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a b s t r a c t 

Although the development of new supervised learning algorithms for machine learning techniques are 

mostly oriented to improve the predictive power or classification accuracy, the capacity to understand 

how the classification process is carried out is of great interest for many applications in business and 

industry. Inductive learning algorithms, like the Rules family, induce semantically interpretable classifica- 

tion rules in the form of if-then rules. Although the effectiveness of the Rules family has been studied 

thoroughly and new and improved versions are constantly been developed, one important drawback is 

the effect of the presentation order of the training patterns which has not been studied in depth previ- 

ously. In this paper this issue is addressed, first by studying empirically the effect of random presentation 

orders in the number of rules and the generalization power of the resulting classifier. Then a presenta- 

tion order method for the training examples is proposed which combines a clustering stage with a new 

density measure developed specifically for this problem. The results using benchmark datasets and a real 

application of wood defect classification show the effectiveness of the proposed method. Also, since the 

presentation order method is employed as a preprocessing stage, the simplicity of the Rules family is not 

affected but instead it enables the generation of fewer and more accurate rules, which can have a direct 

impact in the performance and usefulness of the Rules family in an expert system context. 

© 2016 Elsevier Ltd. All rights reserved. 
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. Introduction 

Pattern classification consists in assigning (automatically) a

lass label to a vector of attributes. These attributes, hopefully,

ave sufficient discriminatory power in order for the classifier to

orrectly assign each pattern to its appropriate class. The construc-

ion or learning of a classifier from data, consists in a training

hase, where a training set of attribute vectors are used to adjust

he parameters of the classifier, for example in a neural network,

t would be the weights and the biases, or in a naive Bayes clas-

ifier, the distribution of each class and class conditional proba-

ilities of each attribute. Then, the performance of a trained clas-

ifier is measured during a testing phase, using what is called a

est set, which contains attribute vectors that were not used dur-

ng the training. Throughout the years we have seen new or im-

roved classifiers coming from the machine learning community

hat are more powerful, in the sense of accuracy, such as support

ector machines (SVM) and its variants ( Cortes & Vapnik, 1995 )
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nd random forests (RF) ( Breiman, 2001 ). In general, one can find

any applications of classifiers in different domains, for example,

VM have been used for mechanical faults diagnostic in induction

otors ( Baccarini, Rocha e Silva, Rodrigues de Menezes, & Camin-

as, 2011 ), neural networks for fraud detection in medical claims

 Ortega, Figueroa, & Ruz, 2006 ), Bayesian network classifiers in the

ecognition of control chart patterns ( Ruz & Pham, 2009 ) and pol-

cy making for broadband adoption ( Ruz, Varas, & Villena, 2013 ), a

aive Bayes classifier is used to predict job performance in a call

enter ( Valle, Varas, & Ruz, 2012 ), and customer churn prediction

sing random forests ( Xie, Li, Ngai, & Ying, 2009 ). 

While research in some areas of machine learning is devoted

o generate more powerful classifiers, there is a trade-off between

he quantitative aspect of the classifier, correct classification or ac-

uracy, and the qualitative aspect of the classifier, i.e., understand

ow the classification process is carried out. Most of the more

owerful classifiers are considered as black-box models, where

lthough achieving high quantitative performances, they tend to

ave a rather low qualitative aspect of the model. 

For real world expert systems and data mining applications, in

ifferent areas such as retail, banking, finance, health, etc. many

f these machine learning techniques are still considered as black

http://dx.doi.org/10.1016/j.eswa.2016.04.003
http://www.ScienceDirect.com
http://www.elsevier.com/locate/eswa
http://crossmark.crossref.org/dialog/?doi=10.1016/j.eswa.2016.04.003&domain=pdf
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magic , in the sense that they are not able to explain or give explicit

classification rules. Therefore, this skepticism for these techniques

can in many cases, even after a successful prototype or trial pe-

riod, never consolidate in a real working application in the com-

pany. One approach to overcome this problem, is to work with

more simple classifiers, known as white-box models, where the

classification process is made explicit through rules, such as IF-

HEN rules or decision trees. In this case, quantitative performance

is usually reduced, but the qualitative aspect of the model is en-

hanced. Therefore, in many applications where one can compro-

mise the quantitative performance of the model in order to gain

more qualitative characteristics of how the classification is con-

ducted, are in much need in real industry applications. Of course

one could always approach the problem by training a black-box

model for high accuracy and a white-box model to use to explain

in a more broader sense, in a board meeting for example, how the

classification is carried out. 

