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“People with high levels of personal 

mastery…cannot afford to choose between reason 

and intuition, or head and heart, any more than 

they would choose to walk on one leg or see with 

one eye. A blink, after all, is easier when you use 

both eyes. And so is a long, penetrating 

stare.”(Buchanan and O'connell, 2006) 



 

 

ABSTRACT 

Problem: From Modeling decision maker preferences, the Multicriteria Decision Aid 

(MCDA) is a field dedicated to the study of real-world decision-making problems that are, 

usually, too complex and not so well-structured to be considered through the examination of a 

single point of view (criteria). This feature of MCDA implies that a comprehensive model of a 

decision maker situation cannot be “created”, but instead, the model should be developed to 

meet the requirements of the Decision Maker (DM). In general, the development of such a 

model can only be achieved through an iterative and interactive process, until the preferences 

of the decision maker are consistently represented in the model. However, an interactive method 

is a procedure that consists of an alternation of calculation and discussion stages, which 

presumes that the decision maker is willing to answer a large number of relatively difficult 

questions. For instance, one of the main difficulties to be faced when interacting with a Decision 

Maker in order to build a decision aid procedure is the various parameters’ elicitation of the 

preference model. Methodology: In this thesis, as an alternative to interactive process, among 

the main streams of MCDA, a Preference Disaggregation Analysis method was used, which is 

considered to assess or to infer preference models from the given preferential structures and to 

address decision-aiding activities to elicit preferential information and to construct decision 

models from decision examples. Combining Composition Probabilistic of Preference with Data 

Mining techniques, a proposal of a three-step process is presented: attribute selection; 

clustering; and classification. The first and the second ones are data mining tasks and the last 

one is a multicriteria task. Purpose: This thesis aims to present a new approach with a Data 

Mining Layer (attribute selection and/or clustering) in Composition Probabilistic of Preferences 

in Trichotomic procedure (CPP-TRI), which combines data mining techniques with a 

Multicriteria Decision Aid method in classification (sorting) problems. Findings: The decision 

maker ability to comprehend without powerful tools has been exceeded. Therefore, important 

decisions are often made based not on the information-rich data stored in data repositories, but 

rather, on intuition of the decision maker. Involved in similar problems, the connections 

between disaggregation methods and data mining (identifying patterns, extracting knowledge 

from data, eliciting preferential information and constructing decision models from decision 

examples) are explored to combine and improve the CPP-TRI Method from Attribute Selection 

Techniques. 

Keywords: MCDA. CPP-TRI. Data Mining. Attribute Selection Techniques. 
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1. Introduction 

 

 The real-world problems can hardly be considered through the examination of a single 

(unique) criterion, attribute or point of view that will lead to the optimum decision, and then, a 

more realistic and flexible approach would be the simultaneous consideration of all pertinent 

factors that may affect a decision. This multidimensional nature of real-world decision 

problems is well addressed by Multicriteria Decision Analysis(AMD).  

The focal point of interest within the methodological framework of Multicriteria 

Decision Analysis is the analysis and modeling of the decision maker preferences. This feature 

of multicriteria decision analysis implies that a comprehensive model of a decision making 

situation cannot be created, but instead, the model should be developed to meet the requirements 

of the Decision Maker (DM). The development of   such a model can only be achieved through 

an iterative and interactive process, until the of the decision maker’s preferences are 

consistently represented in the model (Zopounidis and Doumpos, 2000).  

In Operations Research, the Multicriteria Decision Aid is a field dedicated to the study 

of real-world decision-making problems that are usually too complex and not so well-structured 

to be considered through the examination of a single point of view (Doumpos and Zopounidis, 

2013). In the Multicriteria Decision Aid area, the decision maker has an active role in the 

decision-modeling process.  

 In Multicriteria Analysis, the philosophy of Preference Disaggregation Analysis(PDA) 

is to assess and to infer preference models from the given preferential structures and to address 

decision aiding activities through operational models (Jacquet-Lagrèze and Siskos, 2001). 

Preference Disaggregation Analysis is a relevant theme that has been studied for years, and the 

results from such studies are reported in articles spread over different publications. 

The Composition of Probabilistic Preferences in a trichotomic procedure developed by 

Sant'anna et al. (2015), and named as CPP-TRI.  It is defined as an approach to the classification 

(sorting) problems based on randomizing the trichotomic decision of classifying an alternative 

as superior, inferior, or indifferent when identifying a category. The alternative is allocated to 

the category for which the probabilities of being above and below the category are nearest to 

one another. 

Knowledge Discovery in Databases (KDD) is an automatic, exploratory analysis and 

modeling of large amount of data. KDD is the organized process of identifying valid, novel, 

useful, and understandable patterns from large and complex data sets. In Maimon and Rokach 

(2010), the core of the KDD process is called Data Mining that, develops the model and 
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discovers previously unknown patterns involving the inferring data exploitation algorithms. 

The model is used for understanding phenomena from the data, analysis and prediction. 

According to (Valls et al., 2011; Witten et al., 2011), data mining is defined as the process of 

discovering patterns in data; the process must be automatic or (more usually) semiautomatic.  

As a highly application-driven domain, data mining has incorporated technologies from 

many other domains (statistics, machine learning, database and data warehouse systems, and 

information retrieval, among others). The interdisciplinary nature of data mining research and 

development contributes significantly to the success and extensive applications of the technique 

(Han et al., 2011). 

Data mining is a rapidly emerging field that provides different methodologies for 

decision-making, problem solving, analysis, planning, diagnosis, detection, integration, 

prevention, learning, and innovation (Fayyad et al., 1996; Ming-Syan et al., 1996). 

   

1.1. Motivation 

 

Engaged in similar problems, preference disaggregation methods, data mining and 

machine learning are involved mainly with tasks to identify patterns, extracting knowledge 

from data, eliciting preferential information and constructing decision models from decision 

examples. Thus, Doumpos and Zopounidis (2013) suggest that the connections between 

disaggregation methods in multicriteria decision analysis and traditional machine learning tools 

are becoming stronger. 

 The Figure 1 shows some overlaps between operations research and artificial 

intelligence fields. However, despite growing interest on both fields, associating them is still a 

path to be explored. 

 

 

 

Figure 1.  Overlaps between OR and AI (Sousa et al., 2013). 
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A brief brainstorming was performed to highlight the context of the research. After this, 

some keywords were selected and processed with wordle tool to generate a cloud of words, as 

shown in figure 2.  

 

Figure 2. Multicriteria Decision Problem context (http://www.wordle.net). 

 

1.2. Research Question 

 

The overarching research question that underpins this thesis is:   

 Is there an approach able to improve methods that combine MCDA and data 

mining? 

The answer to this question is dependent on a set of factors that are driven through the 

literature review and methodological development. Thus, the following questions were 

considered:  

 Which are the main differences and similarities between the two fields? 

 How have the differences and similarities been explored in literature? 

 Which methods presented in literature have been proposed or used in order to 

combine MCDA and data mining? 

 Which are the key points to improve these methods? 
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1.3. Aim and Objectives 

 

The primary aim of this thesis is to propose an approach to combine Data Mining 

Techniques with Multicriteria Decision Aid in Classification Problems with Composition 

Probabilistic of Preferences in Trichotomic Procedure (CPP-TRI). 

Key objectives include: 

 To identify differences and similarities between MCDA and Data Mining; 

 To identify methods that have been proposed in order to associate MCDA and 

Data Mining; 

 To identify aspects that could improve the association of these two fields. 

 

Research questions and objectives are summarized in figure 3. 

 

Figure 3. Objectives and Questions – Outlines. 
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1.4. Structure 

 

This thesis is divided into six chapters, including this introductory one.  

The second chapter contains brief highlights on conceptual foundations about 

multicriteria decision analysis, Multicriteria Decision Aid and Data Mining used to conduct the 

research described in this thesis.  

The third chapter shows a literature review in Preference Disaggregation Analysis and 

Composition Probabilistic of Preferences in Trichotomic procedure(CPP-TRI), identifying 

methods which have been proposed in Operations Research field.  

The fourth chapter describes the Framework Data Mining proposal – Multicriteria: A 

Hybrid Approach in 3-Layers.  

The fifth chapter contains an experiment description and its analysis.  

At the end, the sixth chapter, presents a conclusion in which an answer to the main 

research question is constructed.  

 

 

Figure 4. Thesis Map
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2. Concepts 

 

This chapter aims to answer the following research question through literature review: 

 Which are the differences and similarities between MCDA and data mining 

fields? 

 The following sections will present brief highlights on conceptual foundations about 

Multicriteria Decision Analysis, Multicriteria Decision Aid, Knowledge Discovery in 

Databases and Data Mining without the presumption to run out of the topics. 

2.1. Multicriteria Decision Analysis 

 

Considering that there is not a consensus about terminology in multicriteria decision 

analysis, this thesis adopts a terminology adapted from Roy (2000), which is followed in the 

entire document. Some definitions are introduced in Table 1: 

Table 1. Terms and Definitions 

TERM DEFINITION 

ACTOR Any individual, group of individuals or entity that can play a role, 

directly or not, in the decision process. 

DECISION-MAKER Actor for whom the decision-aid tools are developed and 

implemented. 

ACTION 
A generic term used to designate the object of the decision. The 

concept of action does not incorporate, a priori, any notion of 

feasibility or implementation.  

POTENCIAL ACTION An action deemed as possible to be implemented, or which deserves 

some interest within the decision-aiding context.  

ALTERNATIVE 
An action that can be implemented independently of other actions. 

This term can be used instead of Action when this independence 

condition is fulfilled. 

POINT OF VIEW 
A class of effects or attributes which share the same goal or the same 

type of concerns, thought pertinent by at least one of the actors for 

evaluating and comparing actions. 

CRITERION 
A tool constructed for evaluating and comparing potential actions 

according to a well-defined point of view through which its 

performance level is positioned on a preference scale. 

SCALE 

Set of elements, called degrees, ranked according to a complete 

order, reflecting the decision-maker’s preferences for a particular 

point of view. Different scales can be considered according to the 

allowed operators on the set of elements. Some common scales are: 

numerical, ordinal and categorical. 

PROBLEMATIC The manner in which a problem is formulated in order to arrive at 

results judged to be appropriate for illuminating decisions. 

THRESHOLD 
Value that is used to take into account the imprecision on the result 

of certain comparisons. It permits to establish the equivalence 

between two alternatives evaluated different in a given scale.  
Terminology adapted from Roy (2000). 
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In general, a decision problem consists of a problem in which a set A of alternatives are 

considered; from a set of feasible decisions, an alternative considered as the best must be 

chosen; or a set of alternatives considered as good; or alternatives ordered from the best to the 

worse (Roy and Vincke, 1981). 

Keeney (1982) suggests that there are several intertwined features that contribute to the 

complexity of the decision problems: Multiple Objectives, Sequential nature of decisions, Risk 

attitude, Value trade-offs, Several DM, Interdisciplinary substance, Risk to life and limb, Risk 

and uncertainty, many impacted groups, long-time horizons, intangibles, difficult on identifying 

good alternatives; which are all summarized in Figure 5. 

 
Figure 5.  Intertwined features in the decision problems. 

 

Until the end of the 1960s, according to Roy (1990), in classical Operational Research, 

the traditional mono-criterion approach to decision making problems were formalized on the 

three bases: 

 A well-defined set A of feasible alternatives a; 

 A real-valued function (utility function) g defined on A precisely reflecting the 

decision-maker’s preferences; and 

 A well-formulated mathematical problem. 
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The utility function (g) which associates with each alternative a number such that  

∀a, bA: a is better than b iff  g(a) > g(b). 

Nevertheless, in practice, there are different points of view to be considered and there 

are contradictions between them; a single point of view is not enough to embrace all the 

necessary information to compare the alternatives; Multicriteria problems are not well defined 

mathematically (Roy and Vincke, 1981); (Triantaphyllou and Baig, 2005). 

At the beginning of the 1960s, Multicriteria Decision Analysis was born. The main 

events/conferences related by Roy and Vanderpooten (1996) are highlighted  in figure 6.   

Encouraged by the organizers of the 1st Euro Conference, participants created the European 

Working Group Multicriteria Aid for Decision. In the 1970s, the multicriteria analysis was 

focused on the theoretical foundations of multiobjective decision making. A great number of 

interactive methods was consolidated and developed in the 1980s and 1990s (Valls et al., 2011). 

 

Figure 6. Main initials Events in Multicriteria Decision Analysis. 

 

Riabacke et al. (2012) claim that Multicriteria Decision Analysis has emerged as a 

promising discipline within decision support methods that can provide decision-maker with a 

better understanding of the trade-offs involved in a decision, for example, between economic, 

social, and environmental aspects (criteria). 

Based on models constructed partly from necessarily restrictive mathematical 

hypotheses and information gathered from decision-maker, the objective of Multicriteria 

analysis is the study of decision problems in which several points of view must be taken into 

consideration, being an evolution of the scientist’s role in decision problems(Roy and Vincke, 

1981). 

Triantaphyllou and Baig (2005) suggest that it is hard to imagine a complex real-life 

problem that does not involve the need to evaluate alternatives in terms of conflicting criteria, 

which means that many problems need a kind of conflicting criteria analysis of a finite number 

of possible alternatives.  

According to Jacquet-Lagrèze and Siskos (2001), in multicriteria decision analysis, two 

basic approaches have been developed, which include:  
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 A set of methods or models enabling the aggregation of multiple evaluation 

criteria to choose one or more actions from a set A of feasible alternatives a;  

 An activity of decision-aid to a well-defined decision-maker (individual, 

organization, etc.) 

A typical problem in multicriteria decision analysis is ranking a finite number of 

decision alternatives, each of which is explicitly described in terms of different characteristics 

(also, often called attributes, decision criteria, or objectives), which has to be taken into account 

simultaneously (Triantaphyllou and Baig, 2005). 

The multicriteria decision problem consists of deriving a unique preference relation 

between certain alternatives from evaluations of these alternatives according to a set of different 

criteria (Sant'anna, 2014). 

As shown in figure 7, a basic modeling methodology of multicriteria decision problems 

that involves four stages, not necessarily consecutive, is outlined by Roy and Vincke (1981). 

 
Figure 7. Modelling towards a more realistic methodology in decision aid. 

 (adapted from Roy and Vincke (1981) ) 
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Level 1 involves the specification of set A of feasible alternative, solutions for decision 

problem at hand. In cases in which set A is continuous, it is specified through a set of constrains. 

Otherwise, discrete case, it is assumed that the decision-maker can list the alternatives which 

will be subject to evaluation within the given decision-making framework(Doumpos and 

Zopounidis, 2013). 

Following the steps to determinate the problematic, Jacquet-Lagrèze and Siskos (2001) 

point out a multicriteria decision analysis method that aims at one of the following four goals, 

or problematics defined by Roy (1985): 

 Problematic (): Choice – Choosing an alternative from a set of alternatives; 

selection of the most appropriate (best) alternative, figure 8a. 

 Problematic (): Sorting – Grouping the alternatives into well-defined classes/ 

categories, which are given in a preference order, figure 8b. 

 Problematic (): Ranking – Ranking the alternatives from the best one to the worst 

one, figure 8c. 

 Problematic(δ): Description – Describing the alternatives in terms of their 

performances on the criteria; how well each alternative meets all the criteria 

simultaneously.  

There is another problematic, denoted as Problematic (): Sharing. It was introduced by 

Costa (2006), and it includes problems in which finite resources should be shared by a group 

of elements. The Problematic() complements the original categorization since it addresses a 

set of decision issues not yet covered therein, such as the project budget, market share, and cost 

sharing (Nepomuceno and Costa, 2015).  
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Figure 8. Multicriteria Problematics. 

(Mousseau and Slowinski, 1998) 
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In a second level, all criteria related to the decision are identified - Modelling a 

consistent family of criteria (F) which measures the performance of alternatives on each of their 

individual characteristics. According to  Bouyssou (1990), a family of criteria is consistent if it 

is:  

 Exhaustive: should contain every important point of view, which implies that if 

for all the criteria in the family we have gi(a) = gi(b), every actor must agree to 

consider that a and b are indifferent; 

  Monotonic: the partial preferences that are modelled by each criterion have to 

be consistent with the global preferences expressed on the alternatives. It implies 

that if a is preferred over alternative b (a P b), the same judgment will hold for 

an alternative c that is judged at least as good as a on every criterion; 

  Minimal (Non-redundancy): to not include in the family unnecessary criteria, 

i.e. which suppression will lead to a family that still satisfies the first two 

conditions.  

Complementary concepts about coherent family criterion are presented by Roy (2000) 

which include definitions of Cohesiveness, Understanding and Commitment.  

Despite that, Salomon (2010) claims that the MCDM and MCDA terms are too close 

and they could be accept as synonyms. Through this thesis, the distinctions proposed by Roy 

(1990) are adopted, which distinguishes multicriteria models between two complementary 

fundamental attitudes: Multicriteria Decision-Making (MCDM) and Multicriteria Decision-

Aid(MCDA). This idea is summarized by figure 9.  

 

 

Figure 9. Multicriteria Decision Analysis Structure. 
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2.1.1. Multicriteria Decision-Making (MCDM) 

 

A general framework about Multicriteria Decision-Making (MCDM) is discussed by 

Roy (1990), which considers: 

 A well-defined set A of feasible alternatives a; 

 A model of preferences, well-shaped in Decisor’s mind, rationally structured 

from a set of attributes; 

 A well-formulated mathematical problem. 

The search for a solution consists on the discovery of an optimal alternative a* in A, 

eq.1, which a* must verify:  

                             

 U works like a unique criterion and is not a priori explicitly known. The problem is to 

discover its optimum. 

