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a b s t r a c t 

Supervised descriptive rule discovery represents a set of data mining techniques whose objective is to 

describe data with respect to a property of interest. This concept encompasses different techniques such 

as subgroup discovery, emerging patterns and contrast sets. Supervised learning is used to obtain rules 

for descriptive purposes but with different quality measures. Although their origin is based on different 

data mining tasks, our hypothesis is about the existence of a compatibility between subgroup discovery, 

emerging patterns and contrast sets thanks to the common use of a weighted relative accuracy quality 

measure. A complete analysis shows this relationship between the different tasks. The analysis is sup- 

ported by an empirical study with the most representative algorithms for each technique. 

The paper shows how the use of the weighted relative accuracy allows the experts to distinguish 

between interesting subgroups, emerging and/or contrasting rules thanks to the relation between the 

quality measures employed in the search process for different models. In addition, this relationship en- 

ables us to analyse the main differences and/or similarities between the different techniques within su- 

pervised descriptive rule discovery. This scenario opens up new challenges for the supervised descriptive 

rule learning models in analysing and developing descriptive models with a new perspective. 

© 2017 Elsevier B.V. All rights reserved. 
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. Introduction 

Data mining is a computational process for discovering knowl-

dge in data through the use of different methodologies, technolo-

ies and systems [15] . There are two areas clearly differentiated

ithin data mining: predictive data mining, whose objective is to

ake predictions about future or unknown objects; and descrip-

ive data mining, where the search for relationships between fea-

ures in data is desired. In general, predictive induction is em-

loyed with supervised learning that assumes that objects are la-

elled and whose objective is to extract knowledge in order to pre-

ict values from one variable of interest. On the other hand, de-

criptive induction uses unsupervised learning combined with the

nalysis of unclassified objects. However, there is a group of tech-

iques called Supervised Descriptive Rule Discovery (SDRD), de-
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ned in [28] , where the main proposal is the search for interesting

escriptions in data with respect to a property or class of interest.

ssentially, SDRD describes labelled data. 

The most representative techniques within SDRD are Subgroup

iscovery (SD) [27,37] , Emerging Patterns (EPs) [11] and Contrast

ets (CSs) [3] . All of these have been defined at different stages

y different authors. Whereas the main idea in CSs is to search

or contrasting relations among variables with respect to different

roups, EPs describe emerging tendencies in data with respect to a

ime variable or search for distinct features with respect to a prop-

rty of interest. On the other hand, SD describes interesting and

nusual relationships in data with respect to a property of inter-

st. In summary, their main goals are very similar and it is pri-

arily the terminology that differs as well as the quality measures

sed in order to analyse a given problem. 

Nowadays, the problematic within SDRD is that there is no con-

ensus about the use of one or another quality measure in order

o analyse the relevance of the proposals. In fact, there are a large

umber of quality measures for each technique and this compli-

ates both the analysis of the knowledge extracted and guiding

https://doi.org/10.1016/j.knosys.2017.10.015
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the search process for the experts. Therefore, the knowledge ex-

tracted for a problem could be analysed from different perspectives

in function of the quality measures employed. 

This paper analyses the different data mining techniques within

SDRD, their features, the type of knowledge extracted and the

main quality measures considered. Specifically, we have the hy-

pothesis concerning the existence of a common nexus among SD,

EPs and CSs related to the weighted relative accuracy ( WRAcc )

quality measure (also known as unusualness) that measures the

relationship between coverage and gain accuracy. 

This contribution presents the WRAcc as the central axis in the

analysis of SD, EPs and/or CSs. With the WRAcc value we could de-

termine whether a rule is an interesting subgroup, EP and/or CS. It

is important to highlight that this study shows the main behaviour

for each technique within SDRD, allowing the experts to position

SD, EPs and/or CSs with their main differences and/or similarities

and so improve future studies. 

Some interesting conclusions will be discussed as lessons

learnt: 

• The EP task attempts to obtain very precise rules regard less of

the number of positive examples covered. 

• In the CS task the main objective is the obtaining of rules with

a high number of examples covered. 

• For the SD task, the central axis is focused on the gain accuracy

through the use of the WRAcc . 

These lessons will also allow us to discuss some challenges in

the topic. Specifically, this paper sets new foundations for the de-

velopment and/or analysis of proposals within SDRD where the

main axis in the analysis would be performed through the WRAcc

quality measure. This paper opens up to the possible extension

of the SDRD concept in order to include all those tasks with the

same objective such as discriminative patterns [13] or change min-

ing [32] , for example. Finally, it is important to remark the skills

of the SDRD techniques for the analysis of complex problems such

as big data, unbalanced data, streaming data, etc. Through the use

of the WRAcc quality measure in the different approaches studied

this analysis would be simplified. 

To do so, this paper is structured as follows: First,

Section 2 provides a complete introduction to SDRD, showing

the definition, main properties and state of the art for SD, EPs, and

CSs. Section 3 introduces the compatibility of terms between the

tasks included in SDRD and WRAcc as the key factor determining

the connection between them. Next, Section 4 presents the empir-

ical study based on the previous compatibilities where a complete

analysis with different datasets and the most relevant algorithms

for each technique is performed. Section 5 discussions challenges

within SDRD tasks. Finally, the paper is concluded with the main

findings in Section 6 . 

2. Supervised descriptive rule discovery 

In data mining there are two main approaches used in order

to analyse data: supervised learning (labelled data) and unsuper-

vised learning (unlabelled data). Together with these approaches

we further distinguish between predictive and descriptive induc-

tion, whereby predictive data mining methods are usually super-

vised (induce models from labelled data), and descriptive data

mining methods are typically unsupervised (induce interesting as-

sociation in unlabelled data). 

The SDRD concept was introduced by Kralj-Novak et al. [28] in

2009. It describes the group of rule based techniques used in order

to obtain descriptive knowledge with respect to labelled data. All

techniques represented in this concept have as their objective the

understanding of underlying phenomena instead of the classifica-

tion of new instances. 
An illustrative example for an SDRD model: 

A medical center wants to know in what circumstances a patient

may suffer a certain type of cancer; the intention is not to predict

cancer, but to understand the risk factors that lead to this. 

In Fig. 1 examples of the predictive supervised, descriptive un-

upervised and SDRD tasks are presented in order to show the

ain differences and properties of the tasks included in the SDRD

oncept: 

• Fig. 1 (a) represents graphically the model obtained by a predic-

tive algorithm based on the extraction of rules for classification.

As can be observed, six rules (areas between dotted lines) di-

vide the space into different areas that allow analysis of the

problem in an easy way. In this way, the model is able to clas-

sify new instances of the problem with good values of preci-

sion. 

• The model presented in Fig. 1 (b) is an unsupervised descriptive

model, e.g. clustering that groups unlabelled instances in differ-

ent areas (circles). As can be observed, the model obtains three

groups of instances with a soft overlapping between the lower

and the remaining groups, with a simple and single interpreta-

tion for each group. 

• On the other hand, Fig. 1 (c) presents an SDRD model, where

two rules (circles) for each value of the target variable are

obtained. Rules are usually represented in a similar way to

Fig. 1 (a). Another important property is that the knowledge for

each rule is considered as individual knowledge instead of rules

dependant on one another. There is a possibility of overlapping

between rules, as can be observed in the rules for the blue tar-

get value. 