Amongst the many white-box classifiers, in this paper, we re-

visit inductive learning , or the generation of IF-THEN rules for

automatic classification purposes. There have been a number

of inductive learning programs developed throughout the years,

like the well-known programs ID3 ( Quinland, 1983 ), which is

a divide-and-conquer program, and the AQ program ( Michalski,

1990 ). For this paper, the simple inductive learning algorithms

belonging to the RULES (RULe Extraction System) family de-

veloped by Pham and Aksoy (1993) ; 1995a ); 1995b ) are of

interest. 

A common drawback that the Rules family algorithms have is

that the generalization power of the rules generated during the

training process is affected by the presentation order of the pat-

terns used in this process. Random presentation orders of the

training data can yield to different results, which may not be al-

ways efficient and accurate. This issue arises from the fact that the

Rules family during its rule induction process considers the class of

a selected seed example as the target class. Then it tries to induce

rules that cover as many examples of the target class as possible

through a rule evaluation function. No formal criterion is given on

efficient ways to select the seed example. 

The problem of the presentation order for the Rules family was

first considered in Pham, Dimov, and Salem (20 0 0) , where a clus-

tering approach was used to generate different presentation orders

with the aim of reducing the RULES-4 execution time and the gen-

eration of fewer rules. Later in Pham and Salem (2004) , a reorga-

nization of the training data is proposed that essentially consists

in introducing an example of each different class in the sequence

of the training examples, this way the algorithm would learn from

examples of at least two classes from the beginning of the train-

ing. This would improve the performance of the Rules algorithm

by avoiding the generation of one default rule from the initial ex-

amples in the training data. 

Apart from these two works, there have been no other re-

cent effort s to analyze and propose new methods as a preprocess-

ing stage to minimize the effects of the presentation order of the

training patterns. In fact, more recent research concerned with the

Rules family algorithms have been concentrated in handling con-

tinuous class labels ( ElGibreen & Aksoy, 2015a ). For example in

ElGibreen and Aksoy (2015b) , a new version of the Rules family y

proposed called RULES-3C which incorporates properties from re-

inforcement learning to handle continuous classes. Another exten-

sion to the Rules family is RULES-IT ( ElGibreen & Aksoy, 2014b ),

which is an incremental covering algorithm that integrates trans-

fer learning to enable the use of past experiences from different

domains. RULES-IT has proven to be effective for handling incom-

plete data and missing labels ( ElGibreen & Aksoy, 2014a ). It is im-

portant to point out that none of these new versions of the Rules

family address the issue of the effect of the presentation order of
he training examples in their results, which is the main contribu-

ion of this paper. 

Another preprocessing approach alternative to changing the

resentation order of the training examples is to apply instance

eduction before carrying out the rule induction as in Othman and

ryant (2015) . It was found that by applying instance reduction

ethods fewer rules were generated without compromising the

lassification performance. 

Fuzzy min-max neural networks ( Simpson, 1992 ) also can be

ffected by the presentation order. FMMN grow decision bound-

ries called hyperboxes based on the presentation of the training

xamples one by one, thus, the resulting hyperboxes and the pre-

ictive power may vary depending on the sequence of the training

ata. To overcome this problem two training algorithms have been

roposed for this type of neural networks ( Rizzi, Panella, & Masci-

li, 2002 ). Nowadays, new versions have focused in handle mixed

ttributes (continuous and discrete) such as in Shinde and Kulka-

ni (2016) or a modified version for clustering ( Seera, Lim, Loo, &

ingh, 2015 ). 

More recent techniques have been developed for fuzzy ART-

ype networks such as fuzzy ARTMAP (FAM) ( Pourpanah, Lim, &

aleh, 2016 ), that also suffer from data presentation order issue

 Carpenter, Grossberg, Markuzon, Reynolds, & Rosen, 1992 ). One al-

ernative to overcome this problem has been the use of genetic

lgorithm. Like in Loo, Liew, Seera, and Lim (2015) , where the pre-

entation order is coded from 1 to N , where N is the number of

nstances in the training set. Then the training sequence, together

ith some other parameters to be optimized were coded in a chro-

osome. The fitness function corresponds to the average classifi-

ation accuracy of the test set, within a ten-fold cross validation

cheme. Overall the results using five benchmark data sets showed

he effectiveness of the proposed approach. Other examples using

 genetic algorithm for the selection of the training pattern order

an be found in Baek, Lee, Lee, Lee, and Kim (2014) ; Palaniappan

nd Eswaran (2009) . In the case of a FAM ensemble, in Oong and

sa (2014) , a data presentation method is proposed based on the

scending order of the value from the most uncorrelated input

eatures. The results using benchmark data sets showed that the

roposed ordering algorithm obtained better generalization perfor-

ance in seven out of the eleven data sets. 