According to Rodriguez et al. (2013), MCDM is dedicated to the modeling of decision 

problems based on the use of mathematical models for optimization, which requires a robust 

model able to support axiomatic validations, which is a limiting factor in the presence of 

subjectivity, ambiguity and uncertainty. 

2.1.2. From MCDM to MCDA 

 

Vincke (1986) points out some aspects which promoted the evolution from MCDM to 

MCDA: 

 In general, to solve a linear vector maximum problem means to determine the 

set of all efficient solutions; 

 The solution determined above does not solve the problem, because the set of 

solutions may be quite large; 

 In fact, one of all efficient solutions will be preferred by the decision-maker. 

However, it requires further information from the decision-maker concerning 

they preferences, to determine what the solution is. 

 

 

 

(eq.1) 
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As a result of the evolution, interactive methods with an alternation of calculations and 

dialogues steps were used in order to build the preferences of the decision-maker during the 

problem’s resolutions; instead of the methods in which preferences were obtained before the 

resolution of the problem. 

In the context of multiobjective linear programming, interactive methods have mainly 

been developed with dialogues with the decision-maker to concession levels on the criterion. 

Therefore, a proposal of interactive methods mathematically convergent, obtained either in 

reducing the set of feasible solutions, or in eliminating one or several criteria at each step, or 

considering only a finite subset of feasible solutions (Vincke, 1986).  

According to Roy (1990), five major aspects have to be taken into account in some 

fundamental limitations of objectivity in MCDM: 

 The frontier in A is often fuzzy; 

 In many real-world problems, the Decisor, as a person truly able to make the 

decision, does not exist, i.e., several people take part in the decision problem. Who 

ratifies the decision, tend to be not clear to identify; 

 Decision-maker's preferences very seldom seem well-stated; 

 Data are imprecise and/or defined in an arbitrary way; 

 By referring only to a mathematical model, in general, it is not possible to say 

that a decision is a good one or a bad one: several aspects (organizational, 

pedagogical and cultural) of the whole decision process which leads to making a 

given decision also contribute to the quality and success of this decision. 

 

2.2.  Multicriteria Decision Aid (MCDA) 

 

Valls et al. (2011) define MCDA as a discipline aimed at supporting decision-makers to 

handle with making numerous and sometimes conflicting evaluations, which formulates and 

applies mathematical modeling methods to develop and to interpret information that assist 

management with policy formulation and that helps at making better decisions and solving 

problems. 

According to Doumpos and Zopounidis (2013), MCDA is a process that do not lead to 

optimal solutions/decisions. On the other hand, provides a set of criteria aggregation 

methodologies that enable the development of decision support models considering the 

decision-maker’s preferences and judgment policy. Furthermore, they claim that MCDA 
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techniques and methodologies are not just some mathematical models aggregating criteria that 

enables one to make optimal decisions in an automatic manner. Instead, MCDA has a strong 

decision support focus which the decision-maker has an active role in the decision-modeling 

process. 

Two crucial issues within the MCDA are described by Roy (1990):  

 To construct or to create something which, by definition, does not pre-exist. This 

entity to be constructed or created is viewed as liable to help an actor taking part in 

the decision process: either to shape, and/or to argue, and/or to transform his 

preferences or to make a decision in conformity with his goals.  

 Efforts of researchers are oriented towards concepts, properties and procedures 

which are consequently liable to be used for: extracting from the available 

information what appears to be really meaningful (in the perspective of what needs 

to be built); and helpful to shed light on decision-maker's behavior by bringing them 

arguments able to strengthen or weaken their own convictions. 

 

General framework of MCDA bases on: 

 A not necessarily stable set A of potential actions; 

 Comparisons (through preference relationships) based on n criteria gk; 

 An ill-defined mathematical problem. 

 

A potential action has a more general concept than one of feasible alternatives for two 

reasons: it can be put (if necessary) jointly into operation; and the feasibility of a potential action 

is not positively imposed – an ideal action can serve as point of reference, such as in Technique 

for Order Preference by Similarity to Ideal Solution (TOPSIS) method, for example. 

 The comparison between two potential actions a and b can be founded and discussed 

through the comparison of the two performance vectors: 
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2.2.1. Structure of Preferences 

 

Based  on categorization of criteria and concepts reported in Roy and Vincke (1981) and 

Roy (1990), the preference relationships are described as follow: 

2.2.1.1. True-criterion 

 

To infer comparisons between alternatives on the basis of a criterion, in the most 

classical model, it is supposed that, for all a, b  A: 

 

 

Where  

Pk is a binary relation that reads is strictly preferred to ; and 

Ik is a binary relation that reads is indifferent to.  

In this type of model, any difference, as small as it may be, between two evaluations, 

implies a strict preference. 

2.2.1.2. Semi-criterion 

 

In this type of model, small differences between two evaluations, g(a) - g(b), are 

compatible with an indifference situation between a and b. This leads to the following model 

of comparison: 
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2.2.1.3. Pseudo-criterion 

 

Pseudo-criterion is the natural generalization of the concept of true criterion to the case 

in what an indifference threshold and a weak preference are introduced. It can be defined as a 

function g whose discriminating power is characterized by two thresholds qk (indifference 

threshold) and pk (preference threshold) in the following way: 

 

 

  

Weak preference (Q) is interpreted as a hesitation between Indifference (I) and Strict 

preference (P). This concept helps us to comprehend the ambiguity inherent in the presence of 

imprecision, uncertainty, or inaccurate determination. 

Some basics theoretical and methodological, non-exhaustive, preoccupations in MCDA 

are listed by Roy and Vincke (1981), as follow: 

 The nature, the generation and the formal definition of potential actions to be 

considered; 

 The nature and the formal definition of criteria; 

 The conditions to be satisfied by the family of the n criteria, denoted by F, in 

order to be appropriate to play the role devoted to it; 

 The nature and the quantification of the inter-criteria information; 

 The logic and the properties of the aggregation models by which comprehensive 

preferences are totally or partially formalized; 

 The logic and the properties of the procedures, interactive or not, by which the 

final selection, assignment or ranking is made. 
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2.2.2. Interactive methods 

 

According to Roy and Vincke (1981), an interactive method is a procedure consisting 

of an alternation of calculation and discussion stages. In the calculation stage - the scientist 

selects an action to put before the decision-maker during the discussion stage. In the discussion 

stage, the decision-maker considers the scientist’s proposition, and provides supplementary 

information about their preferences, that is then introduced into the model in the next 

calculation stage.  

Many interactive methods assume that the decision-maker is willing to answer a large 

number of relatively difficult questions. However, Mousseau and Slowinski (1998) claim which 

one of the main difficulties that an analyst must face when interacting with a decision-maker in 

order to build a decision aid procedure is the elicitation of various parameters of the decision-

maker’s preference model. 

 

2.2.3. Methodological approaches in MCDA 

 

According to Doumpos and Zopounidis (2013) and Jacquet-Lagrèze and Siskos (2001), 

a wide range of methodologies for addressing decision-making problems of different types are 

provided in MCDA field. The differences between these methodologies involve the form of the 

models, the model development process, and their scope of application. Based on these 

characteristics, four main streams in MCDA research are suggested as following: 

 Multiobjective Mathematical Programming; 

 Multiattribute Utility/Value Theory (MAUT/MAVT); 

 Outranking relations; and 

  Preference Disaggregation Analysis (PDA). 
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Figure 10. Disaggregation-aggregation approach vs. other MCDA approaches. 

Adapted from (Siskos and Spyridakos, 1999) 
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2.2.4. Multiobjective Mathematical Programming (MMP)  

 

Multiobjective Mathematical Programming can be defined formally as following: 

 

 
 

 

Assuming that the objectives are in conflict, in a MMP context, it implies that it is not 

impossible to find a solution that maximizes all the objectives simultaneously. Therefore, 

efficient solutions (Pareto optimal or non-dominated solutions) are of interest. A solution x* is 

referred to as efficient if there is no other solution x that dominates x* (Doumpos and 

Zopounidis, 2013). 

According to (Siskos and Spyridakos, 1999; Doumpos and Zopounidis, 2013),  MPP 

consists on an extension of single objective mathematical programming, aiming to solve 

problems in which there are no discrete alternative actions and the objectives are more than 

one. The solution is estimated through iterative procedures that lead to: 

 achieving the decision-maker satisfaction levels on the criteria; or 

 constructing a utility model of the decision-maker that is used for selection of 

solutions assessed from a utility maximization procedure; or  

 a combination of both methods described above. 

 

 

Figure 11. Multiobjective Mathematical Programming Approach. 

   

 A system of classifying about two dozen major methods for of MMP is presented by 

Hwang et al. (1980), the classification of methods for MMP is based on four categories of 

preference information given to the analyst by a decision-maker and it is represented in figure 

12. 
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Figure 12. A taxonomy of methods for multiple objective (Hwang et al., 1980). 

 

 

2.2.5. Multiattribute Utility/Value Theory (MAUT/MAVT)  

 

According to Stewart (1992), oriented by a quantitatively point of view, there is a great 

appeal in being able to establish some means of associating a numerical score or value with 

each decision alternative, after which choice of the optimal alternative becomes automatic. 

 Doumpos and Zopounidis (2013) point out that the term utility is used in the context of 

decision making under uncertainty, whereas the term value is preferred for decisions in a certain 

environment. 

Besides Analytic Hierarchy Process -AHP (Saaty, 1980), MAUT constitutes what some 

European scholars call the American school with top most among the approaches for solving 

discrete alternative problems (Wallenius et al., 2008). 

Multiattribute utility/value theory (MAUT/MAVT) extends the traditional utility theory 

to the multidimensional case. MAUT/MAVT has been one of the cornerstones of the 

development of MCDA and its practical applications. The objective of MAVT is to model and 
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represent the decision-maker’s preferential system into a utility/value function U(x), 

commonly, based on a simple addition of scores representing goal achievement according to 

each criterion, i.e. to represent the total score or value of the alternative described by the 

attribute vector U, such that: 

 

 

 

The most commonly used form of utility/value function is the additive one: 

 

 
 

where  

  is the trade-off constant for criterion k; and  

 

   is the corresponding marginal value function, which defines the partial value 

(performance score) of the alternatives on criterion k, in a predefined scale (e.g., in [0, 1]). If 

the marginal value function is assumed to be linear the additive model reduces to a simple 

weighted average of the criteria. 

Keeney and Raiffa (1993) present in detail the theoretical principles of MAVT under 

both certainty and uncertainty, and discuss the independent conditions that characterize 

different types of value models, e.g., additive, multiplicative, multi-linear (Doumpos and 

Zopounidis, 2013). 

 

 

 

Figure 13. MAUT/MAVT Approach. 
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According to Vincke (1994), methods based upon Multiattribute Utility Theory lead to 

a function (U) allowing the ranking of all decisions from best to worst. The result thereby 

obtained is thus quite rich: this is of course due to the strong assumptions of the theory and to 

all the extra information demanded from the decision-maker (preference intensities, trade-offs). 

According to Roy and Vincke (1981), in Multiattribute Utility Theory is still conceived 

with a view to obtaining mathematically rigorous models at the risk of rendering these models 

inapplicable. However, Wallenius et al. (2008) discusses the MAUT maturity, developments 

and methodologies which are continuing to move into other fields. Furthermore, directions for 

future research in MAUT/MCDA are identified. 

 

2.2.6. Outranking methods 

 

Despite the evaluations performed based on value functions being transitive and 

complete, in several cases, preferences do not satisfy these properties. Furthermore, the 

alternatives can be incomparable and the intransitivity is often observed.  

As a solution, relational models enable the modeling of such situations. In order to 

model decision-maker’s preferences, it is necessary to define relations between pair of 

alternatives, usually, compared by using a structure of preference described in section 2.2.1. 

The outranking relations theory of MCDA describes such models, with close 

connections to social choice theory (Roy, 1991). In the late 1960s, the foundations of the 

outranking relation theory have been set by Bernard Roy through the development of the 

ELimination Et Choix Traduisant la REalité (ELECTRE) family of methods. It has been widely 

used, mainly in Europe, by MCDA researchers; some scholars name it as the European school.  

 

The outranking relations techniques comprises two distinct stages:  

 the construction of an outranking relation; and 

  the exploitation of the outranking relation in order to perform the evaluation of 

the alternatives for choice, ranking, and classification purposes. 
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Typically, an outranking relation can be defined as a binary relation called outranking 

relation used to estimate the preference for an alternative a over an alternative b; a binary 

relation called outranking relation S between a pair of alternatives a and b is defined as:  

 

  

 

And it’s negation is   

 

 

 

A complementary definition is presented by Costa (2015), which established two type 

of relations: 

 S1 (preference). A decision-maker prefers an alterative a in despite on another one b, 

if and only if a is better than b.  

 S2 (non-dominance). On the other hand, a decision-maker considers that an 

alternative a is non-dominated by another one b, if and only if a is not worse than b.  

 

 

Figure 14. Outranking relations approach. 

 

Two special features of outranking that differs from MAUT/MAVT are:  

 In contrast to MAUT/MAVT, an outranking relation is not necessarily 

transitive. On the other hand, models developed on the basis of outranking 

relations allow intransitivity. 

 An outranking relation is not complete: the main preference relations used in a 

MAVT modeling framework involve preference and indifference. In addition 

to these two relations, outranking methods also consider the incomparability 

relation, which arises when comparing alternatives with very special 

characteristics and diverse performance on the criteria. 
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The most popular methods implementing the outranking relations framework with 

different variants for addressing the problematics (choice, ranking and classification) are: 

ELECTRE methods as well as the PROMETHEE methods. 

  

2.2.7. Preference Disaggregation Analysis(PDA) 

 

The Preference Disaggregation approach refers to the analysis (disaggregation) of the 

global preferences (judgment policy) of the decision-maker in order to identify the criteria 

aggregation model that underlies the preference result. For eliciting preferential information 

and constructing decision models from decision examples, disaggregation methods have 

become popular in MCDA (Doumpos and Zopounidis, 2004). 

The classical concept of preference disaggregation in multicriteria analysis is presented 

by Corazza et al. (2015) that define preference disaggregation as  regards  specifying the 

preference model of the decision-maker problem from a given reference set (past decisions), so 

that the evaluations of given alternatives obtained by the adopted multicriteria model is as 

consistent as possible with the actual evaluations of the decision-maker.  

Jacquet-Lagrèze and Siskos (2001) claim the philosophy of preference disaggregation 

analysis involves the inference of preference models from given global preferences. The 

development of disaggregation methods actually began in 1978, with the presentation of UTilité 

Addivite method (UTA) in the Cahiers du LAMSADE series.  

 

 
Figure 15. Preference Disaggregation Approach. 

 

In chapter 3, a literature review in Preference Disaggregation Approach is presented.  
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2.3. Knowledge Discovery in Database (KDD) 
 

The term Knowledge Discovery in Databases (KDD) was initially named by Gregory 

Piatetsky-Shapiro in a workshop at the 1989 International Joint Conference on Artificial 

Intelligence in Detroit, USA, in August 1989(Zhang and Wu, 2011). 

Maimon and Rokach (2010) describe Knowledge Discovery in Databases (KDD) as an 

automatic, exploratory analysis and modeling of large data repositories. KDD is the organized 

process of identifying valid, novel, useful, and understandable patterns from large and complex 

data sets. 

Han et al. (2011) outlines KDD process as an iterative and interactive sequence of steps, 

which are shown in figure 16:  

 Preprocessing - Data Cleaning (to remove noise and inconsistent data) and Data 

Integration (in which multiple data sources may be combined); 

 Data selection - in which relevant data to the analysis task are retrieved from the 

database;  

 Data transformation - in which data are transformed and consolidated into 

appropriate forms for mining by performing summary or aggregation operations;  

 Data Mining - an essential (core) process in which intelligent methods are 

applied to extract data patterns; 

 Pattern evaluation -  identification of truly interesting patterns representing 

knowledge based on interestingness measures; and 

 Knowledge presentation - in which visualization and knowledge representation 

techniques are used to present mined knowledge to users. 

  

 
Figure 16. An Overview of the Steps That Compose the KDD Process 

 (Fayyad et al., 1996). 
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2.3.1. Data Mining 

 

A unique definition of data mining has not been established yet; data mining is known 

as the non-trivial process of analyzing big amounts of data already present in databases. Data 

is not collected based on experiments designed to answer a certain set of a priori known 

questions. A primary reason for using data mining is to assist in the analysis of collections of 

observations of behavior that lead to define data mining as the process of discovering patterns 

in data (Valls et al., 2011). 

According to Maimon and Rokach (2010), data Mining is the core of the KDD process, 

involving the inferring of algorithms that explores the data, develops the model and discovers 

previously unknown patterns. 

Han et al. (2011) describe data mining as the process of discovering patterns in data. 

Not all patterns discovered are necessarily valid or interesting. It is common to find patterns 

that are not presented in the general data set, this is called overfitting. If the learnt patterns do 

not meet the desired standards, then it is necessary to change the preprocessing and data mining. 

Tsai (2012) claims data mining as an interdisciplinary field that combines artificial 

intelligence, database management, data visualization, machine learning and statistics. As a 

rapidly emerging field, provides different methodologies for decision-making, problem solving, 

analysis, planning, diagnosis, detection, integration, prevention, learning, and innovation 

(Gupta, 2011; Han and Kamber, 2011). 

In general, data mining tasks can be classified into two categories: descriptive - mining 

tasks characterize properties of the data in a target data set and predictive - mining tasks perform 

induction on the current data in order to make predictions (Han et al., 2011). 

As a highly application-driven domain, data mining has incorporated many techniques 

from other domains such as statistics, machine learning, pattern recognition, database and data 

warehouse systems, information retrieval, visualization, algorithms, high performance 

computing, and many application domains (figure 17). 