Throughout the literature the main models within SDRD have

een classified in three different groups: SD, EPs and CSs. Next, the

efinitions and main properties are outlined for SD ( Section 2.1 ),

Ps ( Section 2.2 ) and CSs ( Section 2.3 ). 

.1. Subgroup Discovery 

The SD was introduced by Kloesgen [27] and Wrobel [37] in

996 and 1997, respectively. Its objective is to discover interest-

ng relationships between different objects in a set with respect to

 property of interest, widely known throughout the literature as

lass or target variable. The patterns extracted (called subgroups

y Siebes [36] ) are normally represented through rules [18] , such

s: 

R = Class ← Cond

where Cond is a conjunction of attribute-value pairs and Class

he property of interest. The examples containing the specific value

or the Class are the positive examples and the remaining ( Class )

he negative ones. 

There is no consensus within SD about the use of a concrete

uality measure, however the weighted accuracy relative ( WRAcc )

s the one most employed in the literature. This quality measure

as defined as [30] : 

 RAcc(Class ← Cond) = 

p(Cond) · (p(C lass | C ond) − p(Class )) 
(1)

here a balance between generality, precision and gain accuracy

s considered. The importance of this quality measure within the

DRD models is reflected in Section 3.2 . 

From the inception of the SD concept in 1996 there has been

idespread application, especially in the last decades with the
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(a) Classification model (b) Clustering model (c) Supervised Descriptive Rule Model

Fig. 1. Representation of data mining techniques with different types of induction. 
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ppearance of different approaches and applications in real-world

roblems. In [25] a complete review of SD, its algorithms and ap-

lications was presented in order to show the community its im-

ortance; and in recent reviews one focused on evolutionary algo-

ithms [7] , another focused on exhaustive algorithms [2] , and in an

mpirical evaluation [23] have been presented. 

.2. Emerging patterns 

The EPs were defined by Dong and Li [11,12] in 1999 as item-

ets whose support increases significantly from one dataset ( D 1 ) to

nother ( D 2 ) in order to discover trends in data, time or differenti-

ting between features. In this way, a pattern is emerging if it has

 growth rate ( GR ) higher than 1 and it is defined as [11] : 

R (x ) = 

⎧ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎩ 

0 , IF Supp D 1 (x ) = Supp D 2 (x ) = 0 , 

∞ , IF Supp D 2 (x ) = 0 ∧ 

Supp D 1 (x ) � = 0 , 

Supp D 1 (x ) 
Supp D 2 (x ) 

, another case 

(2) 

here Supp D 1 (x ) is the number of examples covered with the pat-

ern x in the first dataset and Supp D 2 (x ) is the number of exam-

les covered with respect to the second dataset, i.e. Supp D 1 (x ) =
count D 1 (x ) 

| D 1 | and Supp D 2 (x ) = 

count D 2 (x ) 

| D 2 | . These patterns can be as-

ociated to only one dataset where the growth rate is calculated

ith respect to the class or target variable. In this way, D 1 is

ormed by examples with a value for the target variable to anal-

se (positive examples) and D 2 contains the remaining examples

negative ones). 

Patterns are usually represented as pairs, with a variable ( Var )

nd a value ( value ) for this variable. Pairs are connected through

onjunctions such as [11] : 

x = { V ar 1 = v alue 1 } , . . . , { V ar n = v alue n } 
The search space is related directly to the complexity of the

ataset, and in this way the number of EPs obtained by one al-

orithm could become huge. Throughout the literature there have

een attempts to filter the number of patterns extracted with the

se of different concepts or filtering operators. A review of these

trategies is presented in [19] , and a complete review about this

ata mining technique is presented in [20] . 

The use of EPs is mainly focused on the classification task be-

ause this type of methodology has a very interesting differentiat-

ng character, in spite of the fact that the EP concept was defined

or descriptive problems. 
.3. Contrast sets 

The CS technique was defined by Bay and Pazzani [3] in 2001 as

nding patterns as conjunctions of attributes and values that differ

eaningfully in their distributions across groups ( G 1 , G 2 , . . . , G i ).

t is important to remark that the groups must be exclusive among

hemselves, i.e. the instances can only belong to one group. 

A pattern ( x ) is considered as CS if there is a significant differ-

nce of support ( DS ) between the support of the groups [3] : 

 i j where P (x = T rue | G i ) � = P (x = T rue | G j ) 

S(x ) = max i j | Sup(x, G i ) − Sup(x, G j ) | ≥ δ
(3) 

here Sup ( x, G i ) is the number of examples covered for the pat-

ern x in the i th group and Sup ( x, G j ) for the j th group. The δ
alue is the minimum threshold (minimum difference needed) in

rder to consider a pattern as contrast. The 0.10 value is usually

mployed. As with the other techniques the representation of the

roups can be associated to one value of the class or target vari-

ble. In this way, one group contains the examples for a specific

alue of the target variable (positive examples) and the examples

n the remaining groups are considered as negative ones. 

The CSs are represented as conjunctions of pairs variable-value

 V ar = v alue ) such as [3] : 

x = { V ar 1 = v alue 1 } ∧ . . . ∧ { V ar n = v alue n } 
CSs have traditionally been the least extensive task within

DRD. Nonetheless, there is a large number of algorithms through-

ut the literature [5] . 

. Measuring the quality of the Supervised Descriptive Rule 

iscovery: A unified view 

The proposals within SDRD consider different measures in or-

er to analyse the quality of the knowledge obtained. This contri-

ution proposes the possibility of finding a unified view in SDRD

hrough the use of WRAcc . So this quality measure will be seen to

e essential for any SDRD technique. 

We present SDRD concepts from the confusion matrix perspec-

ive in order to facilitate the understanding of the problem in

ection 3.1 . Then, Section 3.2 describes WRAcc and its influence on

DRD processes. Finally, Section 3.3 reflects the relationships be-

ween Weighted Relative Accuracy ( WRAcc ), Growth Rate ( GR ) and

ifference Support ( DS ). 

.1. Unifying the compatibility of terms for the different supervised 

escriptive rule discovery techniques 

The definition among SD, CSs and EPs is very narrow because

heir main objectives are to cover examples in labelled data with
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Table 1 

Confusion matrix for a rule. 

Predicted condition 

True condition Positive Negative 

Positive p = t p p = f n p + p = P

Negative n = f p n = tn n + n = N

p + n p + n P + N = T 
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certain aspects for each one. Therefore, the initial compatibility

must be considered with respect to the representation of the

knowledge. Regardless of whether CSs, EPs or SD obtain patterns

( x ) or subgroups ( R ), they could be unified through a rule form ( R )

with the following representation: 

R : Cond → TargetValue 

where Cond is commonly a conjunction of attribute-value pairs

as definitions mention, and TargetValue is the value analysed for

the target variable. 

As we discussed in the previous section, for each technique dif-

ferent quality measures are employed and the authors often use

different nomenclatures and definitions for equivalent quality mea-

sures. In this way, it is necessary to represent a confusion matrix

for a rule R , as can be observed in Table 1 , in order to standardise

quality measures. 

The confusion matrix for a rule R represents the following in-

formation: 

• p number of examples correctly covered, 

• p number of examples for the class not covered, 

• n number of examples incorrectly covered, 

• n number of examples not covered for the non-class, 

• p + n number of examples covered for the rule, 

• p + n number of examples not covered for the rule, and 

• P = p + p number of examples for the positive class. Examples

containing a concrete value for the target variable are consid-

ered. 