It is desirable to overcome this presentation order problem

ithout compromising the simplicity of the Rules family algo-

ithms, therefore, in this work, a preprocessing stage is proposed

o reduce the variability of the generalization of the Rules family

lgorithms. In particular, the contributions of this work are 

• The quantification in terms of the number of rules and general-

ization power of the Rules family when random order presen-

tation of the training data is used. 
• A new density measure that uses a fuzzy membership function

to select representative seed examples from each class. 
• A presentation order method of the training examples that

combines clustering techniques with the proposed density mea-

sure. 
• The evaluation of the proposed approach not only on bench-

mark data sets but also on a real application of wood defect

classification. 

The outline of this paper is as follows. A brief description of

he Rules family and the clustering techniques employed by the

roposed presentation order of the training patterns are specified

n Section 2 , the density measure used to rank the data is de-

eloped in Section 3 . Section 4 introduces the presentation order

f the training patterns method, whereas Section 5 describes the

ata sets used to test the proposed technique and how the simu-

ations were conducted. Results and discussions are carried out in
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ection 6 . Finally, the conclusions and future work are outlined in

ection 7 . 

. Background 

In this section, a brief description is given of the Rules family

nd the clustering techniques that will be used for generating the

resentation order of the training patterns. 

.1. Rules family algorithms 

The RULES (RULe Extraction System) algorithm was developed

y Pham and Aksoy (1995b) . The pseudo code can be summarized

s follows: 

1. Initialize the rule set to empty 

2. While all the examples in the training set are not marked as

covered 

(a) Select an example E that has not yet been marked 

(b) Induce a rule to cover E and a small portion of negative ex-

amples 

3. Return rule set 

he procedure induce a rule generates one rule at a time through

 seed example and the application of a specialization process to

nd the best rule. 

This simple inductive learning procedure has been used as a

ase for generating better and improved versions of this algorithm.

owadays, the Rules family expands more than ten versions or

pgrades from this original version. The reader can refer to a re-

ent review of the Rules family algorithms and its applications in

lmana and Aksoy (2014) . For this paper, we will consider RULES 3

lus ( Pham & Dimov, 1997 ), RULES 5 ( Pham, Bigot, & Dimov, 2003 ),

nd RULES 5 with pruning ( Pham, Bigot, & Dimov, 2004 ). 

.2. Maximin-distance algorithm (MMD) 

The Maximin-Distance algorithm ( Tou & Gonzalez, 1974 ) is an

euristic for data clustering, it can be introduced as follows. Let us

onsider the data set defined by A = { x 1 , . . . , x N } and let us assume

hat at least two clusters are expected to exist. We set a threshold

alue τ that at each step determines whether a new cluster should

e created. Let c 1 , . . . , c m 

be the existing cluster centers (they are

he points in A ). Let us denote the mean of the distances between

he centers by μ and let x new 

i 
be the data point most likely to be

hosen as the center of a new cluster. The center of a new clus-

er is determined by the following procedure. For each remain-

ng point x i ∈ A − { c 1 , . . . , c m 

} , compute its distance to each exist-

ng center of { c 1 , . . . , c m 

} and save the shortest distance for each

 i . Then assign x new 

i 
as the point x i , which obtained the maximum

alue of the shortest (minimum) distance. This can be represented

s 

 

new 

i = arg max x i min 

1 ≤ j≤m 

dist(x i − c j ) . (1)

f the value 

= min 

1 ≤ j≤m 

dist(x new 

i , μ) (2) 

s less than τμ, then no new cluster center is created, and this part

f the process terminates. Otherwise c m +1 = x new 

i 
and continue. Af-

er all the cluster centers have been found each remaining sample

s assigned to its nearest cluster center. Finally, the cluster centers

re adjusted so that each centre is the mean of the cluster’s sam-

les. The complete MMD algorithm can be summarized as follows:

1. Randomly select a point, say x 1 as the first center c 1 , and then

calculate the distances between all the remaining x i and the

first center c 1 . Suppose that the point x new 

i 
has the largest dis-

tance. Then choose x new 

i 
as the second center c 2 . 
2. Set m = 2 , μ = dist(c 1 , c 2 ) (the mean of the centers). 