According to Valls et al. (2011), discovering patterns in data must be meaningful and 

lead to some advantage. They should allow to make non trivial predictions on new data. 

Furthermore, one should also mention that machine learning techniques used for data mining 

could be divided into two groups: 
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 the supervised learning methods of which goal is to search for patterns or rules 

in data which explain a certain output variable. (Decision tree – structural 

patterns; Neural Networks – black box);  

 the unsupervised learning algorithms that involve clustering techniques (like k-

means) which divide the instances into natural groups, no output has to be 

predicted and its goal is searched for strong patterns in the data. 

 

According to Han et al. (2011), supervised learning is basically a synonym for 

classification; the supervision in the learning comes from the labeled examples in the training 

data set. Unsupervised learning is essentially a synonym for clustering; the learning process is 

unsupervised since the input examples are not class labeled. Typically, clustering is use to 

discover classes within the data. 

Data mining involves four main classes of tasks: 

 Classification  

 Clustering 

 Regression 

 Association 

 

 

Figure 17. Data mining adopts techniques from many domains. 

(Han, et al., 2011) 
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Classification 

Classification is the process of finding a model (or function) that describes and 

distinguishes data classes or concepts. The model is derived based on the analysis of a set of 

training data (i.e., data objects for which the class labels are known). The model is used to 

predict the class label of objects for which the class label is unknown. 

In classification, the learning scheme is presented with a set of classified examples from 

which it is expected to learn a way of classifying unseen examples. Classification is a two-step 

process, consisting of: a learning step - classification model is built; and a classification step - 

the model is used to predict class labels for given data(Han et al., 2011; Witten et al., 2011). 

Some of the most widely used classification techniques are: Decision Tree, K-Nearest 

Neighbor, Artificial Neural Networks, Inductive Rules, and Bayesian Networks. 

 

Regression 

Regression is used to predict missing or unavailable numerical data values rather than 

(discrete) class labels. The term prediction refers to both numeric prediction and class label 

prediction. Regression analysis is a statistical methodology that is most often used for numeric 

prediction, although other methods exist as well (Han et al., 2011).  

 

Clustering 

Clustering analyzes data objects without consulting class labels, i.e., class labeled data 

may simply not exist at the beginning. Clustering generates class labels for a group of data. The 

objects are clustered or grouped based on the principle of maximizing the intraclass similarity 

and minimizing the interclass similarity (Han et al., 2011).  

In clustering, groups of examples that belong together are sought – it is the process of 

partitioning a set of data objects (or observations) into subsets. Cluster analysis has been widely 

used in many applications such as business intelligence, image pattern recognition, Web search, 

biology, and security. 

 

Association rules 

Association rules can predict any attribute, not just the class, and it also allows to predict 

combinations of attribute in a non-restrictive way. Many different association rules can be 

derived from even a very small data set, interest is restricted to those that apply to a large 

number of instances with a reasonable accuracy which is evaluated from two main 

interestingness measures: confidence and support (Witten et al., 2011).  
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3. State of the Art 

 

This chapter aims to answer the following research question by a literature review: 

 Which methods presented in literature have been proposed or used in order to 

combine MCDA and Data Mining? 

In this chapter, a brief highlight on Preference Disaggregation and the methods that 

have been proposed to combine MCDA and Data Mining are identified. 

 

3.1. Preference Disaggregation in Multicriteria 

 

In the traditional aggregation paradigm, the criteria aggregation model is known a 

priori, while the global preference is unknown. On the contrary, the philosophy of 

disaggregation involves the inference of preference models from given global preferences 

(Jacquet-Lagrèze and Siskos, 2001). 

Corazza et al. (2015) present the classical concept of preference disaggregation in 

multicriteria analysis as regards specifying the preference model of the decision-maker problem 

from a given reference set (past decisions), so that the evaluations of given alternatives obtained 

by the adopted multicriteria model is as consistent as possible with the actual evaluations of the 

decision-maker. 

According to Zopounidis et al. (1999), the preference disaggregation approach refers to 

the analysis (disaggregation) of the global preferences (judgment policy) of the decision-maker 

for the identification of an aggregation model of the criteria that underlies the preference and 

uses common utility decomposition forms to model the decision-maker’s preferences.  

Preference disaggregation analysis (PDA) is involved with the inference of preferential 

information and decision models from decision examples. Instead of asking detailed 

preferential data, PDA assumes that a predefined decision model can be inferred through the 

analysis (disaggregation) of a limited set of representative examples (reference set) involving 

global judgments made by the decision-maker. These examples may include past decisions or 

a small subset of the alternatives under consideration (Zopounidis and Doumpos, 2013). 

By employing regression-based techniques (indirect estimation procedures), the 

parameters of the utility decomposition model are estimated through the analysis of the 

decision-maker’s overall preference on some reference alternatives(Doumpos and Zopounidis, 

2004). 
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 Disaggregation methods have been extensively used in MCDM. The paradigm of PDA 

in MCDA was introduced by Jacquet-Lagreze and Siskos (1982) through the UTilité Addivite 

method (UTA), mainly oriented towards ranking problems. UTA is a well-known PDA method 

based on ordinal regression analysis, which uses linear programming techniques in order to 

optimally infer additive value/utility functions, so that these functions are as consistent as 

possible with the global decision-maker’s preferences.  

 

 

Figure 18. The aggregation and disaggregation paradigms in MCDA. 

(Jacquet-Lagrèze and Siskos, 2001) 

 

As a relevant theme that has been studied for years, Preference Disaggregation has 

reported results in articles spread over different publications. In the following section, a 

literature review about Preference Disaggregation is presented in the multicriteria area with 

Webibliomining framework proposed by Costa (2010). 

 

3.2. Literature Review 

 

Aiming to identify works in Preference Disaggregation associated with data mining area 

and emerging topics, the Webibliomining model is applied in a sample corresponding to articles 

indexed in Scopus and ISI-Web of Science library database. The choice of these databases was 

due to accessibility and also because the admission criteria of the documents are representative 

and provides the most valuable information to researchers and practitioners. The review was 

undertaken until May (2016) and all documents available in databases are contemplated.  
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Defining “Preference Disaggregation” as the keyword for research; 94 documents were 

obtained as the result (book:1; book section 12; conference proceedings:1; journal article:72; 

serial:8) -  59 from Scopus and 72 from Web of Science databases, in both databases 37; figure 

19 summarizes the sample. 

 

 

Figure 19. Preference Disaggregation sample in databases. 

 

Within documents available, a list with 548 keywords is identified and a cloud of words 

is generated to demonstrate the magnitude as the terms appear in the sample, see figure 20.  

 

 
Figure 20. Keywords cloud from PDA sample. 

  

A better visualization about the sample of papers is provided by a graph built with a 

gephi tool (Bastian et al., 2009) in which each node represents an article and each edge 

represents at least one author that links two articles (no self-loops are considered); see figure 

21. Some statistics about papers network graph were collected: Average degree - 10.27; Density 

- 0.126; Number of Weakly Connected Components – 25; clusters – 27; and Giant component: 

52 nodes (62,65%). 
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Figure 21. PDA papers sample network graph. 

 

A visual inspection on figure 21 indicates that two major segments can be identified on 

three groups on a giant component. The highlighted nodes in colours red (Siskos et al., 1998) 

and blue (Samaras et al., 2008) save the highest measured in hub index, i.e., the better quality 

connections on the graph network. The top ten references ranking by hub index are summarized 

in table 2. Moreover, by a brief analysis of the abstracts, some documents were considered not 

aligned with the research; others are not available or not accessible to read and were discarded. 

 

Table 2. Main references in PDA ranking by hub index 

Reference 
Hub 

index 

Betweenness 

Centrality 

Cited 

by 

Measuring Customer Satisfaction Using a Collective 

Preference Disaggregation Model (Siskos et al., 1998) 
0,044 467,94 38 

A multicriteria DSS for stock evaluation using 

fundamental analysis (Samaras et al., 2008) 
0,031 97,51 20 

Multicriteria Preference Disaggregation for 

Classification Problems with an Application to Global 

Investing Risk (Doumpos et al., 2001) 

0,027 185,80 36 

The use of a preference disaggregation method in energy 

analysis and policy making (Diakoulaki et al., 1999) 
0,027 7,11 23 
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Stock evaluation using a preference disaggregation 

methodology (Zopounidis et al., 1999) 
0,027 185,80 30 

An application of multicriteria decision aid models in the 

prediction of open market share repurchases 

 (Andriosopoulos et al., 2012) 

0,026 4,38 4 

A multicriteria approach in detecting falsified audit 

reports: Evidence from small and medium UK companies 

 (Afrokh et al., 2005) 

0,026 4,38 0 

Multicriteria classification and sorting methods: A 

literature review (Zopounidis and Doumpos, 2002b) 
0,026 1,30 253 

Preference disaggregation and statistical learning for 

multicriteria decision support: A review  (Doumpos and 

Zopounidis, 2011) 

0,026 1,30 18 

Business failure prediction using the UTADIS 

multicriteria analysis method 
0,026 1,30 28 

 

About forty-three different journals are identified, taking as criterion the number of 

papers (N) to rank the journals, Table 3 summarizes those journals that had at least two papers 

and which together account for about 60% of the total. 

 

Table 3. Main Journals. 

Journal ISSN N 

European Journal of Operational Research 0377-2217 23 

Omega-International Journal of Management Science 0305-0483 5 

Computers & Operations Research 0305-0548 4 

Journal of Global Optimization 0925-5001 3 

Annals of Operations Research 0254-5330 2 

Decision Sciences 0011-7315 2 

Decision Support Systems 0167-9236 2 

Top 1134-5764 2 

 

With no distinction between authorship and co-authorship, 180 authors are identified. 

In figures 22 and 23, a network graph with relations among main authors is built in what each 

node represents one author and each edge represents at least one article published among 

authors. Furthermore, the main clusters are also highlighted. 
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Figure 22. Relations among researchers - Network Graph – Gephi tool. 

 

 
Figure 23. Relations among researchers - VSOviewer tool. 

 

Considering the structure of authors’ network (figure 22), there are individuals (hubs) 

with more relative influence than others. The hub parameter measures the quality of connections 

from a node. 



47 

 

 

In order to enable the evolution of scientific production observation in preference 

disaggregation analysis, quantitative data on the distribution records of published articles is 

consolidated in figure 24, grouped by year of publication. 

 

 

Figure 24. Distribution of papers by year. 

 

 

A sample analysis of papers, according to its problematics, are distributed in: 

Problematic(): 1,81%; Problematic(): 50,91%; Problematic(): 23,64%; and Problematic(δ): 

23,64%, as showed in figure 25: 

 
Figure 25. Paper distributed by problematic. 

 

Concerning the main problematics involved in MCDA, the problematic() - 

sorting/classification were present in more than 50% of all papers analyzed. As previously 

mentioned, it is worthy note; classification is one of the most common learning models in data 

mining. 
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 Regarding application areas context, the papers were identified as showed in table 4:  

  

 

Table 4. Paper by area. 

Area Amount References 

Customer Satisfaction 15 

(Siskos et al., 1998); (Mihelis et al., 2001);(Grigoroudis et al., 2000); 

(Grigoroudis, 2002); (Grigoroudis and Siskos, 2004); (Politis and 

Siskos, 2004); (Grigoroudis et al., 2007); (Grigoroudis, Nikolopoulou, 

et al., 2008);  (Grigoroudis, Litos, et al., 2008); (Meletiou, 2010); 

(Arabatzis and Grigoroudis, 2010);(Joao et al., 2010); (Manolitzas et 

al., 2011); (Kovesi et al., 2012); (Ghaderi et al., 2014). 

Economics / Financial 13 

(Zopounidis et al., 1998); (Zopounidis et al., 1999); (Zopounidis and 

Doumpos, 1999a); (Zopounidis and Doumpos, 1999b); (Krassadaki 

and Siskos, 2000); (Doumpos et al., 2001); (Zopounidis and 

Doumpos, 2001);  (Zopounidis and Doumpos, 2002a); (Afrokh et al., 

2005);  

(Samaras et al., 2008); (Pasiouras et al., 2010); (Greco et al., 2011); 

(Siskos et al., 2014);  

Water supply 1 (Álvarez et al., 2015) 

Network design 1 (Zhang et al., 2009) 

Energy 1 (Diakoulaki et al., 1999) 

 

Inspired by Jacquet-Lagreze and Siskos (2001), the papers were clustering into four 

classes, as showed in table 5; some papers were classified in more than one class. 

Table 5. papers by class. 

Class Amount 

Review 9 

Methodological issues 32 

Real world applications 32 

Decision support systems 9 

Non-Classifified 7 

 

Considering Reviews, methodological issues, decision support systems and real-world 

applications; it was observed an equilibrium between methodological issues and real-word 

applications. However, applications areas in customer satisfaction and economics/financial are 

predominant. 

Within several methods applied and combined along the papers, some highlights were 

selected: UTilités Additives DIScriminantes (UTADIS) and variants(16); MUlticriteria 
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Satisfaction Analysis - MUSA(10); UTilité Addivite method (UTA) and variants(8); 

ELECTRE-TRI(3); ROUGH SETS(1). 

Linear programming techniques and Ordinal Regression Analysis were largely 

identified in most of the time. MUSA(Grigoroudis, 2002). and UTADIS(Kosmidou et al., 2008) 

methods (and variants) represent more than 50% of all methods used by researches. Although, 

the most of the identified research deals with regression techniques, in order to foster new 

frontiers and to broaden discussions, a relatively recent approach based on the association of 

numerical measurements to probability distributions probabilities, CPP-TRI, is proposed. 

Despite Preference Disaggregation and Data Mining be involved in study similar 

problems such as techniques as an ordinal regression, neural networks, rule-based, support-

vector machine, among others; in none of all papers investigated in Scopus and ISI-Web of 

Science databases was explicitly mentioned a data mining approach with CPP-TRI. 

In order to cover possible remaining gaps, two complementary researches in literature 

are conducted to contemplate: the CPP method; and Multicriteria, Data mining and Features 

selection, which is summarized in table 6 and table 7, respectively. In the results, none presents 

a combination of attribute selection and CPP-TRI. 

 

Table 6. CPP research papers 

Paper Main idea 

De Souza et al. (2016)  

Combining Life Cycle Assessment (LCA) and CPP; a 

variation of method, called CPP Beta, is used to analyze 

evaluations made by multiple experts. 

Sant’anna et al. (2015)  

The probabilistic transformation of CPP employs a beta 

distribution to combine evaluations of a set of factors 

determined by adding human reliability criteria to the 

traditional FMEA criteria. 

De Almada Garcia and 

Sant’anna (2015)  

An application of the CPP method to the vendor and carrier 

selection process in the construction sector is  presented. The 

traditional measures associated with vendor and carrier 

evaluation are considered in the model and are combined 

through a preferences composition. 

Garcia et al. (2015)  

The authors combine the use of CPP and entropy weighting 

for failure mode prioritization. 

Sant'anna et al. (2015)  

an approach for sorting based on randomizing the 

trichotomic decision about classifying an alternative as 

superior, inferior or indifferent to a certain number of profiles 

is developed. 

Treinta et al. (2014)  

The CPP method is adopted to exemplify the application of 

the methodology to select articles in different contexts. 
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Sant'anna et al. (2014)  

CPP is applied to compare failure risks and to measure 

efficiency in the retail trade sector. 

Sant’anna et al. (2013)  

CPP-TRI and K-means are combined in an application to 

classify municipalities of Rio de Janeiro State in accordance 

with public crèches availability. 

Caillaux et al. (2011) 

The CPP is used with Copeland and DEA methods to provide 

a systematic tool for the selection of the most suitable 

maritime route for containerized cargoes between different 

sets of coupled-ports. 

Sant'anna and Conde (2011)  

An analysis of call centers performances efficiently and 

systematically based on CPP  is developed, which results in 

ranking, according to different points of view 

Sant'anna et al. (2011)  

applies a transformation into probabilities of preference, to 

rank papers submitted to the XLI Brazilian Symposium of 

Operational Research 

Sant'anna et al. (2010)  
The CPP is used to discuss alternative rules for the 

classification of the teams in the Brazilian Soccer 

Championship. 

 

In the research about feature selection plus multicriteria and in Scopus database, the 

results for this input query: (“multicriteria” or “multiplecriteria” or “mcda” or “mcdm”) and 

(“data mining”) and limit-to (exact keyword, “feature selection”), in general, point out to 

multicriteria methods applied to features selection. 

Table 7. Multicriteria, Data mining and Features selection. 

Paper Purpose techniques 

(Brester et al., 

2015) 

Seeking to simplify the structure of neural network 

classifiers and at the same time to keep high 

classification accuracy. 

multi-objective; 

Genetic 

algorithm; 

Neural Network. 

(Hsu and Pai, 

2013) 

Develops a SVMMCDM (support vector machines 

with multiple criteria decision making) model that 

employs various feature selection techniques as data 

preprocessing schemes. MCDM(vikor) is used to 

determine the most suitable feature selection 

mechanism when many performance criteria are 

considered. 

Support Vector 

Machine; Vikor. 

(Vieira et al., 

2009) 

A feature selection algorithm based on ant colony is 

used to cope with two different objectives that 

consider minimize the number of features and 

minimize the classification error.  

Ant Colony and 

Fuzy Sets. 

(Chi et al., 2007) 

a novel method based on a genetic optimization to 

improve the detection rate for attack patterns 

without a loss due to false-positive error rate. by 

designing a multicriteria optimization procedure, 

seeking to select a robust feature subset . 

Genetic 

algorithm; and 

KNN. 
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(Huei et al., 

2006) 

Propose a model  to evaluate FSS algorithms which 

considers two properties, namely the predictive 

performance of the classifier induced using the 

subset of features selected by different FSS 

algorithms, as well as the reduction in the number of 

features 

ReliefF, FCBf, 

CFS, CBF, 

FDimBF, 

Ranking 

learning 

algorithms. 

