                                                       (9) 

 
 
Non- Pairwise diversity measures 
 
The Entropy measure 
 
The highest diversity among classifiers for a particular zj ∈ Z is manifested by [L/2] of the 
votes in yj with the same value (0 or 1) and the other L- [L/2] with the alternative value. If 
they all were 0’s or all were 1’s, there is no disagreement, and the classifiers cannot be 
deemed diverse. Denote by l(zj) = � 5�"�.�� . 
One possible measure of diversity based on this concept is 
 
E = *� �

�6786 �9 :�*�� ���min{l;<�=" > � ?;<�=}                                                                             (10) 
 

E varies between 0 and 1, where 0 indicates no difference and 1 indicates the highest possible 
diversity. 
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Kohavi-Wolpert Variance  
 
Kohavi and Wolpert derived a decomposition formula for the error rate of a classifier 
(Kohavi and Wolpert, 1996). They give an expression of the variability of the predicted class 
label 5 for x across training sets within a specific classifier model.   
 
KW = 

*.� � ?;<�=" > � ?;<�=*��                                                                                              (11) 
 
Interrater agreement  
 
A statistic developed as a measure of Interrater reliability, called @, can be used when 
different raters assess subjects to measure the level of agreement while correcting the chance. 
 If we denote /� to be the average individual classification accuracy, 
/� # 

*.� � 5�"�".��*��                                                                                                             (12) 
Then,  

 

@ = 1- 
�
6� A;<�=".,A;<�=B�C�
*�.,�DE�,DE�                                                                                                           (13) 

 
Measure of Difficulty 

Difficulty measure was used by Hansen and Salomon (1990). Let X be a random variable 
taking values in {+6,

�
6,…, 1}. X is defined as the proportion of classifiers in FFFF that correctly 

classify an instance x drawn randomly from the distribution. To estimate the probability mass 
function of X, all L classifiers are run on the data set Z. The difficultyG is then defined as the 
variance of X. 
 
Generalized diversity 

Here, Y is a random variable expressing the proportion of classifiers that are incorrect on a 
randomly drawn instance. Let�H� is the probability that Y=�

6 and (i) is the probability that i 
randomly chosen classifiers will fail on a randomly chosen x. The generalization diversity 
measure GD is defined as  
 
GD = 1-���I���I��                                                                                                                         (14) 

Using 
(1) = � �

.
.�� H�"   and      (2) = � ���,�

.�.,�
.�� H�.                                                                         (15) 

GD varies between 0 (minimum diversity when (2) = (1)) and 1 (maximum diversity when 
(2)=0). 

 

Coincident failure diversity 

Coincident failure diversity is a modification of GD. This measure is designed so that it has a 
minimum value of 0 when all classifiers are always correct or when all classifiers are 
simultaneously either correct or wrong.  

CFD = JK"�������������������������������HL # $MKN
�

�7O+� .,�
.,H�" ���HL.�� P $ Q                                                                                  (16) 
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Maximum value is achieved when at most one classifier will fail on any randomly chosen 
object. 

Table1.  Diversity Measures 

Name Abbr ↑/↓ P S Reference 

Q-statistic Q (↓) Y Y (Yule,1900) 

Correlation coefficient ρ (↓) Y Y (Sneath & Sokal,1973) 

Disagreement D (↑) Y Y (Ho,1998; Skalak, 1996) 

Double-fault DF (↓) Y N (Giacinto & Roli,2000) 

Kohavi-Wolpert KW (↑) N Y (Kohavi & Wolpert,1996) 

Interrater agreement k (↓) N Y (Dietterich, 2000b;Fleiss, 1981) 

Entropy E (↑) N Y (Cunningham & Carney, 2000) 

Difficulty DI (↓) N N (Hansen & Salamon,1990) 

Generalized diversity GD (↑) N N (Partridge & Krzanowski, 1997) 

Coincident failure diversity CFD (↑) N N (Partridge & Krzanowski, 1997) 

 

Where “P” stands for pair wise measure and “S” stands for Symmetrical, the arrow specifies 
whether diversity is greater if the measure is lower (↓) or greater (↑). 
Kuncheva and Whitaker (2003) made an analysis of these 10 measures. Few experiments 
were run on only on a very limited set of problems.  
 
4.3 Different angles of Diversity in classifier combination 
 
Diversity can be viewed from two angles according to Matti Aksela & Jorma Laaksonen 
(2006). The first is data-based approach in which classifier outputs for each data sample is 
considered as population. Suppose we have k classifiers each classifying every one of the N 
items of input data zi. For N population with k objects in each the diversity for the classifiers 
can be calculated as an average over the whole data space depending on difference of actual 
ouputs. This concludes that true diversity for classifier combining is independent of the 
correctness of the classification. 
 
Secondly, diversity measures that are applied in a pairwise fashion—according to the concept 
of using the data points as the populations—calculate the diversity for more than two member 
classifiers via averaging over the pairs. Such measures are thus in practice incapable of 
automatically discovering the truly “best” set size, as they will always prefer the smallest 
possible set size, i.e. two members for pairwise measures. When having found the two most 
diverse classifiers, adding a third to the set always decreases the set’s overall diversity as the 
measure value for the larger set is an average of the pairwise values. Naturally in most cases 
selecting just two member classifiers from a large pool will not be the optimal solution for 
classifier combining purposes. The latter problem can be circumvented by not letting the 
diversity measure affect the member classifier set size. Instead, all member set sizes can be 
examined individually and the best set of each size chosen. Alternatively, we may prune the 
initially full set of members by selecting the member classifier to be removed while keeping 
the committee’s performance improvement as the terminating condition (Aksela & 
Laakosonen 2006). 
 