3. Find the most likely new center x new 

i 
from the remaining ex-

amples by the Max-Min criterion (1) and calculate the maximal

distance by (2) . 

4. If the maximal distance θ ≤ τμ, then go to step 6. 

5. Increase m by 1, and c m +1 = x new 

i 
; and calculate μ the mean of

the distances between all the centers c 1 , . . . , c m +1 . Then go to

step 2. 

6. For each example in A , assign it to the nearest cluster. 

7. Calculate the mean of each cluster and replace c j by this mean.

Stop! 

.3. k -means 

The k -means clustering algorithm ( Tou & Gonzalez, 1974 ) is a

ethod for finding k vectors μj ( j = 1 , 2 , . . . , k ) that represent an

ntire dataset. The data is considered to be partitioned into k clus-

ers, with each cluster represented by its mean vector and each

ata instance assigned to the cluster with the closest vector. The

 -means algorithm works iteratively. At each stage, the N data ex-

mples A = { x 1 , . . . , x N } are partitioned into k disjoint clusters A j 

ach containing N j instances. A cost function (or an objective func-

ion) of dissimilarity (or distance) is defined as 

 = 

k ∑ 

j=1 

J j = 

k ∑ 

j=1 

∑ 

x i ∈ A j 
‖ x i − μ j ‖ 

2 , (3)

here μj is the center of the j th cluster, given by the mean of the

ata instances belonging to that cluster 

j = 

1 

N j 

∑ 

x i ∈ A j 
x i . (4) 

he initial partition of the data is random. Then the following two

teps are iterated until there is no further change to the cost func-

ion J . 

1. The mean vectors μj for each cluster are calculated using (4) . 

2. Rearrange the clusters: each data instance x i is assigned to the

j th new cluster if x i is closer to μj than to the other mean vec-

tors. 

. Density measure 

The presentation order of the training patterns described in the

ext section, starts of by clustering the data using one of the tech-

iques described in the previous section. Once the data is clus-

ered, it is desirable to rank the data from each cluster from the

ost dense to the least dense. This way the Rules algorithm will

e using more representative data in its training process, which

ill yield in more accurate and compact rule sets. In order to rank

he data a density measure is required. In this work, the following

xpression is proposed 

 j = 

M ∑ 

i 

d j (x i ) (5)

here D j is the j th pattern density value, x i (i = 1 , . . . , M) is the i th

attern belonging to the same cluster as x j , and d j ( x i ) is a distance

unction (dissimilarity) between x j and x i . When the Euclidean dis-

ance is chosen as the dissimilarity measure, the densest pattern

or a given cluster will be the pattern that obtains the lowest value

or D . 

Due to the fact that the Rules family algorithms generate if-then

ules to classify data, the partitioning of the input data space is

one by hyperplanes which are parallel to the main reference sys-

em. In many cases these hyperplanes intersect to form compact
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Fig. 1. A 2D example of the rule sets formed by RULES 5. 
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hyperrectangles rule sets, as shown in Fig. 1 for a 2D example us-

ing RULES 5 in a 2 class (o and +) classification problem. In this

example you can see that there are two rule sets (hyperrectangles)

for class + and two rule sets for class o. Also you can appreciate

that a certain level of noise is permitted. 

So taking into account that the rules cover the patterns with

hyperrectangles, it is desirable to measure the density level of a

pattern amongst the other patterns in the same cluster following

a rectangular distribution as well. This is why the Euclidean dis-

tance is not used as the dissimilarity function in this case, since

the Euclidean distance describes a circular or globular boundary

and that is not how the patterns are classified by the Rules family

algorithms. 

To be able to measure the similarity between patterns, a fuzzy

membership function is proposed. This membership function is a

special case of the Fuzzy Hyperbox membership function used in

the General Fuzzy Min-Max (GFMM) Neural Network for clustering

and classification ( Gabrys & Bargiela, 20 0 0 ). The Fuzzy Hyperbox

membership function has also been used for image processing in

the Fuzzy Min-Max neural network for Image Segmentation (FM-

MIS) ( Ruz, Estévez, & Perez, 2005; Ruz, Estévez, & Ramírez, 2009 ). 