(Venkatraman et 

al., 2004) 

Genetic algorithms coupled with information 

theoretic used to find relevant variables for 

producing robust classifiers with low complexity 

and good predictive accuracy. 

Genetic 

programming; 

Quantitative 

Structure 

Activity 

Relationship 

(QSAR) 

analysis. 

 

3.3. Connections 

 

Valls et al. (2011); Doumpos and Zopounidis (2011) point out that the interactions of 

the both fields are examined in two opposite directions, as shown in figure 26. The first one 

involves the use of statistical learning and data mining techniques in a decision-aiding context 

through disaggregation analysis and preference learning. The second direction involves the 

implementation of MCDA concepts in statistical learning framework and development of 

hybrid methodologies.  

 

 
 

Figure 26. Outlines of the interactions between disaggregation analysis and statistical learning/data mining  

(Doumpos and Zopounidis, 2011). 
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From a literature review, Doumpos and Zopounidis (2011) present an analysis about the 

interactions of the two fields. Among others, table 8 summarizes these interactions: 

Table 8. Interactions works data mining and MCDA. 

Using statistical learning methods for disaggregation analysis and MCDA 

Method Features 

Neural 

Networks(NN) 

Ability to model highly complex problems, with an unknown underlying structure. 

Main advantage: independent of functional form and quite stable to parameter 

perturbations. 

Related works 

Several works have been related in this context, among others:  

Wang and Malakooti (1992) and Malakooti and Zhou (1994) - used feed-forward NNs to 

learn an arbitrary value function for ranking a set of alternatives, as well as to learn a 

relational multicriteria model based on pairwise comparisons (binary relations) among the 

alternatives 

Wang (1994a); Wang (1994b); Wang and Archer (1994) –used NN to learn fuzzy 

preferences; 

 Stam et al. (1996)- used NNs within the context of the analytic hierarchy process(AHP); 

Sun et al. (1996) - proposed a feed-forward NN model, which is trained to represent the 

DM’s preference structure; 

Shimizu et al. (2004) - presented a web-based implementation integrating a NN model. 

Rule-based and 

decision tree 

models  

Features 

Easy to understand - a very important characteristic in decision aiding problems. 

Related works 

significant research has been devoted on the use of such approaches as preference 

modeling tools in MCDA and disaggregation analysis, among others:  

Pawlak (1982) – introduce Rough set as a methodology to describe dependencies between 

attributes, to evaluate the significance of attributes and to deal with inconsistent data; 

Rough set approach could be considered as an alternative to fuzzy sets theory and tolerance 

theory.;  

Pawlak and Slowinski (1994) - review the methodology of the rough set analysis;  

Greco et al. (1999) and Greco et al. (2001) -  use of the Rough set approach as a 

methodology for preference modeling in multicriteria decision problems. 

Greco et al. (2004) – investigate the relationships between these models and the decision-

rule preference model obtained from the Dominance-based Rough Set Approach; 

Greco et al. (2007) - represent fundamental concepts of rough set theory in terms of a 

generalization that permits to deal with the graduality of fuzzy sets; 

Fortemps et al. (2008) - presented a methodology of multicriteria choice and ranking starts 

from acquisition of preference information through analysis of this information using the 

dominance-based rough set approach (DRSA); 
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Greco et al. (2008)- present a new method, called UTAGMS, for multiple criteria ranking 

of alternatives from a set  using a set of additive value functions which result from an 

ordinal regression 

Kernel methods 

and margin-based 

approaches 

Features 

Map the problem data to a high dimensional space (feature space), enabling the 

development of complex nonlinear decision and prediction models, using linear estimation 

methods. Widely used for classification and regression models; Support Vector Machine 

(SVM) is one of the most common implementations of the theory of kernel methods, with 

numerous applications in pattern recognition problems. 

Related works 

Herbrich et al. (2000) – the use of kernel approaches is illustrated, within the context of 

SVM formulations, for representing value/ranking functions, where is a possibly infinite-

dimensional and in general unknown feature mapping. The authors derived bounds on the 

generalizing performance of the estimated ranking models, based on the margin separating 

objects in consecutive ranks. 

Joachims (2002) – Rank SVM algorithm has been used to improve the retrieval quality of 

search engines. 

Evgeniou et al. (2005) – estimate a linear value function V(x) = wx used for ranking 

purposes (ordinal regression). 

Waegeman et al. (2009) – illustrate the potential of this framework in the case of valued 

concordance relations, which are used in the ELECTRE methods. 

 
Table 9. MCDA concepts in statistical learning models(Doumpos and Zopounidis, 2011). 

MCDA  

methodologies for 

building statistical 

learning models 

Features 

Based on the minimization of a loss function measured based on a set of training samples. 

Methodologies associated - Learning through multiobjective Optimization; Feature 

selection and extraction; Construction of ensemble models; Pruning and use of decision 

rules; Case-based reasoning. 

Model 

Performance 

Evaluation 

Features 

Evaluate decision trees based on criteria related to their discriminatory power, simplicity 

and stability, taking in account the DM´s subjective judgments on the importance of 

criteria. 

Monotonicity in 

predictive 

modeling 

Features 

Considered as a special form of domain knowledge, because in data mining context is 

usually not taken into consideration the monotonicity, i.e., if xi > xj, the monotonicity 

principle implies that alternative j cannot be preferred over alternative i. Several studies 

have shown that the introduction of specific domain knowledge into the statistical learning 

process, may actually improve the generalizing ability of the obtained models by reducing 

overfitting, minimizing the effect of noisy data, and controlling the complexity of the 

model. 
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3.4. Similarities and differences between MCDA and Data Mining 

 

The general scheme used in preference disaggregation analysis is similar to the use of a 

training sample for model development in statistics/econometrics, neural networks, and 

machine learning. These fields have been widely used for addressing sorting problems, mainly 

in the case in which the groups are defined nominally – classification (Doumpos and 

Zopounidis, 2004). 

 MCDA and data mining have evolved significantly over the past two decades, as two 

separate fields, as shown in figure 27(Valls et al., 2011); (Doumpos and Zopounidis, 2011). 

 

 
Figure 27. Operations Research and Data Mining in Application Context  

 (Doumpos and Zopounidis, 2011). 

 

 Similarities  

 Multidisciplinary 

 Use of a training sample for model development 

 Application focused 

 Preference Elicitation 

 Constructing decision models from decision examples. 
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Figure 28. Preference Elicitation 

 

 

 Differences 

 

 The differences between MCDA and Data mining are summarized in table 10. 

 
Table 10. Mainly differences. 

 MCDA Statistical Learning/ Data Mining 

Model 

Interpretability 

The interpretability of models is of out most 

importance.  

Interpretable and easy to understand. 

Focused on the development of models of 

high predicting ability. In most cases these 

models are too complex to interpret.(black 

box) 

Data 

Dimensionality 

Usually assume that only a small reference set 

is available, since it is difficult for the 

Decision-Makers to express their global 

preferences on too many alternatives. 

Involve large (often massive) data sets and 

considerable researches have been 

devoted to the development of 

computationally efficient algorithms that 

scale up well with the size of the training 

data. 

Inconsistencies 

Data inconsistencies are usually explicitly 

treated during the model development 

process through interactive procedures whose 

objective is to reveal the inconsistencies to 

the Decision-Makers, to support their 

Treats inconsistencies in the training data 

as ‘‘hard cases”, i.e., observations which 

are simply difficult to learn and predict. 

Only outliers are treated as real 

inconsistencies. 
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resolution, and to enhance the Decision-

Makers understanding of the problem data. 

Model 

validation 

Assumed that the analyst cooperates with the 

Decision-Maker and the validation is an 

interactive process, during which the DM 

checks the validity of the parameters’ 

estimation results. 

The generalizing ability of the mode, is 

the core issue in the validation stage of 

all statistical learning models. This is 

tested using additional data sets, outside 

the training sample, or through 

resampling methods (e.g., cross-

validation, bootstrap, etc.). 

The role of the 

Decision-maker 

Participates actively in the decision modeling 

process and interacts with the analyst in order 

to achieve the best calibration of the decision 

Model. 

Assumes that only a statistical sample is 

available, whereas specific inputs from the 

decision-maker are not. 

Regularization 
Usually, do not take into account the trade-off 

between complexity and model performance. 

Regularization has become a crucial issue 

in processes. 

Data type 

The data considered in an MCDA setting 

involve the description of the alternatives 

over a number of criteria. 

Concerned with more complex structures, 

which are often encountered in areas such 

as text mining, image analysis, and signal 

processing. 

(Adapted from Doumpos & Zopounidis, 2011)  
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4. Methodology 

 

In this chapter, a proposal to combine data mining techniques and MCDA to solve 

classification problems are presented.  

4.1. Framework Data Mining – Multicriteria: A Hybrid Approach in 3-
Layers 

 

 The framework data mining – multicriteria consist of a hybrid approach in three layers 

composed by attribute selection and/or classification and/or clustering. If necessary, that seeks 

to reduce irrelevant data and improves classification accuracy. An overview of a proposal 

framework is presented in figure 29. 

 

 
Figure 29. Framework: Overview. 

 

 The framework starts when data are selected from a sample (past decision examples); it 

is assumed that only a statistical sample is available. Similarly, in preference disaggregation 

and data mining, the data exist a priori. The generalizing ability of the model is the core issue 

in validation stage of all statistical learning models, because no interactivity between analyst 

and decision-maker is expected in process. 

 When working with real data applications, in general, after data selecting, a pre-

processing and a data cleaning is mandatory. According to Han et al. (2011), real-world 

databases are highly susceptible to noisy, missing, and inconsistent data; and low-quality data 

will lead to low-quality mining results. 

  Following, a data sample is analyzed in terms of balanced of classes. If the dataset are 

imbalanced, the data sample can be re-sampled. According to Chawla et al. (2002), a dataset is 
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imbalanced if the classes are not approximately equally represented. The effect of imbalance in 

a dataset is discussed by Japkowicz (2000) which evaluated it under three strategies: under-

sampling, resampling and a recognition-based induction scheme. Various studies in imbalanced 

datasets have used different variants of oversampling and under-sampling, and have presented 

(sometimes conflicting) viewpoints on usefulness of oversampling versus undersampling 

(Chawla, 2003; Drummond and Holte, 2003). 

Chawla (2005) claims mining from imbalanced datasets is indeed a very important 

problem from both the algorithmic and performance perspective. Not choosing the right 

distribution or the objective function while developing a classification model can introduce bias 

towards majority (potentially uninteresting) class. 

 After pre-processing and cleaning the sample, the data mining and MCDA tasks are 

processed. Based on features of classes (class reference profile), the attributes are analyzed with 

a filter or wrapper techniques. As resulting, the attributes can be ranking from the best to the 

worst or selected to compose the next step. In the MCDA step, the composition of probabilistic 

preferences method (CPP-TRI) is applied and results and accuracy are analyzed. In the last step, 

the results of proposal model are compared and analyzed with the CPP-TRI method without 

attribute selection. If necessary, a clustering step is applied. Thus, some considerations are 

presented. 

 

4.2. Multicriteria Task 

 

Based on the association of numerical measurements to probability distributions, 

Composition of Probabilistic Preference (CPP) is a multicriteria analysis methodology in a way 

similar to the transformation of crisp numbers into membership intervals in the Fuzzy Sets 

Theory (Zadeh, 1965). CPP extracts, from a vector of options evaluations according to each 

attribute, a vector of choice probabilities  and it combines these particular choice probabilities 

into a final choice probability (Ribeiro et al., 2015). 

The main idea of the method is based on vagueness of the preference, even if the 

attribute is accurately measure. Hence, the effective value of attribute depends on the use or 

benefit that the decision-maker intends to extract from it. Thus, the preferences based on a given 

attribute are effectively established by a membership interval around each value (Ribeiro et al., 

2015). 

 The Composition of Probabilistic Preferences in a Trichotomic procedure (CPP-TRI) 

is defined by Sant'anna et al. (2015) as an approach to the classification(sorting) problem based 
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on randomizing the trichotomic decision of classifying an alternative as superior, inferior, or 

indifferent to those identifying a category. The alternative is allocated to the category for which 

the probabilities of being above and below the category are nearest to one another. 

Sant'anna et al. (2015) point out that an advantage of the method is the modelling with 

probability distributions that liberates the decision-maker from the burden of assigning weights 

or determining threshold parameters. Assuming CPP-TRI as PDA methods, the preference's 

model is constructed by probabilistic measures of distance (δ) from the vectors of evaluations 

of alternatives (available data). The value of δ is calculated for all categories, and an instance 

is allocated to the nearest category, that is, the category with the lowest absolute value of δ. 

4.2.1. CPP-TRI  

 

In data mining context,  Han et al. (2011) set out classification as the process of finding 

a model that describes and distinguishes data classes or concepts. The model is based on the 

analysis of a set of training data, i.e., data objects for which the class labels are known. The 

model is used to predict the class label of objects for which the class label is unknown. 

In CPP-TRI stage, the probability distributions are obtained for the profiles that define 

the categories in advance as well as the value judgments of the alternatives to be classified. 

Probabilistic comparisons are performed according to each preference criterion. A composition 

of these probabilistic preferences into global scores concludes the decision procedure. 

 

 

Figure 30. CPP-Tri Original Concept. 
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4.3. Attribute Selection Task 

 

The primary reasons for minimizing the feature subset are improvements of model 

expressiveness (interpretability) and reduction of computational effort in training and real-time 

performance. According to Stańczyk and Jain (2015), the basic principle of attribute subset 

selection is to find the necessary and sufficient subset of attribute which results in simplification 

of the discovered knowledge model without the accuracy for classification is not compromised. 

Hall (2003) describes attribute selection as the process of identifying and removing as 

much of the irrelevant and redundant information as possible.  According to Liu and Yu (2005),   

attributes selection is a process that selects a subset of original features and asses attributes 

selection as one of the important and frequently used techniques in data preprocessing for data 

mining. 

According to Witten et al. (2011), success in data mining task involves far more than 

selecting a learning algorithm and running it over your data. Depending on the data at hand, 

the results can be improved markedly by suitable choice of parameters values. 

The most important benefits of the attribute selection are:  

 reduces the dimensionality  

 removes irrelevant and redundant features  

 makes it easier to understand the data  

 reduces the amount of training data 

 improves the accuracy of prediction algorithms 

 increases the interpretability of the model. 

 

The inclusion of irrelevant, redundant and noisy attributes in the model building process 

phase can result in poor predictive performance and increased computation (Hall, 2003). In 

most of the cases, there are far too many attributes for learning schemes to handle, and some of 

them, perhaps the overwhelming majority, are clearly irrelevant or redundant. 

According to Han et al. (2011), the goal of attribute selection is to find a minimum set 

of attributes such that the resulting probability distribution of the data classes is as close as 

possible to the original distribution obtained using all the attributes. Stańczyk and Jain (2015) 

claim that the usual goal of feature selection is to find the best set of features that allows one to 

build useful models of studied phenomena. 

Typically, the greedy methods are used in a search by attribute space, being effective in 

a practice (Stańczyk and Jain, 2015). Because an exhaustive search for the optimal subset of 
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attributes can be prohibitively expensive, especially as m(attributes) and the number of data 

classes increase. For m attributes, there are 2𝑚 possible subsets. 

According to De Almada Garcia and Sant’anna (2015), the difficult to determine the 

marginal selection probabilities of each criteria at calculating the total probability of preference 

increase if the criteria are correlated. 

Adding useless attributes causes the performance of learning schemes to deteriorate, 

because the most machine learning algorithms are designed to learn which are the most 

appropriated attributes to use for making their decisions.  

There are two fundamentally different approaches when selecting a good attribute 

subset, one is to make an independent assessment based on general characteristics of the data - 

called filter method; the other is to evaluate the subset using the machine learning algorithm - 

called wrapper method (Witten et al., 2011). 

Wrapper methods evaluate attributes by using accuracy estimates provided by the actual 

target learning algorithm. On the other hand, Filter methods use general characteristics of the 

data to evaluate attributes and operate independently of any learning algorithm.  

Wrappers generally give better results than filters because of the interaction between 

the search and the learning scheme's inductive bias. However, the improved performance comes 

at the cost of computational expense, in some cases, the runtime is prohibitive (Hall, 2003).  

From fifteen well know datasets available in UCI Repository of Machine Learning Data 

Bases,, Hall (2003) presents a benchmark comparison of several attribute selection methods for 

classification which all the methods produce an attribute ranking, a useful devise for isolating 

the individual merit of an attribute. Comprehensive surveys of feature selection algorithms are 

presented by Liu and Yu (2005); Dash and Liu (1997). 

Despite having no single best approach for all situations, in this thesis, for attribute 

selection step, based on performance presented and suggested by Hall (2003), due to good 

overall performers, two main techniques are adopted: an instance based attribute ranking 

scheme (ReliefF) and Correlation-based Feature Selection (CFS).  

The ReliefF technique was selected by the success related with its ability to identify 

attribute interactions (dependencies). While, CFS was selected because, in general, it chooses 

fewer features and it is much faster than the other schemes and its bias in favour of predictive 

uncorrelated attributes is well suited to algorithms which handling with probability. 

In figure 31, the attribute selection layer is inserted at classification process. 
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Figure 31. Attribute Selection Layer. 

 

4.3.1. ReliefF   

 

Despite the majority of the measures for estimating the quality of the attributes assume 

the conditional independence of the attributes, this assumption is not made by Relief algorithms. 

ReliefF can correctly estimate the quality of attributes in problems with strong dependencies 

between attributes(Robnik-Šikonja and Kononenko, 2003). 