The issue of the relationship between diversity and correctness in classifier combining, 
however, is more difficult to resolve. It has been also previously noted that the benefits 
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obtainable by using “traditional” diversity measures for classifier combination in real-life 
problems often fail to meet the expectations. So actually, for the purpose of classifier 
combination, a more efficient approach may be to not hold maximizing diversity as the goal 
in itself. Instead, one may attempt to develop measures to capture what is desired: classifiers 
that behave differently in a way that can be used to enhance performance via combining 
them. To reach that objective the concept called diversity of errors is explained[4.4]. 
  
4.4 Diversity of errors (Aksela and Laaksonen 2006) 
 
Diversity would be maximized with classification results that are always different. Much 
difficulty arises from an input sample that several member classifiers predict to belong to the 
same incorrect class. These cases are the most difficult for any combination method to detect 
and handle correctly. Thus especially in such situations when the member classifiers do 
provide incorrect outputs, it is highly advantageous if the errors are different as often as 
possible, i.e. maximally diverse. Even though it is naturally the best if all classifiers are 
correct and it is better the fewer classifiers make a mistake. Disagreements in general have 
significantly less impact on the committee performance than the agreements. 
 
Two different notations are introduced where &R'STLL stands for the number of times both 
classifiers were incorrect and suggested the same output, and �&U�VVTWTXYLL  , where both 
classifiers were incorrect but suggested different outputs. 
 
Distinct failure diversity 

Distinct failure diversity (DFD) was proposed was proposed in the application domain of 
multi-version software, but is also applicable for other situations. The measure focuses on 
cases where failures are coincidental but distinct, i.e. resulting in different erroneous outputs. 
By estimating the probability of exactly n versions failing, 
 
                              tn  =����������Z[\]^_�`a�b�\^c�bdeb�Z�f^_c�`Zc�ae�g��h^Zb�ieggj

b`beg�Z[\]^_�`a�h�cb�Zib��ZO[b�ae�g[_^c                                      (17) 
where the total number of distinct input failures is the total number of error classes with one 
or more result. Now DFD can be defined as 

                                     DFD =� �B7Z�
�B7��

*X�  tn                                                                                        (18) 
If the total number of distinct input failures is zero, DFD is defined to be equal to one. The 
measure is maximized to obtain the optimal set of classifiers. 
 
 
Same-fault measure 
In an extension to the idea of the double-fault measure, one could further restrict the 
simultaneous fault consideration to situations where both classifiers were incorrect and 
suggested the same classification result. This can be defined for two classifiers a and b as 

SFa,b = *ce\^++
*                                                              (19) 

The mean of the pairwise measures is used as the measure value for a larger set. The optimal 
classifier set is then selected by minimizing the measure. 
 
Weighted count of errors and correct results 
Information on not only the incorrect, but also on the correct results can be taken into 
account, with more emphasis placed on the situation where classifiers agree on either the 
correct or incorrect result. One may simply count the occurrences of the different 
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combinations and give suitable weight on the “both correct”, a favourable situation, and 
“both same incorrect”, an unfavourable situation: 

WCECa,b= N11+ ���(N01+N10) - &U�VVTWTXYLL  - 5&R'STLL                             (20) 
The weighting is arbitrary, and the presented values have been chosen based on the reasoning 
to penalize errors, and especially the same or identical errors. The weights could also be 
optimized using a training set and a suitable algorithm, but this would require the selection of 
the criterion to optimize. The criterion could be the performance for some committee, but this 
was not done here as it would lead to the measure being dependent on the criterion of 
optimization. For multiple classifiers, the mean of the pair wise counts is used. The optimal 
subset can be selected by maximizing the measure (Aksela and Laaksonen, 2006). 
 
4.5 Compound Diversity (Albert Hung-Ren KO and Robert 

Sabourin(2009)) 
 
It has been observed that many different measures, clear correlations between ensemble 
accuracy and diversity measures cannot be found, leading some researches to consider 
diversity measures unnecessary for ensemble selection. Both theoretical and experimental 
approaches show that strong correlations between diversity measures and ensemble accuracy 
are lacking ( Ko, Sabourin, Britto (2009)). 

 
According to KO, Sabourin, Britto JR (2009), lack of correlation between diversity measures 
and accuracy does not imply that there is no direct relationship between them, but that 
diversity should be taken into account with the performance of individual classifiers. 
Therefore, they suggested Compound diversity functions can give the best correlation with 
ensemble accuracy. Compound diversity functions are derived by combining diversities and 
the performance of individual classifiers. 

 
Most important fact is to disintegrate the mean square error of an ensemble into an ambiguity 
part and a non-ambiguity part, and determine the variation terms in both the ambiguity and 
the non-ambiguity parts, which results in maximizing the ambiguity among classifiers, will 
also affect the non-ambiguity part. 

 
Some diversities measures calculate the ambiguity among classifiers, where positive 
correlation with ensemble accuracy is expected; others actually measure the similarity among 
classifiers, where there would be a negative correlation between them and accuracy. In the 
case where the diversity measures represent the ambiguity, we combine the diversity 
measures with the error rates of each individual .  

klm'S(n = .
., ��o �$ � p��.�� ���6  ;o ;$ � k�"�=.�"��"�q� = �

6r�67��                                              (21) 
 
 
Where ai is the correct classification rate of classifier fi, and di,j is the measured diversity 
between classifier fi and classifier fj with L number of classifiers. Here �$ � p�) is the error 
rate of classifier fi, and ;$ � k�"�=���can be interpreted as the similarity between classifier fi 
and classifier fj. These proposed functions are based on diversity measured in a pair wise 
manner. 
 

klmRsSn # .
., ��o �$ � p��.�� ���6  ;o k�"�.�"��"�q� = �

6r�67��                                                        (22) 
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Where di,j should be interpreted as the similarity between fi and fj in this case. 
We expect negative correlation between them and ensemble accuracy.  
 