Following Simpson (1993) , let the j th hyperbox fuzzy set B j be

defined by the ordered set 

B j = 

{ 

A h , V j , W j , b j (A h , V j , W j ) 
} 

(6)

for all h = 1 , . . . , m, where A h = (a h 1 , a h 2 , . . . , a hn ) ∈ I n ( n -

dimensional unit cube) is the h th pattern in the data set,

 j = (v j1 , v j2 , . . . , v jn ) is the min point for the j th hyperbox,

 j = (w j1 , w j2 , . . . , w jn ) is the max point for the j th hyperbox,

and the membership function for the j th hyperbox is 0 ≤ b j ( A h , V j ,

W j ) ≤ 1. 
The membership function measures the degree to which the

 th input pattern A h falls within the hyperbox formed by the min

oint V j and the max point W j . The membership function b j is de-

ned as ( Gabrys & Bargiela, 20 0 0 ): 

 j (A h , V j , W j ) = min 

i =1 , ... ,n 

(
min 

(
[1 − f (a hi − w ji , γ )] , 

×[1 − f (v ji − a hi , γ )] 

))
, (7)

here f is a two-parameter ramp threshold function 

f (x, γ ) = 

{ 

1 , if xγ > 1 

xγ , if 0 ≤ xγ ≤ 1 

0 , if xγ < 0 

(8)

he parameter γ is a sensitivity parameter that regulates how fast

he membership values decrease when an input pattern is sepa-

ated from the hyperbox core. When γ is large, the fuzzy set be-

omes more crisp, and when γ is small the fuzzy set becomes less

risp. Throughout the simulations, γ = 1 was used. 

.1. Proposed fuzzy membership function 

If we consider V j = W j = A j where A j is the j th input pattern,

hen (7) can be rewritten as 

 j (A h , A j ) = min 

i =1 , ... ,n 

(
1 − f (| a hi − a ji | , γ ) 

)
. (9)

o now we can define d j = b j in (5) as a membership function

easuring the degree of similarity between two patterns, thus the

ensest pattern for a given cluster will be the pattern that obtains

he highest value for D . 

A two-dimensional example is shown in Fig. 2 , where it is clear

hat the membership values decrease steadily with increasing dis-

ance from the pattern been analyzed (A = [0 . 5 , 0 . 5]) . 
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Fig. 2. 2D example of membership function used in the density function. 
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Table 1 

Description of data sets used to test the proposed presentation order (PO) 

method. 

Data sets Attributes Classes Training set Test set Total 

Breast cancer 30 2 313 256 569 

Haberman 3 2 169 137 306 

Ionosphere 34 2 193 158 351 

Iris 4 3 80 70 150 

Wine 13 3 98 80 178 

Glass 9 6 118 96 214 

Liver 6 2 190 155 345 

Zoo 16 7 56 45 101 

Pima 8 2 422 346 768 

Tae 5 3 84 67 151 

Wood 17 13 127 105 232 

5

 

(  

p  

R  

r  

g  

t  

s  

t  

s  

d  
. Presentation order of the training patterns 

The presentation order (PO) of the training patterns proposed in

his work is shown in Fig. 3 . The first stage is to form clusters with

he training data set using the MMD algorithm or the k -means. Ini-

ially the number of clusters is fixed to the number of classes for

 given data set, this is obtained by setting an appropriate value

f τ in the MMD or the value of k in the k -means algorithm. But

s we will see further on, it is recommended to explore a higher

umber of clusters than the number of classes. Once, the clusters

re formed it is desirable to rank each data from the most dense

o the less dense from each cluster. To accomplish this, the density

easure in (5) is used with the proposed fuzzy membership func-

ion in (9) . The following stage is the data selection which in this

ase is simply selecting one data form each cluster (considering its

anking). Finally, an ordered data set is obtained and used for the

raining process in one of the Rules family algorithm. To measure

he Rules family generalization power, a separate data set is used

alled the test set which has not been used in the training process

o measure the algorithm’s classification accuracy. 