• N = n + n number of examples for the negative class. Examples

for the remaining values of the target variable are included. 

• T = P + N number of examples for the whole dataset. 

The efficiency of this confusion matrix is key with respect to

the complexity of the rule mining process and the calculation of

the quality measures in SDRD. First, we need to calculate the con-

fusion matrix for each rule and then we can process any quality

measure without additional cost. Specifically, the number of ex-

amples of the dataset and the number of variables determine the

computational cost, i.e. a linear efficiency. This computational cost

is problematic, especially when we are analysing large amounts

of data. Nowadays, the community is working with the analysis

and adaptation of some SDRD algorithms using the Map-Reduce

paradigm [9] as in [21,35] . The main idea is to distribute the com-

plete data in different maps where a confusion matrix for each

map is obtained. In the posterior reduction phase, all confusion

matrixes are aggregated into a single matrix so the calculation of

this matrix is improved and in consequence the calculation of the

quality measures. 

In addition, SDRD approaches analyse a specific value of the tar-

get variable with respect to another value for this variable. In gen-

eral, these approaches are focused on problems with two values for

the target variable which could be extended in problems with mul-

tiple values for the target variable where the negative class con-

tains the examples for the remaining values of the target variable

to analyse. Therefore, we can find a positive instance set for a value

of the target variable called PIS and a negative one for the remain-

ing values of the target variable NIS . The definitions of the SDRD
echniques studied in this contribution must be presented accord-

ng to these sets in order to show their similarities: 

S 

{
P IS ≡ G 1 

NIS ≡ G 2 ∪ G 3 ∪ . . . ∪ G i 

(4)

P 

{
P IS ≡ D 1 

NIS ≡ D 2 

(5)

D 

{
P IS ≡ Class 

NIS ≡ Class 
(6)

In summary, considering a binary problem: CSs would be an

pecial case with only two contrasting groups ( G 1 and G 2 ), EPs

earch for differences between two datasets ( D 1 and D 2 ) and SD

earches for subgroups in Class , i.e. G 1 , D 1 and Class contain the

ositive instance set for one value of the target variable ( PIS ), and

 2 , D 2 and Class the negative instance set for the remaining values

f the target variable ( NIS ). 

The original quality measures presented in the pioneering pa-

ers for each approach need also to be unified with respect to the

onfusion matrix for a rule R . In addition, it is important to note

hat for the calculation of the different quality measures is neces-

ary to know the confusion matrix of the rule R as we have men-

ioned previously: 

• Contrast Sets: 

S(x ) = max i j | Sup(x, G i ) − Sup(x, G j ) | ≥ δ

S(R ) = | Sup(R, P IS) − Sup(R, NIS) | ≥ δ

S(R ) = 

∣∣∣ p 
P 

− n 

N 

∣∣∣ ≥ δ

(7)

• Emerging Patterns: 

R (x ) = 

supp D 1 (x ) 
supp D 2 (x ) 

R (R ) = 

Sup(R, P IS) 
Sup(R, NIS) 

R (R ) = 

p 

P 
n 

N 

> 1 

(8)

• Subgroup Discovery: 

 RAcc(Class ← Cond) = 

p(Cond) · (p(C lass | C ond) − p(Class )) 

 RAcc(R ) = p(Cond) · (p(Class · Cond) − p(Class )) 

 RAcc(R ) = 

p + n 

P + N 

(
p 

p + n 

− P 
P + N 

) (9)

.2. The key factor: Weighted relative accuracy 

WRAcc measures the trade-off between generality and relative

ccuracy [30] and it is also known in the literature as unusualness

r gain accuracy . Eq. (10) represents this balance as follows: 

 RAcc(R ) = 

p + n 

P + N 

(
p 

p + n 

− P 

P + N 

)
(10)

The second factor of Eq. (10) measures an accuracy gain. For

his reason, it is possible that WRAcc ( R ) < 0 when R has a low qual-

ty because it obtains a higher percentage for negative than for

ositive classes. In this way, a rule should be only considered as



C.J. Carmona et al. / Knowledge-Based Systems 139 (2018) 89–100 93 

i  

o  

E

 

y  

 

g  

p  

s  

c

3

 

i  

C  

t  

e

 

o  

l

G

 

(  

i  

w

 

e  

i

W  

w  

a  

S

D

a  

c

 

W  

p  

f  

l

L  

U  

 

p  

v

D

W  

 

t  

o  

v  

m  

t  

o  

v

W

 

W  

0

W

W

,  

i

 

a  

f  

o  

a  

t  

a  

S  

a  

t

4

 

d  

o  

N  

e  

m  

i  

F  

s

nteresting when it obtains a positive WRAcc , i.e. when the sec-

nd factor of Eq. (10) is positive. In this way we could assert that

q. (11) must be fulfilled in order to obtain an interesting rule. 

p 

p + n 

> 

P 

P + N 

(11) 

Next, a breakdown of the Eq. (11) is performed in order to anal-

se the possible relationships with respect to the other heuristics.

p 
p + n 

> 

P 
P + N 

p(P + N) > P (p + n ) 

p(p + p + n + n > (p + p )(p + n ) 

pp + p p + pn + p n > pp + pn + p p + p n 

p n > p n 

(12) 

As can be observed, the scalar product between p n must be

reater than p n in order to obtain positive unusualness, i.e. the

roduct of the examples covered and not covered correctly ( tp · tn )

hould be greater than the product for examples covered and not

overed incorrectly ( fp · fn ). 

.3. Relationship between WRAcc, GR and DS 

This section analyses the acceptance of the hypothesis exposed

n this contribution: there is a compatibility between SD, EPs and

Ss thanks to the use of the WRAcc . The main objective is to show

he equivalence between the most relevant quality measures for

ach technique: WRAcc, GR and DS , respectively. 

A pattern is emerging if its GR is higher than one. The analysis

f the previous Eq. (8) is important in order to show the equiva-

ence for the generalisation presented in this paper, i.e.: 

R (R ) = 

p 

P 
n 

N 

> 1 (13) 

A breakdown of Eq. (13) is presented in the following lines: 

p 

P 
n 

N 

> 1 

pN 

P n 

> 1 

p 
n 

N 

P 
> 1 

p 
n 

> 

P 
N 

p 
n 

> 

(p + p ) 
(n + n ) 

p(n + n ) > n (p + p ) 

pn + p n > pn + n p 

p n > p n 

(14) 

As can be observed, the results of the breakdown in WRAcc

 Eq. (12) ) and GR ( Eq. (14) ) obtain the same value when WRAcc

s greater than zero. Therefore, it can be concluded that all rules

ith positive values of WRAcc also represent emerging rules. 

On the other hand, it is important to remark that there is an

ntailment between WRAcc and DS for CSs such as was introduced

n [28] : 

 RAcc(R ) = p(P IS) · p(NIS) · DS(R ) (15)

here p ( PIS ) is the probability of positive examples for the dataset

nd p ( NIS ) is the probability of negative examples for the dataset.

o DS can be defined as: 

S(R ) = 

W RAcc(R ) 

p(P IS) · p(NIS) 
≥ δ (16) 
nd the DS quality measure must be greater than or equal to δ to

onsider R as a CSs. 