To combine a specific diversity measure with the error rates of each individual classifier, one 
must select between both compound diversity functions. klm'S(n  Must be used when diversity 
measure is based on the ambiguity among classifiers where positive correlation with 
ensemble accuracy is expected, while, klmRsSn  and must be used when the diversity is based 
on the similarity among classifiers, where there would be a negative correlation between 
them and ensemble accuracy (KO, Sabourin, Britto JR 2009). 
 
4.5.1 Key concept of L/(L-1) function : 
 
These approximations without the function L/(L-1) in equations(21,22) lead to strong 
correlations for a fixed number of classifiers L, the bottom line is that the ensemble selection 
will result in the minimization of L for the proposed compound function, if L is a free 
parameter. This is explained more clearly below: 
 
Ko, Saburin, Britto (2009) explained by assuming that if there are total of M classifiers in the 
pool, they intend to select a subset of L classifiers, L≤M, which can construct ensemble of 
classifiers with best accuracy, using majority voting rule. For pair wise diversity measures 

suppose, for all classifiers f1 - fM , diversity di,j is measured on t�t,��  classifier pairs ci,j ,      
$ u 2" v u w, i≠j. In turn, there exists at least one classifier pair ci,j  with the maximum pair 
wise diversity di,j  that is larger than or equal to any pair wise diversity of other classifier-
pairs di,j  , for $ u 2" v u w, i≠j. As a result, the maximum pair wise diversity di,j  of classifier 
pair ci,j  is larger than the diversities of any other L selected classifiers,  
 
Given that if  x u > u w : 
    
   @L, di,j ≥ E{di,j} = dL                                                                                           (23) 
 
Where E{di,j} is the mean pair wise diversities of L selected classifiers, which is that if pair 
wise diversity is used as an objective function for ensemble selection, and if the number of 
classifiers is set as a free parameter, it is quite possible to get only one classifier pair. The 
proposed compound functions(21,22) are based on diversity measured in a pair wise manner, 
by taking into the account the individual classifier error rates, ensembles with less classifiers 
are likely to be favored in the ensemble selection. Considering to this effect, function L/ (L-1) 
has been introduced with various number of classifiers (L) (Ko, Sabourin Britto JR (2009)).   
   
5. Evaluation of diversity (Research work done) 
 

5.1  Author’s Perspective: 
 
Different author’s view helped to known about the previous work done. Diversity plays a key 
role which has been used to measure the accuracy and performance through predictive 
models. Some author’s review has been presented: 
 
C. A. Shipp, L. I. Kucheva(2002) found little correlation between diversity measures and 
combination methods for two datasets. The role of diversity measures in designing classifier 



14 
 

ensembles is still in confusing as there is no high correlation between combination methods 
and diversity measures. They suggest that more precise formulation of the notion of diversity 
and constructing a more practical measure would be a useful method for building classifier 
teams based on diversity. 

Kuncheva, Whitaker (2003) study of ten diversity measures that strong correlation among 
them. Different experiments are performed (section 5.2) to relate diversity measures and 
accuracy of the team. The results lack the connection between the measures and the 
improvement of accuracy. Therefore they suggest that diversity for designing the ensemble 
can be considered at least on some intuitive level, as it shows greater similarities between the 
measures. But the problem remains with measuring this diversity and using it effectively for 
building better classifier teams. 

Kuncheva’s (2004) work on diversity in classifier ensembles is, to investigate the 
hypothetical relationship between diversity and ensemble accuracy that would be helpful in 
designing the individual classifiers, the ensemble, and choosing the combination method. The 
results show that all individual classifiers have approximetly the same accuracy. The study 
presents three views of diversity for success of an ensemble, pointing that diversity in some 
way has been utilized to select the final ensemble. 
 
Aksela and Laaksonen(2006) examines diversity of errors measures. They argue that 
objective for selecting classifiers in multi-classifier is not to produce a diverse committee that 
has a maximal level of diversity rather to produce best final performance attainable. They 
suggest that to optimize both the member classifier set and the committee, a diversity 
measure independent of used committee should be considered. This may help refrain from 
excessive iteration of the two phases of optimization. They concluded that selection of 
member classifiers is dependent on the combination method’s characteristics. 
 
P. Cunningham and J. Carney, Ho (1998a & 1998b) and by Guerra-Salcedo and Whitley 
(1999a and 1999b)  advocates that feature subsets are a useful mechanism for introducing 
diversity in an ensemble of k-NN classifiers. If the feature space under consideration is large 
(> 35) then there may be less risk of loss of diversity in searching for good quality ensemble 
members. They also mentioned the use of entropy measure of diversity construction of a very 
good quality ensemble. 
 
5.2 Traditional diversity measures evaluation 
  

To examine the relationship between the accuracy of the team and measures of diversity 
different experiments are conducted by Kuncheva and Whitaker (2003). Four different 
experimental setups were built to known the relationship between diversity measures and the 
improvement of the majority vote over the single best classifier and mean of the ensemble. 
 
In simulation experiments, all measures had exactly equal relationships with the improvement 
of the majority vote (L.Kuncheva & Whitaker 2003; M.N Kapp & Robert Sabourin & Patrick 
Maupin (2007)). And also diversity measures are strongly correlated between themselves. 
Whereas in enumeration experiments, the relationship between the diversity measures were 
strong, due to the imbalance of pair wise dependencies the majority vote is very different 
with same diversity and same individual accuracy. The third experimented showed the 
possible insufficiency of the diversity measures for predicting the betterment on the best 
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individual accuracy. The results appeared showed that there is no clear relationship between 
diversity and the averaged individual accuracy, which is counterintuitive. 
 
Based on set of experiments it is possible that in different circumstances, diversity and 
accuracy could exhibit a stronger relationship (M.N Kapp & Robert Sabourin & Patrick 
Maupin (2007)). The 10 measures show strong relationships among themselves, but it is 
unclear that the connection between the measures and the improvement of the accuracy will 
be practical values at some point. Kuncheva and Whitaker (2003) study suggested finally that 
the general motivation for designing diverse classifiers is correct but the problem of 
measuring this diversity and so using it effectively for building best classifier teams is still 
need to be solved. 
 