A key idea of the original Relief algorithm (Kira and Rendell, 1992) is to estimate the 

quality of attributes according to how well their values distinguish between instances that are 

near to each other. For that purpose, given a randomly selected instance (Ri), Relief searches 

for its two nearest neighbors: one from the same class, called nearest hit (H), and the other from 

the different class, called nearest miss (M). It updates the quality estimation (W[A]) for all 

attributes (A) depending on their values for Ri, M, and H. If instances Ri and H have different 

values of the attribute A, then the attribute A separates two instances with the same class which 

is not desirable so we decrease the quality estimation W[A]. On the other hand, if instances Ri 

and M have different values of the attribute A, then the attribute A separates two instances with 

different class values which is desirable so we increase the quality estimation W[A]. The whole 

process is repeated for m times, in what m is a user-defined parameter. 

ReliefF is an extended of Relief, which is limited to two class problems, that was 

enhanced by Kononenko (1994).  ReliefF evaluates the worth of an attribute by repeatedly 

sampling an instance and considering the value of the given attribute for the nearest instance of 

the same and different class.  
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As given in figure 32, Robnik-Šikonja and Kononenko (2003) describe the steps of 

ReliefF algorithm as follow: ReliefF randomly selects an instance (Ri), but then searches for k 

of its nearest neighbors from the same class - nearest hits Hj, and also k nearest neighbors from 

each of the different classes - nearest misses Mj(C). It updates the quality estimation W[A] for 

all attributes A depending on their values for Ri, hits Hj and it misses Mj(C). The function diff 

(Attribute;Instance1;Instance2) computes the difference between the values of Attribute for two 

instances. For discrete attributes the difference is either 1 (the values are different) or 0 (the 

values are the same), while for continuous attributes the difference is the actual difference 

normalized to the interval [0,1]. 

It is important to highlight that the procedure is similar to that of Relief, except that we 

average the contribution of all the hits and all the misses. The contribution for each class of the 

misses is weighted with the prior probability of that class P(C) (estimated from the training set).  

It is desirable the contributions of hits and misses in each step to be in [0, 1] and also 

symmetric, it must to ensure that misses’ probability weights sum to 1. As the class of hits is 

missing in the sum, it must to divide each probability weight with factor 1 − P(class(Ri)), which 

represents the sum of probabilities for the misses’ classes. The process is repeated for m times. 

Selection of k hits and misses is the basic difference to Relief and ensures greater robustness of 

the algorithm concerning noise. User-defined parameter k controls the locality of the estimates. 

For most purposes, it can be safely set to 10(Robnik-Šikonja and Kononenko, 2003). 

 

 
Figure 32. Pseudo Code of  ReliefF algorithm.((Robnik-Šikonja and Kononenko, 2003) 
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4.3.2. Correlation-based Feature Selection 

 

Proposed by Hall (1999), Correlation-based Feature Selection (CFS) is a simple filter 

algorithm that ranks feature subsets according to a correlation based on heuristic evaluation 

function; CFS searches for the best set of activities with low correlation with each other and 

high correlation with the class. CFS evaluates the worth of a subset of attributes by considering 

the individual predictive ability of each feature along with the degree of redundancy between 

them. High scores are assigned to subsets containing attributes that are highly correlated with 

the class and they have low inter-correlation with each other. The heuristic handles irrelevant 

features as they will be poor predictors of the class. Redundant attributes are discriminated 

against as they will be highly correlated with one or more of the other features.  

According to Hall (2000),  compared to ReliefF, CFS result in greater dimensionality 

reduction on both discrete and numeric class problems, and it performs comparably with respect 

to accuracy to the learning schemes using the reduce feature sets. 

 As shown in figure 33, MS is the heuristic “merit” of a feature subset S containing k 

features, rcf is the mean feature-class correlation (f ∈ S), and rff is the average feature-feature 

intercorrelation. The numerator of equation can be thought of as providing an indication of how 

predictive of the class a set of features are; the denominator of how much redundancy there is 

among the features.  

In order to apply the heuristic Merit, it is necessary to compute the correlation 

(dependence) between attributes. CFS first discretizes numeric features and then uses 

symmetrical uncertainty coefficient (SU) to estimate the degree of association between discrete 

features (X and Y): 

 

 

 

Considering that H(X) is an entropy of X; the entropy is a measure of the uncertainty or 

unpredictability in a system. H(Y) + H(X) − H(X, Y) is a symmetrical measure called 

information gain that is the amount of information gained about Y after observing X is equal to 

the amount of information gained about X after observing Y. After computing a correlation 

matrix, CFS applies a heuristic search strategy to find a good subset of features (Hall, 1999).  
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Because attributes are treated independently, CFS cannot identify strongly interacting 

features such as in a parity problem. However, it has been shown that it can identify useful 

attributes under moderate levels of interaction (Hall, 2003). 

 

 

Figure 33. Correlation-based Feature Selection. 

 

 

 

4.4. Clustering Task 

 

Based on results of classification, some data engineering (preprocessing) can be 

recommended to organize the categories (clustering) and sometimes can be necessary to go 

back to previous stage. It is important to highlight that in most of the cases, the decision-maker 

defines the categories under hesitation and some inconsistencies can be present. 

Clustering is described by Han et al. (2011) as a process of grouping a set of data objects 

into multiple groups or clusters so that objects within a cluster have high similarity, but are very 

dissimilar to objects in other clusters. Dissimilarities and similarities are assessed based on the 

attribute values describing the objects and often involve distance measure. 

There are many clustering algorithms in the literature. Han et al. (2011) claim that it is 

difficult to provide a crisp categorization of clustering methods because these categories may 

overlap so that a method may have features from several categories, as shown in table 11. In 

this thesis, for clustering the instances under evaluation, the k-means algorithm is selected and 

described in following section. In figure 34, the clustering layer is inserted at proposed 

classification process; the clustering layer is suggested, but is not mandatory. 
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Figure 34. Framework Data mining- Multicriteria. 

 

Table 11. Clusterig methods categories. (Han et al., 2011) 

Categories General Characteristics 

Partitioning 

Methods 

 Find mutually exclusive clusters of spherical shape 

 Distance-based 

 May use mean or medoid to represent cluster center 

 Effective for small- to medium-size data sets 

Hierarchical 

Methods 

 Clustering is a hierarchical decomposition (i.e., multiple levels) 

 Cannot correct erroneous merges or splits 

 May incorporate other techniques like microclustering or consider object 

“linkages” 

Density-based 

Methods 

 Can find arbitrarily shaped clusters 

 Clusters are dense regions of objects in space that are separated by low-

density regions 

 Cluster density: Each point must have a minimum number of points within its 

“neighborhood” 

 May filter out outliers 

Grid-based 

Methods 

 Use a multiresolution grid data structure 

 Fast processing time (typically independent of the number of data objects, yet 

dependent on grid size) 
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K-means 

The k-means is one of the most well-known and commonly used partitioning methods.  

According to Jain (2010), K-means has a rich and diverse history as it was independently 

discovered in different scientific fields by  Steinhaus (1956), Lloyd (1982), Ball and Hall 

(1965)  and Macqueen (1967).  

From a Data set (D) with n objects in Euclidean space, k-means distribute the objects in 

D into k clusters. As a centroid-based technique, the centroid is defined by the mean of the 

objects assigned to the cluster.  

The partitioning quality is assessed by an objective function which objects within a 

cluster are similar to one another but dissimilar to objects in other clusters. The objective 

function aims for high intracluster similarity and low intercluster similarity. 

As given in table 12, k-means randomly selects k of the objects in D, each of which 

initially represents a cluster mean or center. For each of the remaining objects, an object is 

assigned to the cluster to which it is the most similar, based on the Euclidean distance between 

the object and the cluster mean. The k-means algorithm then iteratively improves the within-

cluster variation. For each cluster, it computes the new mean using the objects assigned to the 

cluster in the previous iteration. All the objects are then reassigned using the updated means as 

the new cluster centers. The iterations continue until the assignment is stable, that is, the clusters 

formed in the current round are the same as those formed in the previous round.   

 

Table 12. k-means  algorithm. 

Input 

k: the number of clusters; and 

D: a data set containing n objects. 

Method 

(1) arbitrarily choose k objects from D as the initial cluster centers; 

(2) repeat 

(3) (re)assign each object to the cluster to which the object is the most similar, 

based on the mean value of the objects in the cluster; 

(4) update the cluster means, that is, calculate the mean value of the objects for 

each cluster; 

(5) until no change; 

Output 

A set of k clusters. 
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5. Application and Results 

 

This chapter aims to analyze the framework Data Mining – Multicriteria through a 

real-world application, which is classification of two wine datasets. 

 

5.1. Wines Datasets 

 

Two available datasets are analyzed; one dataset is on red wines and it has 1599 

instances and the other one is on white wines and it has 4898 instances. The two wines datasets 

contain features from production of the north-west region of Portugal, named Minho; in this 

thesis, the wines datasets were analyzed with the approach proposed to CPP-TRI method; the 

dataset is available into the UCI Machine Learning Repository (Lichman, 2013). The data were 

collected from May 2004 to February 2007. Each entry denotes a composition of 

physicochemical (most common) and sensory tests. 

Some attributes statistics based on physicochemical tests are presented in table 13. The 

conference of dataset, data validation and another graphics about instances distribution are 

presented in appendix A.   

Table 13. Input variables - based on physicochemical tests by wines types (Cortez et al., 2009). 

Red Wine 

Criterion Description Min Max Mean Stdev 

g1 Fixed acidity 4.6 15.9 8.32 1.741 

g2 Volatile acidity 0.12 1.58 0.528 0.179 

g3 Citric acid 0.0 1.0 0.271 0.195 

g4 Residual sugar 0.9 15.5 2.539 1.41 

g5 Chlorides 0.012 0.611 0.087 0.047 

g6 Free sulfur dioxide 1.0 72.0 15.875 10.46 

g7 Total sulfur dioxide 6.0 289.0 46.468 32.895 

g8 Density 0.99 1.004 0.997 0.002 

g9 PH 2.74 4.01 3.311 0.154 

g10 Sulphates 0.33 2.0 0.658 0.17 

g11 Alcohol 8.4 14.9 10.422 1.006 

White Wine 

Criterion Description Min Max Mean Stdev 

g1 Fixed acidity 3.8 14.2 6.855 0.8438682 

g2 Volatile acidity 0.0800 1.1000 0.2782 0.1007945 

g3 Citric acid 0.0000 1.6600 0.3342 0.1210198 

g4 Residual sugar 0.600 65.800 6.391 5.072058 
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g5 Chlorides 0.00900 0.34600 0.04577 0.02184797 

g6 Free sulfur dioxide 2.00 289.00 35.31 17.00714 

g7 Total sulfur dioxide 9.0 440.0 138.4 42.49806 

g8 Density 0.9871 1.0390 0.9940 0.002990907 

g9 PH 2.720 3.820 3.188 0.1510006 

g10 Sulphates 0.2200 1.0800 0.4898 0.1141258 

g11 Alcohol 8.00 14.20 10.51 1.230621 

 

In sensory test, each sample was evaluated by least three sensory assessors (blind tastes), 

which graded the wine in a scale that ranges from 0 - very bad to 10 - excellent (Cortez et al., 

2009). 

Dataset features. 

Number of Instances: red wine – 1599; White wine – 4898 

Number of Attributes: 11 + output attribute -Quality(class) 

Missing Attribute Values: None 

 

Table 14. Quality Attribute(categories) - instances distribution. 

 Quality 

 3 4 5 6 7 8 9 

red wine 10 53 681 638 199 18 - 

white wine 20 163 1457 2198 880 175 5 

 

 

Figure 35. Distribuition of Instances by Quality. 
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According to Sant'anna (2014), to formulate the problem of classification, the following 

terms are employed : 

• G = (g1, …, gk), a set of k criteria. 

• A = (a1, …, ak),  a vector of Rk which stores the evaluations according to the k criteria 

of the alternative to be classified; the highest the value of the coordinate aj, the better the 

alternative according to the criterion gk. 

• C = (C1,…, Cr) , a set of r classes, ordered from the worst to the best, so that the 

alternative is better if classified in a class of higher index. 

   The Quality attribute (class) is divided in ordered categories (from the worst to the 

best – 0 to 10) which are defined by sensory test. Based on physicochemical tests, one 

representative profile for each category is defined by mean on gk criterion and standard 

deviation (StdDev). The Representative profile of each category is shown in table 15. 

Table 15. Representative Profiles of the categories(physicochemical tests) 

 Red Wine 

Category  g1 g2 g3 g4 g5 g6 g7 g8 g9 g10 g11 

C8 
Mean 8.57 0.42 0.39 2.58 0.07 13.28 33.44 0.995 3.27 0.77 12.09 

Stdev 2.12 0.14 0.20 1.30 0.01 11.16 25.43 0.002 0.20 0.12 1.22 

C7 
Mean 8.87 0.40 0.38 2.72 0.08 14.05 35.02 0.996 3.29 0.74 11.47 

Stdev 1.99 0.15 0.19 1.37 0.03 10.18 33.19 0.002 0.15 0.14 0.96 

C6 
Mean 8.35 0.50 0.27 2.48 0.08 15.71 40.87 0.997 3.32 0.68 10.63 

Stdev 1.80 0.16 0.20 1.44 0.04 9.94 25.04 0.002 0.15 0.16 1.05 

C5 
Mean 8.17 0.58 0.24 2.53 0.09 16.93 56.51 0.997 3.30 0.62 9.90 

Stdev 1.56 0.16 0.18 1.36 0.05 10.96 36.99 0.002 0.15 0.17 0.74 

C4 
Mean 7.78 0.69 0.17 2.69 0.09 12.26 36.25 0.997 3.38 0.60 10.27 

Stdev 1.63 0.22 0.20 1.79 0.08 9.03 27.58 0.002 0.18 0.24 0.93 

C3 
Mean 8.36 0.88 0.17 2.64 0.12 11.00 24.90 0.997 3.40 0.57 9.96 

Stdev 1.77 0.33 0.25 1.40 0.07 9.76 16.83 0.002 0.14 0.12 0.82 

White Wine 

Category  g1 g2 g3 g4 g5 g6 g7 g8 g9 g10 g11 

C9 
Mean 7.42 0.298 0.386 4.12 0.027 33.4 116 0.991 3.308 0.466 12.18 

Stdev 0.983 0.058 0.082 3.759 0.007 13.428 19.824 0.003 0.083 0.093 1.013 

C8 
Mean 6.657 0.277 0.327 5.671 0.038 36.72 126.166 0.992 3.219 0.486 11.636 

Stdev 0.819 0.108 0.085 4.263 0.013 16.204 33.006 0.003 0.152 0.147 1.28 

C7 
Mean 6.735 0.263 0.326 5.186 0.038 34.126 125.115 0.992 3.214 0.503 11.368 

Stdev 0.756 0.091 0.079 4.298 0.011 13.245 32.743 0.003 0.158 0.13 1.247 

C6 
Mean 6.838 0.261 0.338 6.442 0.045 35.651 137.047 0.994 3.189 0.491 10.575 

Stdev 0.837 0.088 0.119 5.167 0.02 15.736 41.286 0.003 0.151 0.113 1.148 

C5 
Mean 6.934 0.302 0.338 7.335 0.052 36.432 150.905 0.995 3.169 0.482 9.809 

Stdev 0.838 0.1 0.141 5.328 0.026 18.146 44.086 0.003 0.141 0.098 0.847 

C4 
Mean 7.129 0.381 0.304 4.628 0.05 23.359 125.279 0.994 3.183 0.476 10.152 

Stdev 1.081 0.173 0.164 4.164 0.026 20.391 52.754 0.002 0.164 0.118 1.003 

C3 
Mean 7.6 0.333 0.336 6.393 0.054 53.325 170.6 0.995 3.187 0.475 10.345 

Stdev 1.725 0.141 0.081 5.317 0.046 69.421 107.758 0.003 0.21 0.12 1.224 
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  Cortez et al. (2009) suggest these datasets can be viewed as classification or regression 

tasks. The classes are ordered and not balanced (e.g. there are much more normal wines than 

excellent or poor ones). Outlier detection algorithms could be used to detect the few excellent 

or poor wines.  

In CPP-TRI method, Sant'anna (2014) establishes that no criterion a profile of a higher 

class may present an evaluation lower than that of a profile of a lower class by that same 

criterion and by at least one criterion the profile of the higher class presents evaluation higher 

than that of the profile of the lower class. 

Despite Cortez et al. (2009) are claimed that the classes are ordered, with a brief analysis 

of table 15, it is possible identifying that profiles are not ordered as it is required Sant'anna 

(2014) to CPP-Tri algorithm application. Thus, the category profiles are handled to avoid 

attributes in different directions, i.e., all attributes(profile) in a highest category are better 

performance (at least equal performance) than a lowest category, as suggested by Sant'anna 

(2013b) and Sant’anna et al. (2012). 

Algorithm to Representative Profiles Adjustment –  

Objective: 

 For all i1, i2, with i2> i1,  

the coordinates of  class ii (representative profile)  must be lesser than the coordinates 

of class i2 (representative profile). 

Notation.  

For all criteria, 

 Pi  is the initial value of the criterion in the profile of class i ; and   

Qi  is the final value, which will occur after eliminating of the inversion. 

Approach:  

1) Identifying a class to be the central class (C), the class with greater number of 

observations (instances). 

If there is more than one class in this condition and there is inversion in some criterion 

among them, it should be used the arithmetic mean of the criterion from C as the inverted 

values. 

2) For classes i with i < C: Qi = minimum (Qi + 1, Pi). 

3) For classes i with i> C: Qi = maximum (Qi-1,Pi). 

*Algorithm to Representative Profiles Adjustment( Provided by Santanna, A.P)  
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Therefore, applying the algorithm above, from central classes: C5 (red wines) and C6 

(white wines) establishes new representative profiles as shown in table 16. 