At the same time, it is important to note that the domain of

RAcc for one problem depends on the percentage of the exam-

les for the value of the target variable to analyse [8] . The domain

or WRAcc is determined through the following equations for the

ower ( LB WRAcc ) and upper bound ( UB WRAcc ): 

B W RAcc = (1 − p(P IS)) · (0 − p(P IS)) (17)

B W RAcc = p(P IS) · (1 − p(P IS)) = p(P IS) · p(NIS) (18)

Therefore, the value of the DS depends on the features of the

roblem because it is related directly to the percentage of the

alue of the target variable to analyse, and in summary: 

S(R ) = 

W RAcc(R ) 

p(P IS) · p(NIS) 
= 

W RAcc(R ) 

UB W RAcc 

≥ δ (19) 

A rule is considered as CS with a δ = 0 . 10 when: 

 RAcc(R ) ≥ 0 . 10 · UB W RAcc (20)

However, it is necessary to standardise the value of the WRAcc

o WRAcc normalised ( WRAccN ) because we must avoid the use

f a δ value that is conditioned to the percentage of the target

ariable. An improvement is also achieved with respect to the ho-

ogenisation of this quality measure. The WRAccN is normalised to

he interval [0, 1] through Eq. (21) . It is very important to note that

ne rule obtains good levels of unusualness when the normalised

alue is greater than 0.5. 

 RAccN(R ) = 

W RAcc( R ) − LB W RAcc 

UB W RAcc − LB W RAcc 

(21) 

Considering a δ value equal to 0.10, and the interval of positive

RAccN equal to (0.5, 1.0], a rule is considered as CS with a δ =
 . 10 when: 

 RAccN(R ) ≥ 0 . 50 + 0 . 10 · (1 . 00 − 0 . 50) 

 RAccN(R ) ≥ 0 . 55 

(22) 

i.e., when the value of the WRAccN is greater than 10% of the pos-

tive WRAcc . 

In conclusion, WRAcc is a key factor in SDRD where a rule with

 value of WRAccN greater than 0.50 is considered as interesting

or SD, and emerging for EPs. Moreover, if WRAccN is greater than

r equal to 0.55 it is considered a contrasting rule. Therefore, these

rguments show the direct relationships between SD, EPs and CSs

hanks to the use of the WRAcc quality measure. Only with the

nalysis of the WRAccN quality measure obtained in a rule for an

DRD algorithm, experts will be able to determine if it represents

 subgroup, emerging and/or contrasting rule. The same stands for

he design of new proposals for SDRD algorithms. 

. Analysis of the relevance of WRAcc in different study cases 

This section presents an analysis of different study cases in or-

er to show empirically the theoretical relations presented previ-

usly. Section 4.1 shows the main properties of the datasets used.

ext, Section 4.2 presents the main properties of the algorithms

mployed in the study of this contribution. A description about the

echanism employed to analyse the study cases can be observed

n Section 4.3 . A complete analysis is performed in Section 4.4 .

inally, Section 4.5 discusses the lessons learnt in the empirical

tudy. 
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Table 2 

Summary of datasets employed in the study including the number 

of attributes and their type (real, integer or nominal), the number of 

examples and the number of target values for each one. 

Name # Attributes (R/I/N) # Examples # Target values 

Breast 9 (0/0/9) 277 2 

Heart 13 (1/12/0) 270 2 

Iris 4 (4/0/0) 150 3 
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4.1. Datasets 

The datasets employed in the experimental study were se-

lected from the KEEL Repository 1 [1] . Specifically, we selected

three datasets ( Breast, Heart and Iris ) which have different prop-

erties. In a classification context the datasets selected have differ-

ent properties and domains, and they are good datasets for testing

classifiers or models. In our case, these datasets are known widely

throughout the literature and they can be analysed in an easy way

by experts. 

The main characteristics of these datasets are summarized in

Table 2 . 

Breast. The complete name is Breast Cancer and it is one of three

domains provided by the Oncology Institute from Ljubljana in Yu-

goslavia. It has repeatedly appeared in the machine learning liter-

ature. It has a total number of 277 instances distributed between

two classes. The instances are described by 9 categorical attributes

as can be observed in Table 3 . 

The target variable has two values {no-recurrence-events, yes-

recurrence-events} with a distribution of 196 instances for no-

recurrence-events ( no ) and 81 for yes-recurrence-events ( yes ). 

Heart. This dataset contains a total of 270 instances with two

classes that are concerned with the diagnosis of heart disease (an-

giographic disease status), { < 50% diameter narrowing, > 50% di-

ameter narrowing}. The distribution of data with respect to the

class is 120 ( < 50%) and 150 ( > 50%), respectively. 

The main objective of the dataset is to analyse the possible

presence of heart disease in a patient, and it is based on a subset

of 14 attributes out of 76 published in the Cleveland dataset where

continuous and categorical variables are presented in Table 4 . 

Iris. This is the best known dataset in the pattern recognition lit-

erature. It contains three values for the target variable with an ho-

mogeneous distribution of 50 instances for each one {setosa, versi-

color, virginica}. The separability between setosa and the other two

classes is well known throughout the community, but the remain-

ing classes are not linearly separable from each other. 

The dataset is composed of four input variables with continuous

domains as can be observed in Table 5 . 

4.2. Algorithms 

A brief description of each of the algorithms used in the experi-

mental analysis of this paper is presented. Firstly, Section 4.2.1 de-

scribes the NMEEFSD algorithm for SD. Next, Section 4.2.2 shows

the main properties of the DeEPs algorithm for EPs. Finally,

Section 4.2.3 presents the STUCCO algorithm for CSs. These algo-

rithms are very representative and employed throughout the liter-

ature in SDRD techniques. Their efficiency is conditioned both to

the search algorithm employed and to the evaluation process. 
1 http://www.keel.es/datasets.php . 

M  

i  

d  
.2.1. NMEEFSD 

NMEEFSD [6] is one of the most outstanding algorithms within

he SD task. It is an evolutionary fuzzy system [24] based on the

SGA-II [10] multi-objective evolutionary algorithm. NMEEFSD is

ble to work with numerical and/or categorical variables without

he necessity to discretise thanks to the use of the fuzzy logic [38] .

n this way the continuous variables are considered as linguistic

nes, where values are represented through fuzzy linguistic labels

 LLs ). Specifically, it employs three linguistic labels with uniform

riangle partitions for continuous variables. 

Individuals of the algorithm are codified according to the chro-

osome = rule approach, where only the antecedent is repre-

ented in the chromosome and the consequent is prefixed to one

f the possible values of the target variable in the evolution. In

his way, the algorithm is executed as many times as the number

f values for the target variable it contains. 

The algorithm employs different genetic operators in order to

romote generality and diversity within the population and to ob-

ain interesting subgroups for the SD technique. In addition, it is

mportant to note the use of the multi-objective approach that al-

ows the optimisation of different quality measures or objectives.

n this way, the final Pareto front obtained by NMEEFSD is the set

f non-dominated solutions with respect to the quality measures

onsidered. Specifically, the parameters associated to the algorithm

re: Objective1 = Sensitivity ; Objective2 = WRAcc ; Minimum confi-

ence = 0.6; Population size = 51; Maximum evaluations = 10 0 0 0;

rossover probability = 0.60; and Mutation probability = 0.10. 

A complete study with the use of different quality measures

as presented in [6] and the best results were obtained with the

ombination of WRAcc and sensitivity (also known as true positive

ate). 