5.3 Compound diversity evaluation with proposed functions 
 
 
Ko, Sabourin, Britto JR (2009) examined the correlation between proposed compound 
diversity functions and ensemble accuracy. In experiments, they mainly focused to combine 
the diversities with performance of each individual classifier, and show that there is strong 
correlation between proposed functions and ensemble accuracy using different types of 
ensemble creation methods. 

 
Ensembles are evaluated by using different number of classifiers, all correlations are 
calculated for ensembles with the same number of classifiers, and then the mean values of 
correlations from different numbers of classifiers are measured. Same procedure is been 
followed in the experiment but with different ensemble creation methods and the overall 
results are compared with Mean Classifier Error of individual classifiers. 
 
Using different ensemble creation methods, the correlation between ensemble accuracy a) 
ordinary diversity measures b) proposed compound diversity functions c) Mean Classifier 
Error (ME) are compared. We observe from the results that in most cases the Mean Classifier 
Error has an apparent correlation with ensemble accuracy; it also shows proposed compound 
diversity functions give better results than the original diversity measures. Since the 
correlation between ME and ensemble accuracy is weak, Compound diversity functions still 
work well and present stronger correlations with ensemble accuracy than ME. Few diversity 
measures Q, INT and DI did not perform as well as others. Some diversity measures are 
stable and some are not stable. As a result the correlations between the diversities and 
ensemble accuracy for bagging are weaker than those for Random Subspaces.  
 
In this ensembles are created using Boosting, which results in a strong correlation between 
ME and ensemble accuracy. However the correlation by the proposed compound diversity 
functions could be equivalent to or better than that of ME, which means this proves that 
diversity does help to obtain a strong correlation with ensemble accuracy. The correlations 
between the diversities and ensemble accuracy are weaker for Boosting than those bagging 
and for Random Subspaces.  
 
In all three ensemble creation methods, the proposed compound diversity functions correlate 
much stronger with the ensemble accuracy than the traditional diversity measures. This 
suggests that the issue of ensemble diversity is crucial in Boosting. From the results of the 
experiment, we can conclude saying that number of classifiers used in an experiment matters 
to correlate the diversity measures. 
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The correlations reported in the experiment are rather low for some measures and are 
unstable for some other set of diversity measures. An important observation is that the 
experimental setup will have great impact on the results achieved. Performance depends 
strongly on the accuracy of individual classifiers. The result encourages further exploration of 
compound diversity functions. Based on this observation, a new experimentation plan is 
designed to compare the results of Original diversity measures and Implemented Compound 
diversity measures. From the above suggested studies and experiment, a proposal is 
introduced with new classification algorithm to evaluate the diversity of errors and also 
compare the Traditional measures with Compound measures. 
 
5.4 Results of Diversity of Errors 

 
Aksela & Laaksonen (2006) presented some experiments to obtain best performance with a 
diversity measure based on the concept of diversity of errors. The experiments also indicate 
that as the member classifier set size was grown, the difference in accuracy of the 
combinations produced by different diversity measures decreased. 
 
The results show that the approach of diversity of errors is beneficial, and that the several 
common methods are compared with novel approach focusing on the diversity of errors made 
by the member classifiers. 
 
They presented the experiments which deals with a fixed member classifier size of four 
member classifiers. And also the diversity measures performances are examined in the case 
where we are not restricted to a fixed member classifier set size. The behaviours of different 
committee methods are noted. The diversity of errors are not exactly evaluated with the 
correlation values but the results consistently show the behaviour of diversity of errors with 
various combinations of member sizes and methods, performance of the measure is shown 
based on the diversity of errors is very good until it starts to degrade after the position where 
the true optimal set is found.  
 
6. Evaluation 

 
Implementation of compound diversity functions which combines more than one diversity 
measure and comparing the correlation values of ten ordinary values with compound 
diversity measures. Evaluating diversity of errors measures is the primary goal in this 
experimentation. The basic idea is adopted from the result of Ko, Sabourin, Britto JR (2009). 
The experimental results are compared with the previous study (Ko, Sabourin, Britto JR 
(2009)). It is generally known that mainly correlation values are used to compare the 
diversity measures, since it is traditionally followed in many previous experiments. It is 
worth noting that the overall purpose of the study is to measure the ordinary and compound 
diversity values and evaluate them and to compare with previously reported results.  
 
6.1 Experimentation setup 

 
For experimental evaluation, In WEKA data mining environment, we used Fast Random 
Forest method in our evaluation which was developed by Leo Breiman & Adele Cutler 
(1994). This Fast Random Forest runs efficiently on many datasets and it produces a highly 
accurate classifier. Decision trees are very simple to interpret and understand. The reason for 
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WEKA environment is that it offers a variety of learning algorithms and a well defined 
framework for experimentation and development of new algorithms.  

 
All data sets used are from UCI repository (Asuncion & Newman 2007). Data sets are 
summarized in below table. 

Table2. Characteristics of data sets 

Name  Classes Instances Attr Cat 
attr 

Con attr Unknown 

Breastcancer  2 286 9 5 4 2 
Cmc  3 1473 9 4 5 0 
Credits-a  2 690 15 9 6 7 
Ecoli 8 336 8 3 5 1 
Glass 6 214 9 0 9 0 
Credit-g  2 1000 20 13 7 0 
Hepatitis  2 155 19 13 6 15 
Hypo  2 3163 25 18 7 8 
Iono 2 351 34 0 34 0 
Labor 2 57 16 8 8 16 
Lymph 4 148 18 15 3 0 
Sonar 2 208 60 0 60 0 
Spambase 2 4601 57 0 57 0 
Tae 3 151 5 4 1 0 
Tic-tac-toe 2 958 9 9 0 0 
Waveform 3 5000 21 0 21 0 
Vehicle 4 846 18 0 18 0 
Wine 3 178 13 0 13 0 
Votes 2 435 16 16 0 16 
Vowel 11 528 10 0 10 10 

 
   
Names are the names of the data sets. Alt. acronyms are alternative names and acronyms. 
Classes are the number of classes for each data set. Instances are the number of instances. 
Attr is the total number if attributes, while cat attr and con attr are the number of nominal and 
continuous attributes, respectively. The Unknown is the number of attributes with the missing 
values. Missing values have been replaces with the attribute mean or mode value, for 
continuous and categorical variables, respectively. 
 