 

Table 16. Categories Representative Profiles(adjusted) 

 Red Wine 

Category  g1 g2 g3 g4 g5 g6 g7 g8 g9 g10 g11 

C8 
Mean 8.87 -0.40 0.39 -2.48 -0.07 -13.28 -33.44 -0.995 -3.267 0.77 12.09 

Stdev 2.12 0.14 0.20 1.30 0.01 11.16 25.43 0.002 0.20 0.12 1.22 

C7 
Mean 8.87 -0.40 0.38 -2.48 -0.08 -14.05 -35.02 -0.996 -3.291 0.74 11.47 

Stdev 1.99 0.15 0.19 1.37 0.03 10.18 33.19 0.002 0.15 0.14 0.96 

C6 
Mean 8.35 -0.50 0.27 -2.48 -0.08 -15.71 -40.87 -0.997 -3.318 0.68 10.63 

Stdev 1.80 0.16 0.20 1.44 0.04 9.94 25.04 0.002 0.15 0.16 1.05 

C5 

(Central) 

Mean 8.17 -0.58 0.24 -2.53 -0.09 -16.93 -56.51 -0.997 -3.318 0.62 9.90 

Stdev 1.56 0.16 0.18 1.36 0.05 10.96 36.99 0.002 0.15 0.17 0.74 

C4 
Mean 7.78 -0.69 0.17 -2.69 -0.09 -16.93 -56.51 -0.997 -3.382 0.60 9.90 

Stdev 1.63 0.22 0.20 1.79 0.08 9.03 27.58 0.002 0.18 0.24 0.93 

C3 
Mean 7.78 -0.88 0.17 -2.69 -0.12 -16.93 -56.51 -0.997 -3.398 0.57 9.90 

Stdev 1.77 0.33 0.25 1.40 0.07 9.76 16.83 0.002 0.14 0.12 0.82 

White Wine 

Category  g1 g2 g3 g4 g5 g6 g7 g8 g9 g10 g11 

C9 
Mean - 6.657 0.298 - 0.326 - 4.12 -0.027 -33.4 -116  - 0.991 3.308 0.503 12.18 

Stdev 0.983 0.058 0.082 3.759 0.007 13.428 19.824 0.003 0.083 0.093 1.013 

C8 
Mean - 6.657 0.277 - 0.326 - 5. 186 -0.038 -34.126 -125.115 - 0.992 3.219 0.503 11.636 

Stdev 0.819 0.108 0.085 4.263 0.013 16.204 33.006 0.003 0.152 0.147 1.28 

C7 
Mean -6.735 0.263 -0.326 -5.186 -0.038 -34.126 -125.115 -0.992 3.214 0.503 11.368 

Stdev 0.756 0.091 0.079 4.298 0.011 13.245 32.743 0.003 0.158 0.13 1.247 

C6 

(Central) 

Mean -6.735 0.263 -0.326 -5.186 -0.038 -34.126 -125.115 -0.992 3.214 0.503 11.368 

Stdev 0.837 0.088 0.119 5.167 0.02 15.736 41.286 0.003 0.151 0.113 1.148 

C5 
Mean -6.934 0.261 -0.338 -7.335 -0.052 -36.432 -150.905 -0.995 3.169 0.482 9.809 

Stdev 0.838 0.1 0.141 5.328 0.026 18.146 44.086 0.003 0.141 0.098 0.847 

C4 
Mean -7.129 0.261 -0.338 -7.335 -0.052 -36.432 -150.905 -0.995 3.169 0.476 9.809 

Stdev 1.081 0.173 0.164 4.164 0.026 20.391 52.754 0.002 0.164 0.118 1.003 

C3 
Mean -7.6 0.261 -0.338 -7.335 -0.054 -53.325 -170.6 -0.995 3.169 0.475 9.809 

Stdev 1.725 0.141 0.081 5.317 0.046 69.421 107.758 0.003 0.21 0.12 1.224 

 

In the following section, the red and white wines datasets are classified by CPP-TRI 

method in original concept. 
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5.2. CPP-TRI Original 

 

As recommended by Sant'anna et al. (2015), the transformation of the initial 

assessments according to each criterion into probabilities requires the determination of the 

variance of the normal distribution assigned to each evaluation. A variance is assigned to each 

criterion and it can be estimated from the variance in the set of measurements according to the 

criterion observed in the reference profiles. 

In accordance with Sant'anna (2014), it is assumed as the means of normal and 

independent distributions with the same variance. Let Xk denote a normal random variable with 

mean akk and variance Vk that replaces the deterministic evaluations ai, and let Yijk denote a 

normal random variable with mean ajk and variance Vjk that replaces Cijk for all i, j, and k. Let 

Aijk + and Aijk – denote, respectively, the probability of the alternative ai presenting a value for 

the evaluation under the kth criterion above or below the values under the same kth criterion 

for all the profiles representing the category Cj. In this thesis, only one profile is defined by 

category. 

On a category Cj , under the kth criterion, 

Aijk + <= the probability of the alternative ai presenting a value above the representative 

profile Cjk. in the kth criterion. 

Aijk – <= the probability of the alternative ai presenting a value below the representative 

profile Cjk in the kth criterion.. 

Aij+ <= the probability of the alternative ai presenting a value above the representative 

profile Cj. 

Aij- <= the probability of the alternative ai presenting a value below the representative 

profile Cj. 

𝐴𝑖𝑗+ =∏𝑃[𝑋𝑘
𝑘

> 𝑌𝑖𝑗𝑘] 

𝐴𝑖𝑗− =∏𝑃[𝑋𝑘
𝑘

< 𝑌𝑖𝑗𝑘] 

 

In figure 35, an example for the C5 category, it is shown alternative a700 transformed in 

– N(-96, 36.99) and profile of category regular(red line) N(-56.51, 36.99) on criterion g7 . 
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Figure 36.Random Variables Xk(black) and Yijk(red). 

 

Sant'anna (2014) highlights that if the variance is small, so it is the probability that an 

alternative with evaluation ai according to the kth criterion may belong to the classes with 

profiles presenting for that criterion values more distant to ai. Consequentely, the variance must 

be large enough to make that probability not so small that the information given by the other 

criteria may become irrelevant, giving veto power to a single criterion. 

Now, the probabilities of the alternative being above (𝐴𝑖𝑗+) or below (𝐴𝑖𝑗−) the profile 

of a category are computed. The difference between these probabilities can be calculated, 

probabilistic distance (δ). After calculating the distance for all categories, an alternative is 

allocated to the nearest category, i.e., to the category with the lowest value of probabilistic 

distance (δ). If δ=0 then the alternative has the same evaluation of the category profile. 

Probabilistic distance (δr ) = |𝐴𝑖𝑗+ − 𝐴𝑖𝑗−| 

From datasets (red and white wines), the probabilistic distances for each category are 

calculated by procedures (R code) that they are shown in item B.1 (Appendix B). The instances 

are classified and the results are summarized in table 17, 18 and 19. 

 

 
Table 17. CPP-Tri- Classification - instances distribution. 

 CPP-TRI - Original 

 3 4 5 6 7 8 9 total 

red wine 310 194 310 300 237 248 - 1599 

white wine 1200 304 819 347 632 229 1367 4898 
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Table 18. Red Wines - Confusion Matrix 

Red Wines 

Original 

Class 

CPP-TRI Original - Predictions  

C3 C4 C5 C6 C7 C8  

C3 4 2 2 2 0 0 10 

C4 10 9 19 9 2 4 53 

C5 226 102 136 125 62 30 681 

C6 62 78 130 133 122 113 638 

C7 8 3 23 29 44 92 199 

C8 0 0 0 2 7 9 18 

 310 194 310 300 237 248 D=335 

 

 
Table 19. White Wines - Confusion Matrix 

White Wines 

Original 

Class 

CPP-TRI Original - Predictions  

C3 C4 C5 C6 C7 C8 C9  

C3 4 0 4 1 2 1 8 20 

C4 25 7 17 6 22 3 83 163 

C5 513 112 276 61 181 37 277 1457 

C6 525 148 394 169 300 112 550 2198 

C7 112 32 99 95 107 60 375 880 

C8 21 5 28 15 19 15 72 175 

C9 0 0 1 0 1 1 2 5 

 1200 304 819 347 632 229 1367 580 

 

From results of red wines classification with CPP-Tri Original, about 20.95% of instances 

are classified in the original category and about 53.22% in the original or closest category. From 

results of white wines classification with CPP-Tri Original, about 11.84% of instances are 

classified in the original category and about 35,44% in the original or closest category. 

 A Support Vector Machine (SVM) classification is presented by Cortez et al. (2009), for 

different tolerances (i.e. T=0.25, 0.5 and 1.0), the regression error characteristic (REC) curve is 

shown in figure 36. In red wine dataset, for a tolerance (T=0), SVM classification is similar to 

CPP-Tri Original. 
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Figure 37. The red  and white (right) wine  REC curves - SVM Classification (Cortez et al., 2009). 

 

Cortez et al. (2009) suggest that not all input variables are relevant and so it could be 

interesting to test feature selection methods. Several of the attributes may be correlated, thus it 

makes sense to apply some sort of feature selection. 

 In the next section, the attribute selection task is executed to evaluate the red and white 

wine datasets. 
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5.3. Attribute Selection Step 

 

In the step of attribute selection, with the Weka tool, the datasets are processed with 

ReliefF and CFS algorithms, evaluation mode: training data and 10-fold cross-validation.  

As the first task, the ReliefF method with number of nearest neighbours (k=10), is 

applied such as following:  

 

Red Wines 

ReliefF (all training data) 

Input file: RedWine.arrf 

Evaluator:    weka.attributeSelection.ReliefFAttributeEval -M -1 -D 1 -K 10 

Search:       weka.attributeSelection.Ranker -T -1.7976931348623157E308 -N -1 

Relation:     winequality-red-weka.filters.unsupervised.attribute.NumericToNominal-R12 

Evaluation mode:    evaluate on all training data 

=== Attribute Selection on all input data === 

Search Method: Attribute ranking. 

Attribute Evaluator (supervised, Class (nominal): 12 quality): 

 Number of nearest neighbours (k): 10 

 Equal influence nearest neighbours 

Ranked attributes:11, 7, 10, 3, 2, 8, 6, 1, 9, 4, 5 

 0.02584  11 alcohol 

 0.01365   7 total sulfur dioxide 

 0.01342  10 sulphates 

 0.01302   3 citric acid 

 0.01294   2 volatile acidity 

 0.01096   8 density 

 0.01033   6 free sulfur dioxide 

 0.00899   1 fixed acidity 

 0.00791   9 pH 

 0.00523   4 residual sugar 

 0.00511   5 chlorides 

Selected attributes: 11,7,10,3,2,8,6,1,9,4,5 : 11 

 

 

file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/Weka/Red_Wine.arff
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ReliefF (10-fold cross-validation) 

Ranked attributes: 11, 10, 2, 7, 3, 8, 6, 1, 9, 4,5 

=== Run information === 

Evaluator:    weka.attributeSelection.ReliefFAttributeEval -M -1 -D 1 -K 10 

Search:       weka.attributeSelection.Ranker -T -1.7976931348623157E308 -N -1 

Relation:     winequality-red-weka.filters.unsupervised.attribute.NumericToNominal-R12 

Evaluation mode:    10-fold cross-validation 

=== Attribute selection 10 fold cross-validation (stratified), seed: 1 === 

average merit      average rank  attribute 

 0.027 +- 0.001     1   +- 0      11 alcohol 

 0.013 +- 0         3.3 +- 1      10 sulphates 

 0.013 +- 0.001     3.5 +- 0.92    2 volatile acidity 

 0.013 +- 0.001     3.5 +- 1.12    7 total sulfur dioxide 

 0.013 +- 0.001     3.7 +- 1.35    3 citric acid 

 0.011 +- 0         6.1 +- 0.3     8 density 

 0.01  +- 0.001     6.9 +- 0.3     6 free sulfur dioxide 

 0.009 +- 0         8   +- 0       1 fixed acidity 

 0.008 +- 0         9   +- 0       9 pH 

 0.005 +- 0        10.3 +- 0.46    4 residual sugar 

 0.005 +- 0        10.7 +- 0.46    5 chlorides 

 

On red wines dataset, in the both modes (all training data and 10-fold cross-validation) 

with ReliefF, the ranking of attributes were:  

g11,g7,g10,g3,g2,g8,g6,g1,g9,g4 and g5.  
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White Wines 

ReliefF (all training data) 

 

Input file: WhiteWine.arrf 

 

=== Run information === 

Evaluator:    weka.attributeSelection.ReliefFAttributeEval -M -1 -D 1 -K 10 

Search:       weka.attributeSelection.Ranker -T -1.7976931348623157E308 -N -1 

            Relation:winequality.white-weka.filters.unsupervised.attribute.Remove-R1-

weka.filters.unsupervised.attribute.NumericToNominal-R12 

Evaluation mode:    evaluate on all training data 

Ranked attributes: 

 0.01663  11 alcohol 

 0.01112   2 volatile.acidity 

 0.01028   9 pH 

 0.0093   10 sulphates 

 0.00844   1 fixed.acidity 

 0.00835   7 total.sulfur.dioxide 

 0.00825   3 citric.acid 

 0.00668   4 residual.sugar 

 0.00642   6 free.sulfur.dioxide 

 0.00463   5 chlorides 

 0.00412   8 density 

Attribute selection: 11,2,9,10,1,7,3,4,6,5,8  

 

 

 

 

 

 

 

 

file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/Weka/White_wine.arff
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ReliefF (10-fold cross-validation) 

 

=== Run information === 

Evaluator:    weka.attributeSelection.ReliefFAttributeEval -M -1 -D 1 -K 10 

Search:       weka.attributeSelection.Ranker -T -1.7976931348623157E308 -N -1 

Relation:winequality.white-weka.filters.unsupervised.attribute.Remove-R1-         

weka.filters.unsupervised.attribute.NumericToNominal-R12 

Evaluation mode:    10-fold cross-validation 

=== Attribute selection 10 fold cross-validation (stratified), seed: 1 === 

average merit      average rank  attribute 

 0.017 +- 0.001     1   +- 0      11 alcohol 

 0.011 +- 0         2   +- 0       2 volatile.acidity 

 0.01  +- 0         3.1 +- 0.3     9 pH 

 0.009 +- 0         4.3 +- 0.46   10 sulphates 

 0.008 +- 0.001     5.8 +- 1.17    1 fixed.acidity 

 0.008 +- 0         5.9 +- 0.54    7 total.sulfur.dioxide 

 0.008 +- 0.001     6.6 +- 1.28    3 citric.acid 

 0.007 +- 0.001     7.8 +- 0.98    4 residual.sugar 

 0.007 +- 0.001     8.6 +- 1.56    6 free.sulfur.dioxide 

 0.005 +- 0        10.1 +- 0.3     5 chlorides 

 

 0.004 +- 0.001    10.8 +- 0.6     8 density 

attributes ranking: 11,2,9,10,1,7,3,4,6,5,8  

 

On white wines dataset, in the both modes (all training data and 10-fold cross-

validation) with ReliefF, the ranking of attributes were:  

g11, g2, g9, g10, g1, g7, g3, g4, g6, g5 and g8.  
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Correlation-based Feature Selection (CFS) 

 

Correlation-based Feature Selection (CFS) evaluates the worth of a subset of attributes 

by considering the individual predictive ability of each feature along with the degree of 

redundancy between them. Subsets of features that are highly correlated with the class while 

having low intercorrelation are preferred.  

 

Red Wine 

CFS is applied with Weka tool through different search methods (Best first, Greedy 

Stepwise, Multi-Objective Evolutionary Search, PSO Search) and the merit of the best subset 

found was 0.161 and a total of 63 subsets evaluated; as follow: 

CFS (all training data) 

=== Run information I === 

Search:       weka.attributeSelection.BestFirst -D 1 -N 5 

Evaluation mode:    evaluate on all training data 

=== Attribute Selection on all input data === 

Search Method: Best first. 

 Start set: no attributes 

 Search direction: forward 

 Stale search after 5 node expansions 

 Total number of subsets evaluated: 63 

 Merit of best subset found:    0.161 

Attribute Subset Evaluator (supervised, Class (nominal): 12 quality): 

 CFS Subset Evaluator 

 Including locally predictive attributes 

Attribute Selection: 2,7,10,11  (Volatile acidity; total sulfur dioxide; Sulphates; alcohol) 
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CFS (10-fold cross-validation) 

 

=== Run1 information  II === 

Search:       weka.attributeSelection.BestFirst -D 1 -N 5 

Evaluation mode:    10-fold cross-validation 

=== Attribute selection 10 fold cross-validation (stratified), seed: 1 === 

number of folds (%)  attribute 

           0(  0 %)    1 fixed acidity 

10(100%) 2 volatile acidity  

           1( 10 %)    3 citric acid 

           0(  0 %)    4 residual sugar 

           0(  0 %)    5 chlorides 

           0(  0 %)    6 free sulfur dioxide 

10(100%) 7 total sulfur dioxide 

           2( 20 %)    8 density 

           0(  0 %)    9 pH 

10(100%) 10 sulphates 

10(100%) 11 alcohol 

 

Attribute Selection: 2,7,10,11  (Volatile acidity; total sulfur dioxide; Sulphates; alcohol) 
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White Wines 

 

CFS is applied with Weka tool through different search methods (Best first, Greedy 

Stepwise, Multi-Objective Evolutionary Search, PSO Search) and the merit of the best subset 

found was 0.112 and a total of 69 subsets evaluated; as follow: 

 

CFS (all training data) 

 

=== Run information === 

Evaluator:    weka.attributeSelection.CfsSubsetEval -P 1 -E 1 

Search:       weka.attributeSelection.BestFirst -D 1 -N 5 

Relation:winequality.white-weka.filters.unsupervised.attribute.Remove-R1-

weka.filters.unsupervised.attribute.NumericToNominal-R12 

Evaluation mode:    evaluate on all training data 

Search Method: Best first. 