.2.2. DeEPs 

DeEPs algorithm [31] is one of the most representative algo-

ithms for EPs throughout the literature. The algorithm is based

n the borders concept introduced in [11,12] . The number of pat-

erns in a search space could be too large, so it is necessary to

educe this space using subset-closedness, i.e. all EPs for a dataset

re represented through a collection of patterns included in a bor-

er of minimal and maximal pattern. 

Once the borders are identified, the DeEPs algorithm employs

 classification based on instance in order to form classification

cores based on the frequencies of the EPs obtained. The collective

core for an example is calculated by aggregating the frequencies

f the selected EPs in the different values for the class. DeEPs as-

igns to the example the class which obtains the largest score. 

It is important to note the use of the neighbourhood concept in

rder to analyse continuous attributes, and in this way the algo-

ithm does not need the use of a previous discretisation with this

ype of variable. DeEPs normalises the continuous variables in the

nterval [0, 1]. Next, the neighborhood factor is defined through

n α value equal to 0.12, which is considered as a parameter for

he algorithm. In this way all examples with values in the interval

 v − α, v + α] for a continuous variable are considered as covered.

ue to the obtaining of a huge number of patterns, we have added

 new parameter where only two patterns for each value of the

arget variable are considered. This parameter reduces the number

f rules by selecting those rules with most support for each value

f the target variable. 

.2.3. STUCCO 

The STUCCO algorithm was presented in [3] together with

he definition of the CSs task. This algorithm is based on the

ax-Miner rule discovery algorithm [4] , and its main objective

s the obtaining of CSs with high DS between groups. It uses

ifferent pruning mechanisms in order to reduce the number of

http://www.keel.es/datasets.php
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Table 3 

Name of the variables and possible values for each variable in the Breast dataset. 

Name Values 

Age {10–19, 20–29, 30–39, 40–49, 50–59, 60–69, 70–79, 80–89, 90–99} 

Menopause {lt40, ge40, premeno} 

TumorSize {0–4, 5–9, 10–14, 15–19, 20–24, 25–29, 30–34, 35–39, 40–44, 45–49, 50–54, 55–59} 

InvNodes {0–2, 3–5, 6–8, 9–11, 12–14, 15–17, 18–20, 21–23, 24–26, 27–29, 30–32, 33–35, 36–39} 

NodeCaps {yes, no} 

DegMalig {1, 2, 3} 

Breast {left, right} 

BreastQuad {left-up, left-low, right-up,right-low, central} 

Irradiat {yes, no} 

Table 4 

Name of the variables and possible values 

for each variable in the Heart dataset. 

Name Values 

Age [29, 77] 

Sex [0, 1] 

ChestPainType {1, 2, 3, 4} 

RestBloodPressure [94, 200] 

SerumCholestoral [126, 564] 

FastingBloodSugar {0, 1} 

ResElectrocardiographic {0, 1, 2} 

MaxHeartRate [71, 202] 

ExerciseInduced {0, 1} 

Oldpeak [0.0, 62.0] 

Slope {1, 2, 3} 

MajorVessels {0, 1, 2, 3} 

Thal {3, 4, 5, 6, 7} 

Table 5 

Name of the variables and 

possible values for each 

variable in the Iris dataset. 

Name Values 

Sepal l ength [4.3, 7.9] 

Sepalwidth [2.0, 4.4] 

Petal l ength [1.0, 6.9] 

Petalwidth [0.1, 2.5] 
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ules extracted, e.g. tests for minimum counts and effects sizes.

TUCCO also employs a test for productivity that considers the

on-existence of a sub-rule within the rule, with a confidence

alue equal to or higher than the rule itself. It introduces a vari-

nt of the Bonferroni correction for multiple tests which applies

ver more stringent critical values to the statistical tests employed

s the number of conditions in a contrast set is increased. 

With respect to the parameters considered for this algorithm

s important to note the number of patterns obtained for each

alue of the target variable which has been included for this con-

ribution. The use of this parameter allows an important reduction

f the patterns extracted. Moreover, a maximum number of input

ariables to consider in the construction of the trees is configured

ccording to the authors’ recommendations. Both parameters are

onsidered with the value three for this experimental study, where

he rules with the most support are obtained. 

STUCCO is not able to work with variables with continuous do-

ain and it is necessary to discretise the datasets with this type

f variable, such as Heart or Iris . For this experimental study the

iscretisation process used is the Fayyad discretise [14] . 

.3. Experimental framework 

In order to facilitate the analysis of the empirical study car-

ied out in this contribution, results are presented using different

oncepts. They are outlined as follows: Section 4.3.1 presents the
isher’s exact statistical test, Section 4.3.2 summarises the informa-

ion described for rules in one table. Finally, Section 4.3.3 describes

he graphical representations employed. 

.3.1. Statistical Fisher’s exact test 

A statistical test allows us to extract conclusions with respect

o a previously-planned hypothesis. The use of inferential statis-

ics in data mining allows the search for significant differences in

 model. Specifically, the statistical analysis of the rules obtained

ith SDRD is crucial because it allows the search for significant

ifferences between a rule and its complement (positive versus

egative examples). 

The significant statistical differences between a rule and its

omplement are analysed in this empirical study through Fisher’s

xact test [16,17] . This test is more accurate than others such as
2 or Gtest of independence, and it is very suitable for the anal-

sis of contingency tables [33] . In addition, this one is an exact

tatistical test because the significance of the deviation from the

ull hypothesis can be calculated exactly, rather than relying on

n approximation that becomes exact in the limit as the sample

ize grows to infinity, i.e. the value for rejecting or not rejecting

he null hypothesis is exact and not an approximation. 

The Fisher exact test is very suitable for analysing contingency

ables, e.g. the tables generated by rules in SDRD, and it is com-

uted as follows: 

p = 

min ( p ,n ) ∑ 

i =0 

(p + p )!(n + n )!(p + n )!( p + n )! 

(p + p + n + n )!(p + i )!( p + i )!(n + i )!( n + i )! 
(23) 

Essentially, the computation is the sum of the probabilities of

ore extreme contingency tables than the observed one. More ex-

reme tables are obtained by increasing the number along the di-

gonal ( p and n ) in Table 1 and decreasing the number off the di-

gonal ( p and n ). In this way there are exactly min ( p , n ) + 1 such

ables. The value obtained is the exact p − v alue for the rule and

t can be computed as the sum of evidence provided by the data

bserved for the null hypothesis. 

The null hypothesis for this study is the non-existence of sig-

ificant differences in the proportions between positive and nega-

ive examples covered and not covered for each rule. Considering

 significance level α and a p − v alue below the value for that α,

vidence is reflected for rejecting the null hypothesis, and in this

ay considering the rule as interesting, because there are signifi-

ant differences. 

A two-tailed test with tables that are equally extreme but in

he opposite direction are considered. However, this classification

s problematic and we consider the two-sided p − v alue as twice

he one-sided value. In this way, regardless of the direction of the

ypothesis we are testing for the possibility of the relationship in

oth directions. 

.3.2. Results obtained 

All rules obtained for each algorithm are presented in a table

ith the following information: 
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• An identifier ( Id ) for each rule, 

• the complete description of the Rule , 

• WRAccN quality measure, 

• GR quality measure, 

• DS quality measure, and 

• the p − v alue obtained in the Fisher Exact test ( TFis ). 