In our experiment we have used all binary (2) classes datasets for comparing the ordinary 
measures and compound diversity measures, and multi value (more than 2) classes datasets 
are used only for evaluating diversity of errors. 
 
We selected datasets from the repository that have different number of training instances, 
different number of features, and different number of classes, 10 binary and 10 multiclass. 
The number of different ensemble sizes are 10(10, 20,30,40,50, 60, 70, 80, 90, 100), where 
all smaller ensembles are one subset of larger ensemble for e.g. If the size of ensemble is 20 
which have 20 trees, then the first 10 trees are from the ensemble 10(trees) and the remaining 
10 are newly added trees. The experiment is repeated for 10 iterations with 10 folds in each, 
in total 100 runs which are averaged into one value per size and dataset for each measure. We 
found a drawback, a heavy memory loss of data while performing experiment using different 
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ensembles sizes with more number of trees. Hence we performed the experiment with 10 
fixed different sizes.   

 
For each dataset the diversity and compound diversity were reported on the training set 
together with the ensemble accuracy on the test set. For all 10 sizes the correlations between 
diversity measures on the training set and the ensemble accuracy on the test set is calculated. 
To avoid confusion, diversity measures being more diverse when values decrees, thus 
normally resulting in negative correlation, are normalized so that all tabulated correlation 
values should be 1 for perfect correlation. 

 
7. Experimentation results 
 

7.1 Evaluating diversity on Binary problems 
 

The purpose of the first experiment is to evaluate the ordinary diversity measures and 
Compound diversity measures using binary problems, i.e. they are evaluated on datasets with 
2 classes. More specifically, we compare the correlation values of both kinds of diversity 
measures. All diversity measures are on training data and evaluated against test set ensemble 
accuracy. The experimentation setup is explained above in section 6.1. 
 
7.1.1 Results 

 
Table 3: Correlations between ensemble accuracy and Traditional diversity 
Measures of Binary class datasets 
 Dataset Q P DIS DF E k KW DI GD CFD 
breast cancer -0.368 -0.279 -0.281 0.174 0.761 -0.245 0.708 0.690 -0.005 0.101 
german_credit 0.956 0.965 0.779 0.942 0.861 0.964 0.978 0.986 0.982 -0.974 
Hepatitis -0.892 -0.907 0.951 -0.959 0.957 -0.925 0.960 0.959 -0.950 0.712 
Hypothyroid 0.796 -0.052 -0.872 0.880 -0.823 0.232 0.676 0.992 0.639 0.855 
Ionosphere -0.832 -0.784 -0.064 -0.677 0.522 -0.796 0.857 0.884 -0.785 0.770 
Labor -0.803 -0.877 0.637 -0.853 0.925 -0.885 0.947 0.896 -0.904 0.048 
Sonar -0.553 -0.538 -0.512 0.454 -0.275 -0.768 0.933 0.976 0.146 -0.983 
Spambase 0.347 0.232 0.710 -0.047 0.985 0.190 0.994 0.995 0.130 0.924 
tic tac toe -0.257 -0.212 0.115 -0.297 0.276 -0.297 0.982 0.988 -0.444 -0.983 
Vote -0.649 -0.608 0.098 -0.643 0.629 -0.567 0.663 0.677 -0.582 0.738 
Mean Correlation -0.225 -0.306 0.156 -0.103 0.482 -0.310 0.870 0.904 -0.177 0.121 

  
Table 4: Correlations between ensemble accuracy and Compound diversity 
functions of Binary class datasets 
 Dataset CQ CP CDIS CDF CE Ck CKW CDI CGD CCFD 
breast cancer 0.286 0.662 0.699 0.684 0.699 0.829 0.684 0.684 0.014 0.690 
credit_g 0.581 0.987 0.791 0.987 0.791 0.887 0.987 0.987 0.914 0.987 
Hepatitis 0.663 0.317 0.769 0.963 0.769 0.776 0.963 0.963 0.353 0.963 
Hypothyroid 0.892 0.979 0.972 0.980 0.972 0.958 0.980 0.980 0.979 0.979 
Ionosphere 0.495 0.890 0.911 0.892 0.911 0.920 0.892 0.892 0.590 0.891 
Labor 0.786 0.909 0.761 0.922 0.761 0.774 0.922 0.922 0.906 0.911 
Sonar 0.425 0.980 0.869 0.980 0.869 0.909 0.980 0.980 0.983 0.980 
Spambase 0.752 0.997 0.872 0.997 0.872 0.874 0.997 0.997 0.997 0.997 
tic tac toe 0.484 0.984 0.885 0.984 0.885 0.909 0.984 0.984 0.984 0.984 
Vote 0.554 0.770 0.539 0.670 0.539 0.542 0.670 0.670 0.771 0.683 
Mean Correlation 0.592 0.847 0.807 0.906 0.807 0.838 0.906 0.906 0.749 0.906 
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The values tabulated in the first 10 columns of above two tables are compound and traditional   
diversity measures. In order to make the tables more readable, the compound diversity 
measures are labelled with ‘C’ for every measure meaning “Compound”.  