The basic idea behind the PO is that a possible cause of the

ignificant variation in the generalization performance for differ-

nt orders of training pattern presentations for covering inductive

earning algorithms, for example the Rules family, is giving impor-

ance to outlier data and/or data with only a few number of neigh-

ors in the patterns input space. This happens when this type of

ata is presented at the beginning of the rule forming process in-

tead of the end, causing the inductive algorithm to produce less

ompact and accurate rule sets. 

t  
. Simulations setup 

The proposed PO was tested using 10 benchmark data sets

breast cancer, haberman, ionosphere, iris, wine, glass, liver, zoo,

ima indians diabetes, and tae) from the UCI Machine Learning

epository ( Lichman, 2013 ) and one data set (wood) belonging to a

eal world problem corresponding to feature values extracted from

rey-level images of wood veneer for the task of defect classifica-

ion ( Packianather & Drake, 20 0 0 ). A list with these data sets de-

cribing the number of attributes, classes and partitioning of the

raining and test sets are shown in Table 1 . To measure how sen-

ible the rule generation process (training stage) is to different or-

ers of pattern presentations, 30 random ordered presentation of

he training data sets were used in the Rules family algorithms and
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Fig. 3. Flow chart of the method proposed to improve the presentation order of the 

training patterns. 
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compared to the performance obtained by the PO. The Rules family

algorithms that were used in these simulations were RULES 3 Plus

and RULES 5 (with and without pruning). 

6. Results and discussions 

The results of the simulations carried out on the data sets

are shown in Tables 2 and 3 for the RULES 3 Plus algorithm,

Tables 4 and 5 for the RULES 5 algorithm, and Tables 6 and

7 for the RULES 5 with pruning algorithm. For the RULES 3 Plus,

Table 2 shows on the left side the worst classification accuracy, the

best classification accuracy, and the average classification accuracy

using the test set for 30 random presentation orders of the train-

ing data sets. On the right side of the table, we can see the clas-

sification accuracy obtained when the PO was used on the train-

ing patterns, results using PO with MMD (PO MMD ) clustering and

k -means ( PO k −means ) clustering as well as the number of clusters

used by each clustering technique. In Table 3 , you can analyze the

minimum, the maximum, and the most frequent number of rules

that were obtained by the 30 random presentation orders of the

training sets as well as the number of rules generated by ordered

data using the PO. 

Table 2 shows that for RULES 3 Plus the performance obtained

by the PO MMD and PO k −means is higher than the average value of

the classification accuracy of 30 random presentation orders of

the training set. In particular, we can see that for the haberman,
onosphere, iris, wine, liver, zoo, and tae data sets either both or

ne of the PO obtained the same value as the best case found

mongst the random presentation orders. 

Analyzing Table 4 , we notice that once again the PO MMD and

O k −means , in this case for the RULES 5, obtained a higher perfor-

ance (equal in the zoo and the iris data set which did not present

ny variations) than the average value of the 30 random presenta-

ion orders of the training sets. It is also interesting to notice that

n the case of the PO k −means with the breast cancer, ionosphere,

ine, and the pima indians data set and for the PO MMD with the

ima indians data set they obtained a performance higher than the

est case found by the 30 random presentation orders. 

Table 6 shows the results for RULES 5 with pruning. Here, we

ee again that the PO MMD and PO k −means have a higher (equal in

he zoo data set which did not present any variations) performance

han the average of the random presentation orders. The PO MMD 

ith breast cancer data set and the PO k −means with the wine data

et obtained a higher classification percentage than the best case

ound amongst the random presentation orders. Also, for three

ases (iris, liver, and zoo) the results are equal to the best case

ound. 

From Tables 2, 4 , and 6 we see that the number of clusters used

y the PO is higher than the number of classes for each data set

nalyzed. The reason for this, is that it was found that by consider-

ng a higher amount of clusters than the number of classes in each

ase analyzed better results were obtained. 

Not only in the classification accuracy does the random presen-

ation of the training pattern generate significant variations in the

esults but also if we look at Tables 3, 5 , and 7 , it is clear that the

umber of rules is strongly affected as well. 

In general, by studying all the tables it was found that the ran-

om presentation order of the training patterns generates a varia-

ion in the classification percentage in the test set of approximately

% and approximately 20% in the number of rules formed. 

. Conclusion 

The Rules family rule induction procedure generates one rule at

 time through a seed example. If this seed example is an outlier

r not a good representative of its class, then the inferred rules

ill not be compact, and more rules would be needed to cover the

raining examples, affecting also the generalization power of the

esulting classifier. Therefore, the presentation order of the training

xamples is vital for these type of algorithms. 