 Start set: no attributes 

 Search direction: forward 

 Stale search after 5 node expansions 

 Total number of subsets evaluated: 69 

 Merit of best subset found:    0.112 

Selected attributes: 2,3,5,6,8,11 (volatile.acidity; citric.acid; chlorides; 

free.sulfur.dioxide;  density; alcohol) 
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CFS (10-fold cross-validation) 

 

=== Run information === 

Evaluator:    weka.attributeSelection.CfsSubsetEval -P 1 -E 1 

Search:       weka.attributeSelection.BestFirst -D 1 -N 5 

Relation:     winequality.white-weka.filters.unsupervised.attribute.Remove-R1-

weka.filters.unsupervised.attribute.NumericToNominal-R12 

Evaluation mode:    10-fold cross-validation 

number of folds (%)  attribute 

           0(  0 %)    1 fixed.acidity 

          10(100 %)    2 volatile.acidity 

          10(100 %)    3 citric.acid 

           0(  0 %)    4 residual.sugar 

          10(100 %)    5 chlorides 

          10(100 %)    6 free.sulfur.dioxide 

           5( 50 %)    7 total.sulfur.dioxide 

          10(100 %)    8 density 

           0(  0 %)    9 pH 

           0(  0 %)   10 sulphates 

          10(100 %)   11 alcohol 

Selected attributes: 2,3,5,6,8,11 (volatile.acidity; citric.acid; chlorides; 

free.sulfur.dioxide;  density; alcohol) 

 

 

On white wines dataset, from reliefF and CFS attribute selection methods, the results 

achieved were not similar; the ranking of attributes with reliefF were: g11, g2, g9, g10, g1, g7, 

g3, g4, g6, g5 and g8; and the attributes selected with CFS were: g2, g3, g5, g6, g8, g11.  Based 

on basic principle of attribute subset selection (to find the necessary and sufficient subset of 

attribute which results in simplification of model without the accuracy for classification is not 

compromised), in following section, the CPP-Tri is applied with attribute selection to two 

attribute subsets: CFS (g2, g3, g5, g6, g8, g11) and ReliefF (g11, g2, g9, g10, g1, g7). 
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5.4. Attribute Selection plus CPP-TRI 

 

Considering the attributes selected in previous task, the CPP-Tri Original is named as 

CPP-TRI-AS (Attribute Selection) and it is applied again. 

The procedure in R language with CPP-TRI are applied to classify the red and white 

wine instances. The procedures are shown in appendix B and the classification summaries are 

presented in confusion matrices(table 20, 21 and 22).  

On red wines dataset, with the attributes selected by the CPP-TRI-AS, about 28.96% of 

instances are classified in original category and about 63.23% of instances are classified in 

original category or in the closest category(under or above). A comparative analysis among 

CPP-TRI-AS and CPP-TRI Original demonstrate that the overall results of CPP-TRI-AS is 

better than CPP-TRI Original; and a comparative among CPP-TRI-AS and SVM (Cortez et al. 

(2009), the results are quite similar. 

 

Table 20. RedWine - Confusion Matriz - CPP-Tri-AS 

Red Wines 

Original 

Class 

CPP-TRI Original - Predictions  

C3 C4 C5 C6 C7 C8  

C3 3 3 3 1 0 0 10 

C4 15 9 12 13 2 2 53 

C5 232 93 155 144 31 26 681 

C6 61 27 102 232 41 83 638 

C7 4 0 9 41 56 89 199 

C8 0 0 0 2 8 8 18 

 315 132 281 433 230 208 463 

 

 

On white wines dataset, with the attributes selected by ReliefF, about 12.8% of instances 

are classified in original category and about 30.17% of instances were classified in original 

category or in the closest category (under or above).  

Take into account only the original category, a comparative analysis among CPP-TRI-

AS(ReliefF) and CPP-TRI Original demonstrate that the overall results of CPP-TRI-

AS(ReliefF) is similar to CPP-TRI Original, the difference is not significant (about 1%); in the 

case of closest category, CPP-TRI-AS(ReliefF) is worse than CPP-TRI Original, the difference 

is significant(greater than 1%). Thus, a comparative among CPP-TRI-AS(ReliefF) and SVM 

(Cortez et al. (2009) suggests the results from SVM are better than the results from CPP-TRI-

AS-(ReliefF). 
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Table 21. W hiteWine - Confusion Matriz - CPP-Tri-AS(ReliefF) 

White Wines  

Original 

Class 

CPP-TRI Original – Predictions   

C3 C4 C5 C6 C7 C8 C9  

C3 3 0 5 2 0 1 9 20 

C4 26 14 26 12 4 6 75 163 

C5 473 122 311 125 117 39 270 1457 

C6 411 193 507 218 232 112 525 2198 

C7 100 27 158 78 64 99 354 880 

C8 18 6 38 13 7 15 78 175 

C9 1 0 0 1 0 1 2 5 

 1032 362 1045 449 424 273 1313 627 

 

With the attributes selected by CFS, about 11.12 % of instances are classified in original 

category and about 34.16% of instances aree classified in original category or in the closest 

category (under or above). A comparative analysis among CPP-TRI-AS(CFS) and CPP-TRI 

Original demonstrate that the results are quite similar, the difference is not significant (about 

1%). Thus, a comparative among CPP-TRI-AS (CFS) and SVM (Cortez et al. (2009) suggests 

the results from SVM are better than the results from CPP-TRI-AS-(CFS). 

 

Table 22. W hiteWine - Confusion Matriz - CPP-Tri-AS(CFS) 

White Wines  

Original 

Class 

CPP-TRI Original - Predictions   

C3 C4 C5 C6 C7 C8 C9  

C3 5 0 4 1 2 0 8 20 

C4 30 10 13 2 24 15 69 163 

C5 504 110 236 68 201 77 261 1457 

C6 618 161 360 162 310 130 457 2198 

C7 160 28 95 55 109 92 341 880 

C8 29 3 19 14 24 20 66 175 

C9 0 1 0 0 1 0 3 5 

 1346 313 727 302 671 334 1205 545 

 

On the other hand, to highlight the attribute selection task, based on ranking of attributes 

provide by ReliefF algorithm, the latest attributes are selected and CPP-Tri is applied again in 

both datasets. The instances are classified as shown in the confusion matrix (table 23 and 24). 
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Table 23. Red wine - Confusion Matrix - CPP-Tri -AS - Inverse Ranking. 

Red Wines 

Original 

Class 

CPP-TRI Original - Predictions  

C3 C4 C5 C6 C7 C8  

C3 6 0 1 1 1 1 10 

C4 17 5 6 6 6 13 53 

C5 158 94 88 76 131 134 681 

C6 140 93 66 51 107 181 638 

C7 34 17 19 15 47 67 199 

C8 1 2 0 1 4 10 18 

 356 211 180 150 296 406 207 

 

With the attributes selected by inverse ranking on red wines, about 12.95 % of instances 

are classified in original category and about 41.21% of instances aree classified in original 

category or in the closest category (under or above). A comparative analysis among CPP-TRI-

AS Inverse Ranking and CPP-TRI Original demonstrate that the results from Inverse Ranking 

are worse than CPP-TRI Original. 

Table 24.  White wine – Confusion Matrix- CPP-TRI-AS - Inverse ranking . 

White Wines 

Original 

Class 

CPP-TRI Original - Predictions   

C3 C4 C5 C6 C7 C8 C9  

C3 7 3 2 0 0 1 7 20 

C4 35 11 8 5 24 5 75 163 

C5 631 71 172 84 138 50 311 1457 

C6 662 132 263 173 197 118 653 2198 

C7 150 36 66 109 84 39 396 880 

C8 27 17 16 18 17 9 71 175 

C9 0 0 1 1 1 0 2 5 

 1512 270 528 390 461 222 1515 458 

 

With the attributes selected by inverse ranking on white wines, about 9.35 % of 

instances are classified in original category and about 27.66% of instances aree classified in 

original category or in the closest category(under or above). A comparative analysis among 

CPP-TRI-AS Inverse Ranking and CPP-TRI Original demonstrate that the results from Inverse 

Ranking are worse than CPP-TRI Original. 

In attribute selection procedure, an improve in classification is observed. On the other 

hand, the results of CPP-tri attribute selection with inverse ranking are worse than CPP-Tri 

original. Therefore, other point that worth to be investigated is the quality of categories (class), 

i.e., the similarity intraclass, which justify the next task. 
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5.5. Clustering  

 

From the analysis of classifications tasks, deleting the class attribute (“quality”) in the 

datasets, i.e., the datasets are unsupervised, the clustering analysis is processed. In the first step, 

dataset normalization may be processed; normalization before clustering is specially needed for 

distance metric, such as Euclidian distance, which are sensitive to differences in the magnitude 

or scales of the attributes (Han et al. (2011); the initial number of classes is kept, the k-means 

algorithm is applied.  

In the RStudio environment, the datasets are normalized and the k-means algorithm is 

applied to datasets, procedures are presented in appendix C. Based on centroids from k-means, 

new categories (clusters) are obtained. The cluster is based on characteristics of each dataset. 

Thus, the clusters (categories) to red wines are different from clusters to white wines, i.e., C1 

(red) is different from C1 (white); and the clusters are not ordered.  

 

Table 25. Red Wines - Number of Instances by Clusters(k=6). 

 Clusters - distributions 

 C0 C1 C2 C3 C4 C5 

red wine 288 218 181 268 251 393 

 

 

 
Figure 38. Red wines – histogram -  New categories from K-means. 
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Table 26. Red Wines - Centroids - Kmeans(N=6). 

  
fixed. 

acidity 

volatile. 

acidity 

citric. 

acid 

residual. 

sugar 
chlorides 

free.  

sulfur. 

dioxide 

total. 

sulfur. 

dioxide 

density pH sulphates alcohol 

C0 0.5266      0.3382      0.279   0.1469      0.1549      0.152      0.1559      0.9936      0.8136      0.3212      0.6526      

C1 0.5297   0.2189      0.415   0.1572      0.1206      0.1836      0.1057      0.9916      0.8187      0.3548      0.7869      

C2 0.4022 0.3802 0.091      0.1458       0.1112      0.2699      0.1521      0.9905      0.8717      0.3171      0.7916      

C3 0.5186 0.3332 0.308      0.208      0.1473      0.4211      0.3247      0.9938      0.8191      0.3278      0.6604      

C4 0.7055      0.2615      0.544  0.1828      0.1777      0.1506      0.1103      0.9952      0.7853      0.3749      0.7011      

C5 0.4597 0.4206 0.068 0.1459 0.1369 0.1762 0.1194 0.9929 0.8476 0.2977 0.6687 

 

According to original categories - attribute ‘quality’, the clusters are ordered by De 

Borda method (Costa, 2014): C1 > C4 > C2 > C0 > C5 > C3 

Table 27 - RedWine – De Borda Method. 

  
fixed. 

acidity 

volatile

. 

acidity 

citric

. acid 

residual. 

sugar 
chlorides 

free.  

sulfur. 

dioxide 

total. 

sulfur. 

dioxide 

density pH sulphates alcohol total 

C0 3 4 4 3 5 2 5 4 2 4 6 42 

C1 2 1 2 4 2 4 1 2 3 2 2 25 

C2 6 5 5 1 1 5 4 1 6 5 1 40 

C3 4 3 3 6 4 6 6 5 4 3 5 49 

C4 1 2 1 5 6 1 2 6 1 1 3 29 

C5 5 6 6 2 3 3 3 3 5 6 4 46 

 

After ordering, the clusters are renamed, as following: 

C1 to C8; C4 to C7; C2 to C6; C0 to C5; C5 to C4; and C3 to C3. The representative 

profile (adjusted) to each cluster (category) is shown in table 28.  

Table 28. Red Wine Categories Representative Profiles(adjusted) from K-means 

 Red Wine 

Cluster  g1 g2 g3 g4 g5 g6 g7 g8 g9 g10 g11 

C8 
Mean 0.706      -0.219      0.544 0.1828      0.178    -0.151      -0.106      0.995      -0.7853      0.375      0.787      

Stdev 0.0682 0.057 0.087 0.0746 0.0386 0.121 0.0732 0.0012 0.026 0.067 0.045 

C7 
Mean 0.706      -0.262     0.544  0.1828      0.178      -0.151      -0.110      0.995     -0.7853      0.375   0.701      

Stdev 0.091 0.077 0.101 0.095 0.1403 0.0997 0.0652 0.0015 0.0287 0.0958 0.0663 

C6 
Mean 0.5266      -0.338  0.279   0.1469      0.155      -0.152      -0.119      0.994      -0.7994     0.348   0.685     

Stdev 0.0483 0.096 0.102 0.0571 0.031 0.142 0.089 0.0013 0.0349 0.0596 0.0593 

C5 
Mean 0.5266      -0.338      0.279   0.1469      0.155      -0.152      -0.119      0.994      -0.8136      0.321   0.669      

Stdev 0.0595 0.0883 0.096 0.0634 0.085 0.0689 0.087 0.0011 0.0276 0.0872 0.034 

C4 
Mean 0.4597 -0.421 0.068 0.1459 0.137 -0.176 -0.119 0.993 -0.8476 0.298 0.669 

Stdev 0.0425 0.101 0.065 0.0525 0.0394 0.0929 0.0703 0.0011 0.0279 0.0524 0.0383 

C3 
Mean 0.4597 -0.421 0.068      0.1459      0.137      -0.421      -0.325      0.993     -0.8476      0.298    0.669     

Stdev 0.0714 0.104 0.132 0.151 0.052 0.134 0.119 0.0015 0.0294 0.110 0.043 
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On red wines, with new profiles categories from clustering (kmeans), the CPP-TRI is 

applied (appendix C), the results are presented as shown below. 

Table 29. Clustering plus CPP-Tri- Classification - instances distribution. 

 CPP-TRI - Original 

 3 4 5 6 7 8 9 total 

red wine 172 618 311 218 121 159 - 1599 

 

 

 
Figure 39. Red wines - Clustering + CPP-TRI. 

 
 

 

Table 30. Red Wines – Clustering+CPP-TRI  - Confusion Matrix 

Red Wines 

Original 

Cluster 

CPP-TRI Original - Predictions  

C3 C4 C5 C6 C7 C8  

C3 7 199 41 12 0 9 268 

C4 123 201 47 20 0 2 393 

C5 0 125 54 80 7 22 288 

C6 42 79 59 1 0 0 181 

C7 0 1 23 39 73 115 251 

C8 0 13 87 66 41 11 218 

 172 618 311 218 121 159 D=347  

 

From results of red wines classification with CPP-Tri Original, about 21.70% of 

instances are classified in the original cluster (category) and about 73.48% in the original or 

closest category.  

Following, the procedure is applied to white wine dataset, as shown in appendix C. The 

results are presented below. 
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Table 31. White -  wine - Clustering instances distribution 

 Clusters 

 C0 C1 C2 C3 C4 C5 C6 

white wine 1093 536 832 569 885 658 325 

 

 

Figure 40. White wines -  histogram - new categories from K-means. 

  

Table 32. White Wines - Centroids - Kmeans(N=7). 

  
fixed. 

acidity 

volatile. 

acidity 

citric. 

acid 

residual. 

sugar 
chlorides 

free.  

sulfur. 

dioxide 

total. 

sulfur. 

dioxide 

density pH sulphates alcohol 

C0 0.4827 0.2529 0.2013 0.0971 0.1323 0.1222 0.3145 0.9567 0.8346 0.4536 0.7404 

C1 0.4827 0.2529 0.2013 0.0971 0.1323 0.1222 0.3145 0.9567 0.8346 0.4536 0.7404 

C2 0.5034 0.2892 0.2036 0.0746 0.1025 0.0996 0.2529 0.9540 0.8086 0.3667 0.8578 

C3 0.4602 0.2691 0.1606 0.1033 0.1592 0.1156 0.3035 0.9578 0.8443 0.3977 0.6752 

C4 0.4318 0.2596 0.1854 0.0520 0.1022 0.1095 0.2634 0.9538 0.8704 0.4070 0.8410 

C5 0.5219 0.2163 0.2125 0.0668 0.1217 0.1003 0.2717 0.9559 0.8110 0.4386 0.7512 

C6 0.4683 0.2233 0.1957 0.0788 0.1315 0.1288 0.3502 0.9573 0.8846 0.5493 0.7190 

 

According to original categories - attribute ‘quality’, the clusters are ordered by De 

Borda method(Costa, 2014): C4 > C2 > C6 > C5 > C3 > C0 > C1 
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Table 33 – White Wine – De Borda Method. 

  
fixed 

acidity 

Volatile 

acidity 

citric

acid 

Residual 

sugar 
chlorides 

Free 

sulfur 

dioxide 

total. 

sulfur. 

dioxide 

density pH sulphates alcohol total 

C0 4 5 4 5 5 5 5 4 4 3 4 48 

C1 5 3 7 7 6 7 7 7 6 2 7 64 

C2 6 1 5 3 2 1 1 2 7 7 1 36 

C3 2 2 1 6 7 4 4 6 3 6 6 47 

C4 1 4 2 1 1 3 2 1 2 5 2 24 

C5 7 7 6 2 3 2 3 3 5 4 3 45 

C6 3 6 3 4 4 6 6 5 1 1 5 44 

 

After ordering, the clusters are renamed, as following: 

C4 to C9; C2 to C8; C6 to C7; C5 to C6; C3 to C5; C0 to C4; and C1 to C3. The 

representative profile(adjusted) to each cluster(category) is shown in table 34.  