From table 4 Measures of compound double fault (CDF), compound Kohavi-wolpert(CKW), 
compound difficulty(CDI) and compound coincident failure diversity(CCFD) are highly 
correlated, having same mean correlation. Again, measure compound disagreement (CDIS), 
entropy (CE) also has similar behaviour. Although not quite as extreme the Compound 
measure Q (CQ) value has much lower correlation value compared to other compound 
diversity measures. 

In Traditional diversity measures of Table 3, the mean correlations are remarkably low. 
Specifically, several measures have extremely low or even negative mean correlation. On the 
other hand, some measures obtain significantly high correlations. Only Difficulty (DI), 
however, has a correlation comparable to the correlation of compound measures. The 
measures that perform well are difficulty (DI), kohavi-wolpert(KW) and entropy(E). 

 
7.1.2 Comparing the results with related work 
 
From the section 5.3, the compound diversity measures (Ko, Sabourin, Britto 2009) are 
evaluated using different methods. The results are compared with the above (see section 
7.1.1) results obtained using binary problems. 

 
They performed experiment using 10 datasets while there are only 4 datasets (Breast cancer, 
Letter recognition, Satellite, Image Segmentation) in Ko, Sabourin, Britto (2009) experiment. 
We compare the results by taking similar dataset from related theory work and from our 
experiment.  
 
Table 5. Average correlation values for Random space method between 
ensemble accuracy  
 
a) Ordinary measures 

Dataset Q P DIS DF E k KW DI GD CFD 
Breastcancer -0.170 -0.355 -0.017 -0.391 -0.017 -0.360 -0.017 0.244 0.289 0.299 

 
b)  Compound diversity measures 

Dataset CQ CP CDIS CDF CE Ck CKW CDI CGD CCFD 
Breastcancer 0.336 0.248 -0.637 0.492 -0.637 0.241 -0.540 0.329 -0.455 -0.426 

 
In Breast Cancer dataset the 10 diversity measures using random forests method (Decision 
trees) are compared with 10 diversity measures using ensemble creation method(Random 
subspace) explained by Ko, Sabourin, Britto JR (2009). 
 
As observed from table 3, ordinary entropy have more correlation than all other measures and 
lowest is Q-statistic, where as in table 5 ordinary CFD is measured with more correlation and 
lowest is ordinary DF. We can observe as the experimentation setups are different, but the 
correlation values for breast cancer dataset using decision trees show higher correlation than 
compared to random subspace method. Even in compound diversity measures, high 
correlation is observed in our experimental results than comparing with theoretical work.  
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While comparing the variation between ordinary and compound diversity using both 
methods, fast random forest method measures are comparatively high than Random subspace 
ensemble creation method. 
 
Table 6. Average correlation values for Bagging method between ensemble 
accuracy 
  
a) Ordinary measures 

Dataset Q P DIS DF E k KW DI GD CFD 
Breastcancer 0.106 -0.005 -0.290 -0.040 -0.290 -0.021 -0.290 0.492 -0.112 -0.117 

 
b) Compound measures 

Dataset CQ CP CDIS CDF CE Ck CKW CDI CGD CCFD 
Breastcancer 0.509 0.201 -0.526 0.337 -0.526 0.208 -0.543 -0.235 -0.333 -0.286 

 
In bagging method Ordinary measures show strange results some values are same like KW, 
DIS, E. DI (difficulty) showing highest correlation value. Even in compound measures CDIS, 
CE has same values. However, CKW has lowest correlation value. While comparing the 
variation, the same results follow compound measures using decision trees are more 
correlated than using boosting ensemble method.  
 
Table 7. Average correlation values for Boosting method between ensemble 
accuracy  
 
a) Ordinary measures 

Dataset Q P DIS DF E K KW DI GD CFD 
Breastcancer 0.087 -0.005 -0.139 -0.004 -0.139 -0.053 -0.139 0.365 -0.057 -0.055 

 
b) Compound measures 

Dataset CQ CP CDIS CDF CE Ck CKW CDI CGD CCFD 
Breast cancer 0.544 0.198 -0.559 0.387 -0.559 0.180 -0.548 0.282 -0.345 -0.318 

 
From above comparison, these values are better. Compound measures show very low 
correlation. Same values are seen for DIS, E, and KW (lowest value). Even in compound 
measures CDIS, CE has same values, with CKW lowest correlation values. 
 
Using Fast Random forest, the correlation values observed are higher than compared to the 
theoretical values (all the 3 ensemble creation methods). When compared with other datasets 
the values are not much high correlated except some measures while some are negatively 
correlated. Measure Entropy in traditional and compound Interrater (Ck) has highest 
correlation in all other diversity measures in the experiment conducted on binary datasets for 
breast cancer (See section 7.1).  
In general all these ensemble methods (Random subspaces, Bagging, Boosting) Bagging and 
Boosting values are more compared to random subspaces method. 
 
7.1.3 Conclusion 

The results from the above tables (3, 4) agree with Ko, Saburion, Britto JR(2009), that 
compound diversity of measures perform quite well compared to traditional diversity 
measures. Datasets of two classes are higher correlated in compound diversity functions than 
traditional measures. First, it is important to realize that these results show a drastic variation 
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from Traditional measures to Compound diversity measures. However, this change is 
negligible for measure difficulty since compound difficulty measure and traditional difficulty 
measure have much similarity unlike other measures. But generally ensembles show very 
similar performance when a relevant setup is used. A question can be covered from these 
results for further analysis, these high correlation values observed from compound diversity 
measures may be due to the equation L/(L-1) adjustment in proposed compound diversity 
functions. As combining the measures and mean accuracy is not the only activity responsible 
for the success of compound frame work. 
 
A main conclusion can be drawn from these results from tables (5, 6, 7) since we found that 
even the breast cancer dataset has same correlation values for some diversity measures like 
Disagreement, Entropy in all three methods. By this we can confirm that the results in these 
two experiments ( Ko, Saburin, Britto JR (2009) experiment & experiment1 in section 7.1.1) 
may be slightly different because of different techniques, different ensemble sizes. By these 
results we can conclude that compound measures show higher correlation than traditional 
measures in both (Ko, Saburin, Britto JR (2009) & experiment1 in section 7.1.1) experiments. 
 