The search for the optimum presentation order is a combinato-

ial problem. Indeed, for N data points in the training set the num-

er of different presentation orders of the training set corresponds

o N !. Therefore, even for a rather small training set, for example

 = 100 , the number of different presentation orders to test would

e about 9.3 × 10 157 , which is intractable. Thus, a brute force ap-

roach is not feasible. One way to approach this problem is to em-

loy a more intelligent search approach by evolutionary computa-

ion like in Baek et al. (2014) ; Loo et al. (2015) ; Palaniappan and

swaran (2009) . A drawback with this approach is that the conver-

ence to a good result could be quite time consuming especially

hen the training set contains thousands of examples, remember

hat under an evolutionary computation approach the typical cod-

ng is that each element of the chromosome represents the posi-

ion in the training sequence of the training set. 

In this paper, we present another approach through clustering.

y clustering the training examples, we are able to find the natural

roupings of the data, and which data points are more representa-

ive than others from each cluster. This is accomplished through

 density measure which is computed through a proposed fuzzy

embership function that considers the fact that the rules cover

he training data with hyperrectangles. 
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Table 2 

Classification performance in the RULES 3 Plus with random presentation v.s. RULES 3 Plus with PO method. 

Data Sets Worst case % Best case % Average % # Clusters PO MMD % k PO k −means % 

Breast cancer 93.75 95.31 94.66 3 94.92 3 94.92 

Haberman 48.91 75.18 63.33 4 75.18 3 75.18 

Ionosphere 87.97 91.14 89.75 6 91.14 3 89.88 

Iris 94.29 95.71 95.57 6 95.71 4 95.71 

Wine 91.25 96.25 95.00 3 96.25 3 95.75 

Glass 56.25 59.38 57.92 10 58.33 12 60.42 

Liver 58.06 60.65 59.23 4 60.65 7 60.00 

Zoo 86.67 86.67 86.67 7 86.67 7 86.67 

Pima 71.68 73.41 72.60 6 72.83 7 73.12 

Tae 46.27 47.76 46.87 3 47.76 3 47.76 

Wood 50.48 54.29 53.24 13 53.33 15 53.33 

Table 3 

Number of rules formed by the RULES 3 Plus with random presentation v.s. RULES 3 Plus 

with PO method. 

Data sets min-rules max-rules mode PO MMD -rules PO k −means -rules 

Breast cancer 36 44 43 38 43 

Haberman 43 43 43 43 43 

Ionosphere 41 48 45 39 41 

Iris 11 13 12 11 11 

Wine 22 27 24 23 25 

Glass 51 54 53 55 52 

Liver 80 84 84 85 80 

Zoo 7 9 8 7 8 

Pima 183 193 186 190 185 

Tae 33 34 33 33 33 

Wood 66 73 73 73 70 

Table 4 

Classification performance in the RULES 5 with random presentation v.s. RULES 5 with PO method. 

Data sets Worst case % Best case % Average % # Clusters PO MMD % k PO k −means % 

Breast cancer 92.58 96.48 94.60 6 96.06 6 97.27 

Haberman 58.39 75.18 71.82 4 74.45 4 74.45 

Ionosphere 89.87 93.67 91.65 6 93.67 5 94.30 

Iris 95.71 95.71 95.71 6 95.71 3 95.71 

Wine 87.45 97.50 92.54 11 97.50 9 98.75 

Glass 38.54 61.46 46.98 12 47.82 11 50.00 

Liver 63.87 72.26 67.10 5 71.61 4 70.32 

Zoo 88.89 88.89 88.89 7 88.89 7 88.89 

Pima 73.12 77.17 74.94 5 78.61 4 77.75 

Tae 38.80 47.76 43.43 4 47.76 3 46.27 

Wood 48.57 62.86 57.71 13 60.95 16 58.10 

Table 5 

Number of rules formed by RULES 5 with random presentation v.s. RULES 5 with PO 

method. 