Additional information is presented where symbol “+” repre-

sents rules that do not exceed the Fisher Exact test for a signif-

icance level of α = 0 . 01 and “∗” indicates rules with a value of

WRAccN in the interval [0.50, 0.55). 

4.3.3. Graphical results 

A visualization based on bar charts [29] is performed for each

algorithm and dataset. These charts represent the true positive rate

for a rule ( R ) that is the probability of positive examples for

the rule, and it is calculated such as T P r(R ) = 

p 
P 

versus the

false positive rate which is the probability of negative examples for

a rule ( R ), and this is calculated as F P r(R ) = 

n 
N 

. The representation

for each rule of the TPr (right) vs. FPr (left) for each rule allows us

to analyse the percentage of positive and negative examples cov-

ered by rules. All rules extracted for the algorithm in one dataset

are presented in the same bar chart. In this way, the quality of the

rules extracted by the algorithm are analysed easily because rules

with low quality have a similar percentage value for TPr and FPr . 

The analysis is completed with a visualization of the ROC space,

which was used in [26] in order to discard those rules with a re-

lation between TPr and FPr close to the main diagonal. This is pri-

marily due to rules with the TPr / FPr ratio on the main diagonal

having the same percentage distribution of covered positives and

negatives ( T P r = F P r) as the distribution in the entire dataset. The

ROC graphics present three different areas: 

• Red area: In this space rules appear with low quality because

they have a higher percentage of negative examples than pos-

itive, i.e. the WRAcc obtained is negative and rules are non-

emerging and non-contrasting. 

• Yellow area: It is an area with positive WRAcc for rules. How-

ever, rules in this area are emerging but non-contrasting. 

• White area: This is the best possible area for the rules obtained

in the SDRD analysis. All rules within this area are considered

interesting, emerging and contrasting rules. 

4.4. Analysis of results 

As we can observe in Table 6 , the NMEEFSD obtains rules for

all datasets but not for all values of the target variable (due to the

screening function based on confidence), e.g. there are no inter-

esting results for the yes class of the Breast dataset. However, it is

important to analyse these results from the point of view of the

relations between quality measures for the rules presented: 

• Rule He 1 CL 1 − NM (marked with 

∗) has a value of WRAccN be-

tween 0.50 and 0.55. In this way, this rule is emerging but not

contrasting. 

• The remaining rules obtain a value higher than 0.55, which

demonstrates the complete relation between WRAccN, GR and

DS , i.e. these rules verify the condition; they are interesting

subgroups, emerging and contrasting rules. 

With respect to the DeEPs algorithm, it obtains rules with a

very high GR and in some cases with an infinity value which is

considered as a jumping EP in the literature. With respect to the

relations between the quality measures for this algorithm: 

• Rules obtained in the dataset Breast and Heart have a WRAccN

value in the interval (0.50, 0.55), i.e. these rules are emerging

but not contrasting rules as we have analysed in this paper. In
addition, the majority of them are not significant, considering

the non-rejection of the hypothesis for the Fisher exact test. 

• Finally, all rules obtained in the Iris dataset have values of

WRAccN higher than 0.55, i.e. rules extracted for this problem

are interesting subgroups, emerging and contrasting rules. 

The last approach presented in Table 6 is the STUCCO algorithm.

t obtains a homogeneous behaviour in the empirical study. In

act, all rules obtained have a value for WRAccN greater than 0.55,

hich implies that all are emerging and contrasting rules. How-

ver, there is a non-significant rule in the Breast dataset ( Br3 CL 1 −
T ) considering the non-rejection of the hypothesis for the Fisher

xact test. As with the NMEEFSD algorithm, STUCCO is not able to

btain rules for all values of the target variable, as can be observed

n the Breast dataset. 

Next, an analysis for each algorithm with respect to the Fig. 2

s performed: 

• The majority of fuzzy rules extracted for the NMEEFSD tend to

maximise the TPr in all datasets. In fact, the TPr in Iris is close

to the maximum value, and values higher than 80% for the re-

maining datasets. However, it is important to note that the FPr

obtained for the rules is considerable in some cases. For exam-

ple, the rules Ir4 CL 2 − NM and He 1 CL 1 − NM obtain values very

close to the TPr . 

• DeEPs presents in the majority of rules an FPr equal or very

close to zero and a positive value for TPr , but with low per-

centage of true positives covered. This algorithm shows the dif-

ferentiating character of the EP technique where it is preferable

for obtaining rules with a null value for the FPr as long as the

TPr is positive. 

• In STUCCO a great difference between TPr and FPr is visible in

an easy way for all datasets. It must be noted that the objective

of this algorithm is to obtain rules with high DS , i.e. notable

differences between TPr and FPr , that also involve good results

in WRAccN . 

Finally, the analysis is performed from the ROC point of view in

ig. 3 . 

• In Fig. 3 (a) the ROC analysis for the NMEEFSD can be observed

where rules Ir4 CL 2 − NM and He 1 CL 1 − NM are not significant

for the SDRD because their representations are very close to

the main diagonal. In fact, the quality measures justify this as-

sertion because the Ir4 CL 2 − NM rule does not reject the null

hypothesis for the Fisher Exact test and the He 1 CL 1 − NM is an

emerging but not a contrasting rule. 

• As can be observed in Fig. 3 (b) for the DeEPS algorithm, all

rules obtained for the Breast and Heart datasets are very close

to the main diagonal within the yellow area, so they are not

contrasting rules because their WRAccN is lower than 0.55, and

they are not significant from the SDRD point of view. 

• Fig. 3 (c) shows the ROC analysis for the STUCCO algorithm. It

can be observed in an easy way that all rules obtained by the

algorithm are in the white area, i.e. all rules have a good rela-

tionship between TPr and FPr , as we have mentioned through-

out this empirical study. All of them are interesting, emerging

and contrasting rules, except for only one rule that does not re-

ject the null hypothesis of the Fisher Exact test, the Br3 CL 1 − ST 

rule which should be discarded as interesting from the SDRD

point of view. 

.5. Lessons learnt 

In summary, the central axis of this study is based on the anal-

sis of the relations between concepts and quality measures for

he different techniques within SDRD. We have presented the fact
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Table 6 

Rules obtained in the experimental study, including the rule identifier, its description and the values of the different quality measures analysed. 