7.2 Evaluating diversity errors on Multi-class datasets 
 
The difference between the first and second experiment is in matter of choosing multi class 
datasets, which means that the diversity of errors are relevant to include. The same 
experimental setup is used by taking datasets of more than two classes from UCI repository 
to evaluate compound diversity functions, traditional diversity measures and diversity of 
errors.  More specifically, we intend to investigate the correlation values of the diversity of 
errors, and compare with the correlation values of both diversity measures. 

7.2.1 Results 

The results tabulated in the first 10 columns of below two tables are compound and 
traditional diversity measures and the last 3 columns are diversity of errors (Distinct Failure 
Diversity (DFD), Same Fault (SF), and Weighted Count Error Correct (WCE)) of multi class 
datasets. It should be noted that in order to make the tables more readable, the compound 
diversity measures are labelled with ‘C’ for every measure meaning “Compound”.  

 
Table 8: Correlations between ensemble accuracy and: a) Ordinary diversity 
functions b) Diversity of errors of Multi class datasets 
 
Dataset Q P DIS DF E k KW DI GD CFD DFD SF WCE 
Cmc 0.853 0.846 0.903 0.638 0.961 0.848 0.959 0.958 0.795 -0.954 -0.962 0.78 0.62 

Credit rating -0.991 -0.987 -0.983 0.904 -0.848 -0.986 0.928 0.965 -0.954 0.878 -0.974 0.904 0.958 

Ecoli 0.956 0.967 -0.385 0.968 0.829 0.965 0.979 0.984 0.969 0.892 -0.966 0.964 0.956 

Glass 0.481 0.581 -0.481 0.586 0.839 0.493 0.982 0.971 0.555 -0.968 -0.962 0.538 0.553 

lymphography 0.869 0.867 -0.517 0.775 0.087 0.79 0.9 0.905 0.805 -0.162 -0.913 0.737 0.706 

Tae -0.601 -0.734 0.208 -0.651 0.919 -0.777 0.949 0.956 -0.852 -0.882 -0.956 -0.599 -0.542 

Waveform 0.837 0.571 0.796 -0.67 0.959 0.565 0.999 0.999 -0.487 -0.972 -0.994 -0.681 -0.724 

Vehicle 0.882 0.904 -0.456 0.831 0.637 0.902 0.845 0.849 0.882 -0.961 -0.893 0.792 0.771 

Wine 0.678 0.736 -0.541 0.739 -0.485 0.714 0.941 0.914 0.708 0.776 -0.929 0.704 0.676 

Vowel -0.106 -0.586 0.893 -0.881 0.929 -0.606 0.998 1 -0.86 -0.954 -0.998 -0.921 -0.908 

Meancorrelation 0.386 0.316 -0.056 0.324 0.483 0.291 0.948 0.95 0.156 -0.331 -0.955 0.322 0.307 
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Table 9: Correlations between ensemble accuracy and: a) Compound diversity 
functions b) Diversity of errors of Multi class datasets 
 

Dataset CQ CP CDIS CDF CE Ck CKW CDI CGD CCFD CDFD CSF CWCE 

Cmc 0.443 0.959 0.795 0.959 0.795 0.881 0.959 0.959 0.338 0.979 0.723 0.959 0.722 

Credit rating 0.666 0.979 0.769 0.978 0.769 0.799 0.978 0.978 0.948 0.979 0.658 0.978 0.972 

Ecoli 0.75 0.974 0.802 0.984 0.802 0.823 0.984 0.984 0.537 0.984 0.754 0.984 0.982 

Glass 0.711 0.949 0.861 0.947 0.861 0.907 0.947 0.948 0.648 0.949 0.756 0.947 0.942 

lymphography 0.385 0.892 0.805 0.894 0.805 0.853 0.895 0.895 0.251 0.893 0.588 0.894 0.812 

Tae 0.581 0.955 0.752 0.937 0.752 0.792 0.936 0.936 0.535 0.966 0.664 0.936 0.577 

Waveform 0.736 0.995 0.896 0.995 0.896 0.927 0.995 0.995 0.991 0.995 0.747 0.995 0.951 

Vehicle 0.178 0.857 0.546 0.859 0.546 0.796 0.859 0.859 0.885 0.858 0.339 0.859 0.885 

Wine 0.921 0.727 0.855 0.731 0.855 0.864 0.731 0.731 0.727 0.727 0.627 0.731 0.731 

Vowel 0.43 0.995 0.896 0.995 0.896 0.839 0.995 0.995 0.996 0.996 0.734 0.995 0.996 

Meancorrelation 0.58 0.928 0.798 0.928 0.798 0.848 0.928 0.928 0.686 0.933 0.659 0.928 0.857 

 

From Table 8, in traditional diversity measures, most of the mean correlations are low. Here 
again, the correlations of several measures have extremely low or even negative correlation. 
However, on the other hand, some measures obtain significantly higher correlations 
compared to compound diversity measures. It is observed with Difficulty (DI) and Kohavi-
Wolpert (KW) which has high correlation comparable to the correlation between traditional 
and compound diversity measures of multi class datasets. In traditional diversity measures, 
Kohavi- Wolpert (KW) and Difficulty (DI) have high correlation with almost similar values. 

The mean correlations obtained with multiclass datasets in Table 9 are high. The same values 
are repeated for compound correlation coefficient (CP), compound double fault (CDF), 
compound kohavi- wolpert(CKW) and compound difficulty (CDI), all these measures occupy 
second position of having high correlation. These measures have same values, this may be 
due to performance of each individual classifier must have varied in a similar way for all 
these 4 measures and even because of the mean accuracy or ensemble accuracy. Compound 
CFD is highly correlated than other compound diversity measure and CQ is the correlated 
measure similar to Binary class evaluation. 