Data sets min-rules max-rules mode PO MMD -rules PO k −means -rules 

Breast cancer 12 20 19 18 17 

Haberman 45 58 50, 51 47 50 

Ionosphere 17 23 18, 20 16 18 

Iris 6 10 10 8 7 

Wine 7 14 10, 11 13 9 

Glass 29 35 33 30 35 

Liver 40 55 48 48 46 

Zoo 7 9 8 8 9 

Pima 87 102 98 87 86 

Tae 24 34 24 25 23 

Wood 41 50 46 54 49 
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The main contributions of this work are: (i) a quantitative eval-

ation of the effect of random presentation orders which none of

he previous Rules family papers have studied; (ii) a method to

elect good seed examples based on a density measure which em-

loys a fuzzy membership function which considers a rectangular

istribution in the same way as the training examples are covered

y the rules; (iii) a presentation order method which combines
lustering of the training examples with the density measure de-

cribed previously; (iv) the evaluation of the proposed method not

nly on benchmark datasets but also on a real application. 

The presentation order method was tested using the RULES 3

lus, RULES 5, and the RULES 5 with pruning algorithms from the

ules family in 11 datasets. The results showed that the classifica-

ion accuracy was superior than the average classification accuracy
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Table 6 

Classification performance in the RULES 5 (pruning) with random presentation v.s. RULES 5 (pruning) with PO 

method. 

Data sets Worst case % Best case % Average % # Clusters PO MMD % k PO k −means % 

Breast cancer 91.80 96.09 94.13 6 96.48 4 94.53 

Haberman 60.58 74.45 71.33 5 73.72 3 73.72 

Ionosphere 87.34 94.94 92.03 9 93.04 5 94.30 

Iris 94.29 95.71 95.33 6 95.71 5 95.71 

Wine 86.25 97.50 92.54 11 96.25 9 98.75 

Glass 34.38 56.25 45.10 8 48.96 12 55.21 

Liver 64.52 72.26 67.48 5 72.26 7 70.32 

Zoo 88.89 88.89 88.89 7 88.89 7 88.89 

Pima 74.57 79.48 76.76 5 78.32 4 79.19 

Tae 40.30 47.76 42.84 4 46.27 3 46.27 

Wood 49.52 62.86 58.10 13 60.00 16 60.00 

Table 7 

Number of rules formed by RULES 5 (pruning) with random presentation v.s. RULES 5 

(pruning) with PO method. 

Data sets min-rules max-rules mode PO MMD -rules PO k −means -rules 

Breast cancer 3 14 7 9 10 

Haberman 24 37 32 24 28 

Ionosphere 8 18 9 17 11 

Iris 3 6 5 4 4 

Wine 6 10 7 10 7 

Glass 24 32 28 30 30 

Liver 38 47 43 38 40 

Zoo 7 8 8 8 8 

Pima 52 61 55 54 61 

Tae 22 24 24 23 22 

Wood 38 43 43 41 39 
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obtained when 30 random presentation orders of the training pat-

terns were considered. In many cases, when the proposed method

was used, the resulting classification accuracy equalled the best

classification accuracy found within the 30 random presentation

orders and in some cases it outperformed the best case. 

None of the most recent research related to the Rules family

have addressed the presentation order of the training examples.

The proposed method works as a preprocessing stage therefore it

is independent of any of the Rules family algorithm, and therefore

can be easily integrated to any of them. The effect of using this

preprocessing stage has direct consequences for real expert sys-

tems applications in the sense of reducing the variability in the

number of rules and generalization power, thus obtaining better

and more reliable classification rules. 

From a managerial point of view, the capacity to reduce the

variability of the performance of an expert systems, implies less

errors, which in return could imply less costs, due to the reduc-

tion of false positives, in applications such as defect detections in

a production line for example ( Ruz et al., 2005 ). Through the simu-

lations carried out in this paper, it was found that the presentation

order of the training patterns can generate a variation in the clas-

sification accuracy of about 7%. The capacity to control or reduce

this level of variation could have direct economical implications. 

Some aspects to improve, in future research, which can effect

the performance of the PO is how to find the optimal number of

clusters used by the clustering stage of the PO as well as explor-

ing other data selection methods once the data is ranked in each

cluster. Recall that for this problem, the optimal number of clus-

ters is not necessarily the most plausible natural grouping or the-

oretically correct number of clusters through the use of a cluster

validity index, the idea is to find the number of clusters that yield

a good selection of seed examples through the proposed density

measure. 

Also, the application of this method in other classification sys-

tems which are sensitive to the presentation order of the training
atterns like the fuzzy min-max neural network or fuzzy ARTMAP

ould also be considered in the future. 
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