NMEEFSD 

Id Rule WRAccN GR DS TFis 

Breast 

Br1Cl1-NM IF InvNodes = 0-2 AND NodeCaps = no THEN no 0.661 1.653 0.322 0.0 0 0 

Br2CL1-NM IF NodeCaps = no THEN no 0.628 1.413 0.255 0.0 0 0 

Br3CL1-NM IF InvNodes = 0-2 THEN no 0.658 1.595 0.316 0.0 0 0 

Heart 

He1CL1-NM IF Oldpeak = LL1 THEN < 50% 0.548 1.107 0.095 0.001 ∗

He2CL1-NM IF Oldpeak = LL1 AND Thal = 3 THEN < 50% 0.777 3.371 0.553 0.0 0 0 

He3CL1-NM IF ExerciseInduced = 0 THEN < 50% 0.698 1.881 0.397 0.0 0 0 

He4CL1-NM IF Thal = 3 THEN < 50% 0.759 2.885 0.518 0.0 0 0 

He5CL1-NM IF MajorVessels = 0 THEN < 50% 0.733 2.400 0.467 0.0 0 0 

He6CL2-NM IF ChestPainType = 4 THEN > 50% 0.753 2.993 0.505 0.0 0 0 

Iris 

Ir1CL1-NM IF PetalLength = LL1 THEN setosa 0.945 9.091 0.890 0.0 0 0 

Ir2CL1-NM IF PetalLength = LL1 AND PetalWidth = LL1 THEN setosa 0.950 10.0 0 0 0.900 0.0 0 0 

Ir3CL1-NM IF PetalWidth = LL1 THEN setosa 0.860 3.571 0.720 0.0 0 0 

Ir4CL2-NM IF PetalLength = LL2 AND PetalWidth = LL2 THEN versicolor 0.555 1.124 0.110 0.016 + 

Ir5CL3-NM IF PetalLength = LL3 THEN virgnica 0.805 2.564 0.610 0.0 0 0 

DeEPs 

Id Rule WRAccN GR DS TFis 

Breast 

Br1CL1-De IF Menopause = premeno AND BreastQuad = right-low THEN No 0.530 5.786 0.059 0.075 ∗+ 

Br2CL1-De IF Age = 60-69 AND BreastQuad = left-up AND DegMalig = 2 THEN No 0.523 ∞ 0.046 0.063 ∗+ 

Br3CL2-De IF Breast = left AND TumorSize = 25-29 AND BreastQuad = left-low AND DegMalig = 3 

THEN yes 

0.534 14.519 0.069 0.003 ∗

Br4CL2-De IF Age = 50-59 AND TumorSize = 35-39 AND Menopause = premeno AND DegMalig = 3 

THEN Yes 

0.528 12.099 0.057 0.009 ∗

Heart 

He1CL1-De IF SerumCholestoral = 0.21 AND ResElectrocardiographic = 0 AND Oldpeak = 0.19 AND 

MajorVessels = 0 AND RestBloodPressure = 0.22 AND ExerciseInduced = 0 THEN 

< 50% 

0.523 6.400 0.045 0.046 ∗+ 

He2CL1-De IF Sex = 0 AND RestBloodPressure = 0.11 AND SerumCholestoral = 0.22 AND 

ResElectrocardiographic = 0 AND Thal = 3 AND Oldpeak = 0.04 AND Slope = 0 AND 

FastingBloodSugar = 0 AND ExerciseInduced = 0 THEN < 50% 

0.517 ∞ 0.033 0.068 ∗+ 

He3CL2-De IF MajorVessels = 1 AND Age = 0.58 AND ResElectrocardiographic = 1 AND Slope = 2 

AND FastingBloodSugar = 0 AND Sex = 1 AND SerumCholestoral = 0.23 THEN > 50% 

0.538 ∞ 0.075 0.001 ∗

He4CL2-De IF MajorVessels = 1 AND Age = 0.58 AND RestBloodPressure = 0.32 AND 

FastingBloodSugar = 0 AND MaxHeartRate = 0.60 AND Thal = 7 AND Sex = 1 AND 

SerumCholestoral = 0.23 THEN > 50% 

0.529 ∞ 0.058 0.003 ∗

Iris 

Ir1CL1-De IF PetalLength = 0.05 AND PetalWidth = 0.08 THEN setosa 0.990 ∞ 0.980 0.0 0 0 

Ir2CL1-De IF SepalWidth = 0.50 AND PetalLength = 0.10 AND PetalWidth = 0.04 AND 

SepalLength = 0.11 THEN setosa 

0.730 ∞ 0.460 0.0 0 0 

Ir3CL2-De IF SepalWidth = 0.33 AND PetalLength = 0.52 AND PetalWidth = 0.50 AND 

SepalLength = 0.38 THEN versicolor 

0.680 ∞ 0.360 0.0 0 0 

Ir4CL2-De IF SepalWidth = 0.33 AND PetalLength = 0.59 AND PetalWidth = 0.50 AND 

SepalLength = 0.38 THEN versicolor 

0.670 ∞ 0.340 0.0 0 0 

Ir5CL3-De IF SepalLength = 0.61 AND PetalLength = 0.69 AND PetalWidth = 0.79 THEN virginica 0.670 ∞ 0.340 0.0 0 0 

Ir6CL3-De IF SepalLength = 0.61 AND PetalLength = 0.71 AND PetalWidth = 0.79 THEN virginica 0.670 ∞ 0.340 0.0 0 0 

STUCCO 

Id Rule WRAccN GR DS TFis 

Breast 

Br1CL1-ST IF NodeCaps = no THEN No 0.599 1.413 0.255 0.0 0 0 

Br2CL1-ST IF InvNodes = 0–2 THEN No 0.626 1.595 0.316 0.0 0 0 

Br3CL1-ST IF DegMalig = 2 THEN No 0.566 1.491 0.170 0.012 + 

Heart 

He1CL1-ST IF Oldpeak = 0 THEN < 50% 0.589 1.426 0.277 0.0 0 0 

He2CL1-ST IF ExerciseInduced = 0 THEN < 50% 0.639 1.881 0.397 0.0 0 0 

He3CL1-ST IF MajorVessels = 0 THEN < 50% 0.675 2.400 0.467 0.0 0 0 

He4CL2-ST IF Slope = 1 THEN > 50% 0.622 2.115 0.387 0.0 0 0 

He5CL2-ST IF ChestPainType = 1 THEN > 50% 0.678 2.993 0.505 0.0 0 0 

He6CL2-ST IF Thal = 1 THEN > 50% 0.691 3.508 0.518 0.0 0 0 

Iris 

Ir1CL1-ST IF SepalLength = 0 THEN setosa 0.827 7.833 0.820 0.0 0 0 

Ir2CL1-ST IF PetalLength = 0 THEN setosa 1.0 0 0 ∞ 1.0 0 0 0.0 0 0 

Ir3CL1-ST IF SepalWidth = 2 THEN setosa 0.725 10.0 0 0 0.540 0.0 0 0 

Ir4CL2-ST IF SepalWidth = 0 THEN versicolor 0.634 2.957 0.450 0.0 0 0 

Ir5CL2-ST IF PetalWidth = 1 THEN versicolor 0.922 19.600 0.930 0.0 0 0 

Ir6CL2-ST IF PetalLength = 1 THEN versicolor 0.925 88.0 0 0 0.870 0.0 0 0 

Ir7CL3-ST IF SepalLength = 2 THEN virginica 0.720 4.875 0.620 0.0 0 0 

Ir8CL3-ST IF PetalLength = 2 THEN virginica 0.910 16.333 0.920 0.0 0 0 

Ir9CL3-ST IF SepalLength = 2 AND SepalWidth = 1 THEN virginica 0.623 5.250 0.340 0.0 0 0 
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(a) Breast cancer dataset for NMEEFSD (b) Heart dataset for NMEEFSD (c) Iris dataset for NMEEFSD

(d) Breast cancer dataset for DeEPs (e) Heart dataset for DeEPs (f) Iris dataset for DeEPs

(g) Breast cancer dataset for STUCCO (h) Heart dataset for STUCCO (i) Iris dataset for STUCCO

Fig. 2. Results obtained with respect to the TPr and FPr . 