Regarding diversity of errors, compound same fault is highly correlated when compared 
between compound and traditional diversity of errors. It is to be noted that DFD have less 
correlation than the other two diversity errors in compound and traditional diversity 
measures. The diversity errors of traditional diversity measures do not perform well due to its 
weak and negative correlation values. Even that couldn’t make big difference in compound 
diversity measures e.g. CCFD is more correlated than diversity of errors. 

7.2.2 Conclusion 

The result of this experiment has some different results unlike experiment with binary class. 
However, the correlations of compound diversity functions are high. The highest correlation 
is noted in traditional diversity measures of Kohavi-Wolpert and Difficulty; both these 
measures have same correlation. The experiments, furthermore, show that few traditional 
measures are more correlated than the diversity of errors, but do not seem to work as well as 
expected. The same is also observed in the case of Compound diversity measures. From the 
above results we conclude that Compound diversity measures are better than compound 
diversity of errors and traditional diversity of errors. 
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The correlations reported in both studies are high in compound diversity functions compared 
to traditional diversity measure. However, the results of multi class dataset are different as 
some of the traditional measures have high correlation than compound diversity functions. 
Empirical study proves that Diversity of errors in both the cases is not so beneficial, but 
theoretically Akesala and Laakosonen (2006) proved that diversity of errors is beneficial. The 
main conclusion of this study is instead that, given the specific setup, it is not consider as the 
best choice even though it is possible for a data miner to use any measure in diversity of 
errors to check for any kind of implementation. 
 
8. Conclusions 

A conclusion regarding the problem statement of this thesis is presented below: 

 
“Are compound diversity measures generally more correlated with ensemble accuracy 
than ordinary diversity measures?” 

Previous studies suggested that diversity is not explicitly related to ensemble 
accuracy, and it is our objective to demonstrate that the implementation of compound 
diversity. As we can see in these experiments, correlations between the compound diversity 
functions and ensemble accuracy for compound diversity measures are evaluated and 
tabulated. Correlation is only been calculated generally for evaluating diversity of measures 
from previous experiments (done by many authors). 

In Compound diversity study (section 4.5), two proposed compound diversity functions are 
explained. Using these functions code has been implemented for all compound diversity 
measures and diversity of errors. The results from experiment1 with Binary datasets strongly 
proved that the correlation values of compound diversity measures are higher than compared 
to the traditional diversity measures. Though we used different classifier (Fast Random 
forest) in our experimental setup, the observed result coincides with Ko, saburin, Britto JR 
(2009) conclusion (section 7.1.1). In general, ensembles selected by different compound 
diversity functions have so far been found to have similar performances for Decision Trees. 

In the empirical study, from section 7.2diversity of errors are evaluated with multiclass 
datasets. The focus of this experiment is mainly to evaluate diversity of errors, since diversity 
of errors measures have not been evaluated before. While comparing compound diversity of 
errors to compound measures, compound measures are correlated more than compound 
diversity of errors measures from section 7.2.1 where as when traditional diversity of errors 
measures is compared with compound measures, compound diversity of measures are 
correlated more than traditional diversity of errors measures. Measures like DFD in table 8 
are negatively correlated which is a major drawback this can be because of different 
classification algorithm, ensemble sizes. The results presented above in table 8 and 9 show 
that compound diversity of errors measures have higher correlation than compared to the 
traditional diversity of errors measures. We conclude that Compound diversity measures are 
better than compound diversity of errors and traditional diversity of errors. 

Finally from above two observations compound diversity functions are generally more 
correlated with ensemble accuracy than traditional diversity measures even for different 
classification method. 
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9.  Future work 

The fact that the evaluation of diversity of errors raises some doubts regarding the 
results, as it shows that some measures are highly negatively correlated, it suggests a future 
work to evaluate the diversity of errors using different kinds of ensembles by other 
classification algorithms. The main suggestion for future work is to carry out more 
experiments on ensemble selection, with more classification methods. 

Since from the experimental results, we found that all the compound diversity measures show 
mean correlation almost equal to 1, which can be used to select an ensemble. Ensemble 
creation using these compound measures can also be future work.   

One important question has to be addressed in future work is whether by combining the 
measures and mean accuracy could be the only factor or the equation L/(L-1)  plays an 
important role for the success of compound diversity framework. 
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University of Borås is a modern university in the city center. We give courses in business administration 
and informatics, library and information science, fashion and textiles, behavioral sciences and teacher 
education, engineering and health sciences. 

 

In the School of Business and Informatics (IDA), we have focused on the students' future needs. 
Therefore we have created programs in which employability is a key word. Subject integration and 
contextualization are other important concepts. The department has a closeness, both between students 
and teachers as well as between industry and education. 

 

Our courses in business administration give students the opportunity to learn more about different 
businesses and governments and how governance and organization of these activities take place. They 
may also learn about society development and organizations' adaptation to the outside world. They have 
the opportunity to improve their ability to analyze, develop and control activities, whether they want to 
engage in auditing, management or marketing.  

 

Among our IT courses, there's always something for those who want to design the future of IT-based 
communications, analyze the needs and demands on organizations' information to design their content 
structures, integrating IT and business development, developing their ability to analyze and design 
business processes or focus on programming and development of good use of IT in enterprises and 
organizations. 

 

The research in the school is well recognized and oriented towards professionalism as well as design and 
development. The overall research profile is Business-IT-Services which combine knowledge and skills in 
informatics as well as in business administration. The research is profession-oriented, which is reflected in 
the research, in many cases conducted on action research-based grounds, with businesses and 
government organizations at local, national and international arenas. The research design and professional 
orientation is manifested also in InnovationLab, which is the department's and university's unit for 
research-supporting system development. 
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