(a) NMEEFSD (b) DeEPs (c) STUCCO

Fig. 3. ROC analysis. 
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that although their definitions and concepts were defined by dif-

ferent authors at different times, they have common topics. Fur-

thermore, we have analysed the special relevance of the WRAcc in

SDRD techniques where a rule with a WRAccN value greater than

0.50 is an emerging rule, and a rule with a WRAccN value equal or

greater than 0.55 is also a contrasting rule. In addition, the study

has made known other interesting assumptions: 

• The EP algorithm obtains more precise rules, which implies

rules with a higher number of variables. The rules extracted

by DeEPs are more differentiating rules that could be used to

optimise results obtained for some classifiers. 

• All rules obtained in the different datasets by all the algorithms

considered are emerging rules, because the WRAccN values are
always higher than the 0.50 value.  
The use of one SDRD algorithm in order to solve a real-world

roblem must be associated with the main goal of the problem.

here is a relation between technique and the concrete objective

s we discuss in the following: 

• The EP task attempts to obtain very precise rules regardless of

the number of positive examples covered ( TPr ). In this way ex-

tracted rules could become very complex, hardly interpretable

by the experts but very accurate. In conclusion, emerging rules

are very interesting for their use in classification tasks due to

the differentiating property that they contain. 

• In the CS task the main objective is the obtaining of rules with

a high number of examples covered. This implies simple rules

with a low number of variables. These rules are very focused

on the support of a rule that usually entails lesser precision. It
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should be taken into account considering the objective of the

data mining problem. 

• For the SD task, the central axis is focused on the gain ac-

curacy through the use of the WRAcc . This quality measure

provides the problem with generality, precision and interest.

In fact, there is a directly proportional relationship between

WRAcc and the confidence of a rule. 

Finally, it is important to remark that rules obtained in this

tudy have been filtered with respect to different functions, e.g.

MEEFSD filters function with respect to the confidence of the

ules, DeEPs uses a function based on support, and STUCCO is

ased on support and number of variables. These filters facilitate

he analysis of the hypothesis presented in this contribution. If

hese filters had not been taken into account, the analysis pre-

ented in this contribution would have been very difficult due to

he high number of rules obtained; hundreds or even thousands in

ome cases. 

. New challenges 

This study aims to give a new vision of SDRD models thanks

o the use of the WRAcc quality measure. This section presents the

ew challenges and open questions derived from the study. 

• The development of new studies or algorithms must be sup-

ported through the analysis of the WRAcc quality measure. It

is able to differentiate between interesting, emerging and con-

trasting rules. WRAcc could be used not only for measuring the

quality of the algorithm but also for guiding the search process.

In addition, it is essential not to lose sight of the final objective

behind the development of the task to perform. The analyses of

SD and CSs are more descriptive, and EPs have a high power of

differentiating for their possible use both in classification and

description. On the other hand, it is really necessary to analyse

the efficiency of the WRAcc quality measure and propose new

quality measures for SDRD with the same descriptive power but

improving the computational cost. 

• The extension of the SDRD concept must be proposed in the

community in order to include all those tasks with the same

objective: description of a problem with respect to a property

of interest. The analysis and inclusion of tasks such as discrimi-

native patterns [13,22] , change mining [32] , correlated patterns

[34] and so on should be performed with the analysis of the

possible relationships between the main heuristics employed

and the WRAcc . This analysis should be convenient for their in-

clusion in SDRD. 

• Nowadays there is a huge amount of information available.

Therefore, the topics of big data and data science have acquired

a great importance in the current research together with the

advantages related to the processing of this data. The big data

concept refers to the problem related to the management of

a large volume of information, which arrives at a high veloc-

ity and under a variety of formats [39] . However, the standard

processing methods are no longer appropriate for tackling these

types of problems. This problem is key for SDRD and is begin-

ning to be addressed in SD [35] where the WRAcc quality mea-

sure plays a key role in obtaining subgroups based on a MapRe-

duce approach, and EPs [21] where another evolutionary algo-

rithm for extracting fuzzy EPs is presented. The main idea is to

divide the complete data in splitted data in order to improve

the rule process mining and, in particular, the optimisation of

the calculation of the quality measures which conditions the ef-

ficiency of the algorithms together the search process of the

best rules. The advance in distributed models with more effi-

cient design for the calculation of these structures will be key

in the development of new algorithms in SDRD. 
• The application to real-world problems is essential for SDRD

models. Their true potential lies in the capacity for discovering

knowledge in complex problems through interpretable rules.

Nowadays there is an increasing amount of problems with a

low number of examples and a high number of features, above

all in the medical and bioinformatics domains. On the other

hand, there are a wide number of imbalanced problems with

an imbalance between the number of examples for the dif-

ferent values of the target variable. These types of problems

have a large inherent difficulty in the task of describing knowl-

edge with respect to the minority interest variable. Further-

more, in recent years there is also a concept which appears

very strongly: streaming data. This type of dataset is generated

from continuous and rapid data records where an ordered se-

quence of instances is generated. In order to achieve these goals

it is strictly necessary to develop SDRD models in order to fa-

cilitate the experts with an easy adaptation to the problems

under analysis. For all of these problems experts should have

the capacity to screen rules, change quality measures for the

search process, analyse rules in a graphical way, include quality

measures in the analysis and so on. Therefore, it is necessary to

analyse the behaviour of WRAcc in this type of problem and to

study alternatives if necessary. 

• SDRD models are very suitable for the exploratory analysis of

complex problems. This methodology allows the visualization

of relevant and interesting knowledge for a complex dataset

and the use of WRAcc would facilitate this analysis, e.g. in im-

balanced data where descriptions of the minority class could

be relevant in improving the posterior analysis. The knowledge

extracted using SDRD models for exploratory analysis can facil-

itate for the experts the planning for posterior analysis within

the data mining process. 

. Conclusions 

This paper presents a unifying framework for all SDRD tech-

iques focused on the use of the WRAcc quality measure as a link

etween SD, EPs and CSs. The unification of concepts has been pre-

ented in a study case with different standard datasets that are

asily recognizable for the community. 

The use of WRAcc is key for the SDRD models. In fact, with the

se of the WRAcc quality measure, a rule can be distinguished as

n interesting subgroup, emerging rule and/or contrasting rule, i.e.

 rule with a positive WRAcc is also emerging, and if the value of

he WRAccN is equal to or greater than 0.55 it could also be consid-

red a contrasting rule. This assertion allows us the unification of

he SDRD, where an algorithm can categorise rules in order to ex-

ract interesting subgroups, emerging and/or contrasting rules. In

his way, the algorithm will be able to describe new knowledge

rom different points of view, and the extraction process will be

implified with the use of WRAcc in the search process. 

The study shows how different approaches (defined for com-

letely different tasks) are able to obtain different models guided

y different techniques and through directly-related quality mea-

ures. The algorithm for extracting EPs discovers very precise and

pecific rules with high number of variables, so their analysis from

he descriptive point of view is more complicated. The SD algo-

ithm obtains the best trade-off between generality and precision

ecause it obtains the best values in the WRAcc quality measure.

 good value of this quality measure reflects good coverage and

ain accuracy. The algorithm for extracting CSs has the best ratio

etween true and false positives covered. Both the SD algorithm

nd the CSs algorithm obtain rules with a low number of variables,

hich facilitates their posterior analysis. This study allows the po-

itioning of the different approaches within SDRD as we have dis-

ussed in the lessons learnt section. 
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These new inputs to the supervised descriptive induction are

key to the development of new algorithms or methodologies and

the analysis of algorithms already presented. 
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