 

Table 34.  White Wine Categories Representative Profiles(adjusted) from K-means. 

White Wine 

Cluster  g1 g2 g3 g4 g5 g6 g7 g8 g9 g10 g11 

C9 
Mean -0.432 0.289 -0.161 -0.052 -0.1022 -0.0996 -0.2529 -0.9538 0.8846 -0.3667 0.858 

Stdev 0.0639 0.0641 0.057 0.056 0.0436 0.051 0.075 0.0016 0.026 0.0834 0.0346 

C8 
Mean -0.460 0.289 -0.161 -0.0668 -0.1025 -0.0996 -0.2529 -0.9540 0.8846 -0.3667 0.858 

Stdev 0.0468 0.1095 0.0654 0.072 0.0835 0.0547 0.0752 0.0019 0.0257 0.0568 0.0337 

C7 
Mean -0.460 0.269 -0.161 -0.0668 -0.1217 -0.1003 -0.2717 -0.9559 0.8846 -0.3977 0.788 

Stdev 0.051 0.1015 0.069 0.034 0.037 0.055 0.0645 0.001 0.034 0.0996 0.0536 

C6 
Mean -0.460 0.269 -0.161 -0.0668 -0.1217 -0.1003 -0.2717 -0.9559 0.8443 -0.3977 0.751 

Stdev 0.048 0.0713 0.061 0.0645 0.0281 0.0635 0.092 0.002 0.034 0.0949 0.0374 

C5 
Mean -0.460 0.269 -0.161 -0.0820 -0.1323 -0.1156 -0.3035 -0.9567 0.8443 -0.3977 0.7458 

Stdev 0.0464 0.0939 0.0626 0.0415 0.0240 0.0455 0.0704 0.0014 0.024 0.0624 0.049 

C4 
Mean -0.483 0.2529 -0.201 -0.0971 -0.1323 -0.1222 -0.3145 -0.9567 0.8346 -0.4536 0.7404 

Stdev 0.051 0.089 0.086 0.07 0.083 0.057 0.078 0.0021 0.0258 0.0763 0.0286 

C3 
Mean -0.499 0.2529 -0.235 -0.1768 -0.1589 -0.1631 -0.4089 -0.9600 0.8092 -0.4611 0.6516 

Stdev 0.0522 0.089 0.067 0.060 0.033 0.043 0.074 0.002 0.023 0.066 0.0437 

 

On white wines, with new profiles categories from clustering (kmeans), the CPP-TRI is 

applied (appendix C), the results are presented as shown below. 

 

Table 35. White wines - Clustering plus CPP-Tri- Classification - instances distribution. 

 CPP-TRI - Original 

 3 4 5 6 7 8 9 total 

white wine 1475 1058 968 293 490 213 401 4898 
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Figure 41. White wines - Clustering + CPP-TRI. 

 

 

Table 36. White Wines – Clustering+CPP-TRI  - Confusion Matrix 

White Wines 

Original 

Cluster 

CPP-TRI Original - Predictions 
 

C3 C4 C5 C6 C7 C8 C9  

C3 8 31 124 50 179 24 120 536 

C4 952 114 9 1 0 0 17 1093 

C5 2 5 42 78 142 120 180 569 

C6 184 170 185 54 30 26 9 658 

C7 52 20 183 2 23 27 18 325 

C8 123 468 92 51 36 11 51 832 

C9 154 250 333 57 80 5 6 885 

 1475 1058 968 293 490 213 401 D=258 

 

From results of white wines clusters with CPP-Tri Original, about 5.27% of instances are 

classified in the original cluster (category) and about 34.08% in the original or closest category. 
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5.5.1. Clustering  - Sensitivity Analysis 

 

According to Han et al. (2011), the sensitivity analysis is used to assess the impact that a 

given input variable has on a network output. The input to the variable is varied while the 

remaining input variables are fixed at some value. Meanwhile, changes in the network output 

are monitored. 

The number of clusters k is an important input parameter; an inappropriate choice 

of k parameter may yield poor results. Therefore, it is essential to run a sensitivity analysis for 

determining the number of clusters in the dataset. 

From different values of the variable k (number of clusters), the distribution of instances 

by cluster is shown in table 37 for Red wines; and for White ones in table 38. Following the 

clusters characteristics are presented. Following, the characteristics of clusters are presented. 

 
Table 37. Instances distribution to different values of  k. 

Red Wines 

 Clusters - distributions 

 C0 C1 C2 C3 C4 C5 

K=6 288 218 181 268 251 393 

K=5 528 237 196 340 298 - 

K=4 392 296 573 338 - - 

 

Table 38.Instances distribution to different values of k. 

White Wines 

 Clusters - distributions 

 C0 C1 C2 C3 C4 C5 C6 

K=7 1093 536 832 569 885 658 325 

K=6 1335 591 886 681 851 554 - 

K=5 1616 1026 890 889 447 - - 
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Red Wines –clusters:k= 5 

 
Table 39. Red Wines - Centroids - Kmeans(k=5). 

  
fixed 

acidity 

volatile 

acidity 

citric 

acid 

Residual 

sugar 
chlorides 

free 

sulfur 

dioxide 

Total 

súlfur 

dioxide 

density pH sulphates alcohol 

C0 0.477 0.4023 0.1169 0.1445 0.1398 0.1592 0.1224 0.9931 0.8376 0.2985 0.6614 

C1 0.5285 0.2232 0.4107 0.155 0.1217 0.1811 0.107 0.9917 0.8191 0.354 0.7806 

C2 0.4034 0.3862 0.0868 0.1451 0.1115 0.2663 0.1496 0.9906 0.8714 0.3165 0.7863 

C3 0.5175 0.3362 0.3014 0.1989 0.1507 0.3805 0.3081 0.9938 0.8184 0.3299 0.6565 

C4 0.6865 0.2646 0.5192 0.1773 0.1783 0.1477 0.1107 0.995 0.7883 0.3708 0.6946 

 

According to original categories - attribute ‘quality’, the clusters are ordered by De 

Borda method(Costa, 2014): C1 > C4 > C2 > C0 > C3. 

Table 40. Red Wines - Cluster k=5 -  De Borda Method. 

  
fixed 

acidity 

Volatile 

acidity 

citric

acid 

Residual 

sugar 
chlorides 

Free 

sulfur 

dioxide 

total. 

sulfur. 

dioxide 

density pH sulphates alcohol total 

C0 4 5 4 1 3 2 3 3 4 5 4 38 

C1 2 1 2 3 2 3 1 2 3 2 2 23 

C2 5 4 5 2 1 4 4 1 5 4 1 36 

C3 3 3 3 5 4 5 5 4 2 3 5 42 

C4 1 2 1 4 5 1 2 5 1 1 3 26 

 

After ordering, the clusters are renamed as following: C1 to C5; C4 to C4; C2 to C3; C0 

to C2; and C3 to C1. The representative profile(adjusted) to each cluster(category) is shown in 

table 41. 

 

Table 41.Red Wine Categories Representative Profiles(adjusted) from K-means(k=5). 

 Red Wine 

Cluster  g1 g2 g3 g4 g5 g6 g7 g8 g9 g10 g11 

C5 
Mean 0.6865 -0.223 0.5192 0.1773 -0.1115 -0.1477 -0.107 -0.9906 -0.7883 0.3708 0.7806 

Stdev 0.0667 0.0588 0.0882 0.0724 0.038 0.1211 0.0776 0.0013 0.026 0.0669 0.049 

C4 
Mean 0.6865 -0.265 0.5192 0.1773 -0.1115 -0.1477 -0.1107 -0.9906 -0.7883 0.3708 0.6946 

Stdev 0.0958 0.0808 0.1128 0.0901 0.1396 0.0948 0.0637 0.0014 0.0295 0.0966 0.0641 

C3 
Mean 0.5818 -0.386 0.1169 0.1451 -0.1115 -0.1535 -0.1224 -0.9906 -0.8376 0.3165 0.678 

Stdev 0.0484 0.0981 0.0995 0.0557 0.0312 0.1401 0.0884 0.0013 0.034 0.0586 0.0604 

C2 
Mean 0.477 -0.402 0.1169 0.1445 -0.1398 -0.1592 -0.1224 -0.9931 -0.8376 0.2985 0.6614 

Stdev 0.0518 0.100 0.0988 0.0491 0.0433 0.0815 0.0697 0.0011 0.0308 0.0587 0.0367 

C1 
Mean 0.477 -0.402 0.1169 0.1445 -0.1507 -0.3805 -0.3081 -0.9938 -0.8376 0.2985 0.6565 

Stdev 0.069 0.0978 0.1272 0.1431 0.066 0.146 0.1137 0.0014 0.0297 0.1083 0.0395 

 

With new profiles categories from clustering (k=5), the CPP-TRI is applied (appendix 

C), the results are presented as shown below. 
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Table 42. Red wines – Clustering(k=5) plus CPP-Tri- Classification - instances distribution. 

 CPP-TRI - Original 

 C5 C4 C3 C2 C1 total 

Red wine 53 124 626 574 222 1599 

 

 

Table 43. Red wines – Clustering(k=5)+CPP-TRI  - Confusion Matrix 

Original 

Cluster 

CPP-TRI Original - Predictions 

C1 C2 C3 C4 C5 total 

C1 29 234 69 0 8 340 

C2 174 198 154 0 2 528 

C3 19 104 70 3 0 196 

C4 0 27 212 37 22 298 

C5 0 11 121 84 21 237 
 222 574 626 124 53 D=355 

 

The results of clustering (k=5) plus CPP-TRI original applied on Red wines (table 43), 

about 22.2% of instances are classified in the original cluster (category) and about 83.93% in 

the original or closest category. 

 

Red Wines – clusters:k= 4 

 

Table 44. Red Wines - Centroids - Kmeans(k=4). 

  
fixed 

acidity 

volatile 

acidity 

citric 

acid 

Residual 

sugar 
chlorides 

free 

sulfur 

dioxide 

Total 

súlfur 

dioxide 

density pH sulphates alcohol 

C0 0.66 0.2598 0.5029 0.1734 0.1669 0.1441 0.1029 0.9945 0.7934 0.3658 0.7097 

C1 0.447 0.292 0.2392 0.1473 0.112 0.2325 0.1392 0.9907 0.8499 0.3378 0.7972 

C2 0.4717 0.4065 0.1083 0.1449 0.1383 0.1712 0.1233 0.993 0.8401 0.2992 0.6674 

C3 0.519 0.3343 0.3056 0.1991 0.1511 0.3821 0.3104 0.9938 0.8176 0.3294 0.6567 

 

According to original categories - attribute ‘quality’, the clusters are ordered by De 

Borda method(table 43): C0 > C1 > C2 > C3 

 

Table 45. Red Wines - Cluster (k=4) ordered by De Borda Method. 

  
fixed 

acidity 

Volatile 

acidity 

citric

acid 

Residual 

sugar 
chlorides 

Free 

sulfur 

dioxide 

total. 

sulfur. 

dioxide 

density pH sulphates alcohol total 

C0 1 1 1 3 4 1 1 4 1 1 2 20 

C1 4 2 3 2 1 3 3 1 4 2 1 26 

C2 3 4 4 1 2 2 2 2 3 4 3 30 

C3 2 3 2 4 3 4 4 3 2 3 4 34 
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After ordering, the clusters are renamed as following: C0 to C4; C1 to C3; C2 to C2; 

and C3 to C1.  The representative profile(adjusted) to each cluster(category) is shown in table 

46. 

 

Table 46.Red Wine Categories Representative Profiles(adjusted) from K-means(k=4). 

 Red Wine 

Cluster  g1 g2 g3 g4 g5 g6 g7 g8 g9 g10 g11 

C4 
Mean 0.66 -0.26 0.5029 0.1734 -0.112 -0.1441 -0.1029 -0.9907 0.8499 0.3658 0.7972 

Stdev 0.0996 0.0772 0.1119 0.0864 0.1244 0.0929 0.0607 0.0017 0.0295 0.0916 0.0676 

C3 
Mean 0.5659 -0.292 0.2392 0.1473 -0.112 -0.1577 -0.1131 -0.9907 0.8499 0.3378 0.7972 

Stdev 0.0722 0.1069 0.165 0.0658 0.0359 0.1346 0.091 0.0013 0.0393 0.065 0.0526 

C2 
Mean 0.4717 -0.407 0.1083 0.1449 -0.1383 -0.1712 -0.1233 -0.993 0.8401 0.2992 0.6674 

Stdev 0.0525 0.101 0.0964 0.0486 0.0427 0.095 0.0691 0.0011 0.0312 0.0581 0.0407 

C1 
Mean 0.4717 -0.407 0.1083 0.1449 -0.1511 -0.3821 -0.3104 -0.9938 0.8176 0.2992 0.6567 

Stdev 0.0687 0.0988 0.127 0.1435 0.066 0.147 0.1125 0.0015 0.0294 0.1084 0.0403 

 

With new profiles categories from clustering(k=4), the CPP-TRI is applied(appendix 

C), the results are presented as shown below. 

Table 47. Red wines – Clustering(k=4) plus CPP-Tri- Classification. 

 CPP-TRI – Original 

 C4 C3 C2 C1 Total 

Red wine 71 406 1020 102 1599 

 

 

Table 48. Clustering(k=4)+CPP-TRI  - Confusion Matrix 

Original 

Cluster 

CPP-TRI Original - Predictions 

C1 C2 C3 C4 total 

C1 26 292 19 1 338 

C2 76 457 37 3 573 

C3 0 123 130 43 296 

C4 0 148 220 24 392 
 102 1020 406 71 D=637 

 

The results of clustering (k=4) plus CPP-TRI original applied on Red wines (table 48), 

about 39.84% of instances are classified in the original cluster (category) and about 89.31% in 

the original or closest category (up or down). However, for k=4, the results are not significative 

to original or closest category up or down, because they represent three choices in four 

categories. 
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White Wines – clusters:k= 6 
 

Table 49. White Wines - Centroids - Kmeans(k=6). 

  fixed. 

Acidity 
volatile. 

acidity 
citric. 

acid 
residual. 

sugar chlorides 
free.  

sulfur. 

dioxide 

total. 

sulfur. 

dioxide 
density pH sulphates alcohol 

C0 0.4949 0.2702 0.2243 0.167 0.1645 0.1557 0.3949 0.9597 0.8125 0.4519 0.6526 

C1 0.5022 0.2791 0.2007 0.0766 0.1023 0.1014 0.2618 0.9543 0.8098 0.3541 0.8431 

C2 0.4531 0.2452 0.1655 0.0901 0.1372 0.1164 0.304 0.9572 0.8662 0.4071 0.7004 

C3 0.4416 0.2785 0.19 0.0532 0.1003 0.1031 0.2554 0.9535 0.8616 0.4715 0.8667 

C4 0.5205 0.2129 0.2126 0.0613 0.1255 0.0974 0.2663 0.9558 0.81 0.4486 0.7504 

C5 0.4725 0.226 0.2007 0.0709 0.1285 0.1314 0.3401 0.9568 0.8688 0.6236 0.7362 

 

According to original categories - attribute ‘quality’, the clusters are ordered by De 

Borda method(table 50): C4 > C3 > C1 > C5 > C0 > C2 

 

Table 50. White Wines - Cluster k=6 -  De Borda Method. 

  fixed. 

acidity 
volatile. 

acidity 
citric. 

acid 
residual. 

sugar chlorides 
free.  

sulfur. 

dioxide 

total. 

sulfur. 

dioxide 
density pH sulphates alcohol total 

C0 3 4 1 6 6 6 6 6 3 3 6 50 

C1 2 6 3 4 2 2 2 2 1 6 2 32 

C2 5 3 6 5 5 4 4 5 5 5 5 52 

C3 6 5 5 1 1 3 1 1 4 2 1 30 

C4 1 1 2 2 3 1 3 3 2 4 3 25 

C5 4 2 4 3 4 5 5 4 6 1 4 42 

 

After ordering, the clusters are renamed as following: C4 to C6; C3 to C5; C1 to C4; C5 

to C3; C0 to C2; and C2 to C1. The representative profile(adjusted) to each cluster is shown in 

table 51. 

Table 51.White Wine Categories Representative Profiles(adjusted) from K-means(k-6). 

White Wine 

Cluster  g1 g2 g3 g4 g5 g6 g7 g8 g9 g10 g11 

C6 Mean 0.5205 0.2791 0.2126 -0.0532 -0.1003 -0.0974 -0.2554 -0.9535 -0.81 0.6236 0.8667 

Stdev 0.0636 0.0641 0.0587 0.0533 0.0524 0.0501 0.0749 0.0016 0.026 0.0822 0.0393 

C5 Mean 0.5114 0.2791 0.2067 -0.0532 -0.1003 -0.1014 -0.2554 -0.9535 -0.8616 0.6236 0.8667 

Stdev 0.0499 0.1004 0.069 0.0409 0.0255 0.0417 0.0676 0.0013 0.0301 0.1048 0.046 

C4 
Mean 0.5022 0.2791 0.2007 -0.0709 -0.1023 -0.1014 -0.2618 -0.9543 -0.8639 0.6236 0.8431 

Stdev 0.0545 0.086 0.0637 0.0587 0.0324 0.0456 0.0765 0.0017 0.0244 0.0601 0.0439 

C3 Mean 0.4989 0.2747 0.2007 -0.0709 -0.1285 -0.1089 -0.2829 -0.9568 -0.8662 0.6236 0.7362 

Stdev 0.049 0.074 0.0642 0.0597 0.0304 0.071 0.0942 0.0022 0.0379 0.0952 0.0502 

C2 
Mean 0.4949 0.2702 0.2007 -0.0808 -0.1329 -0.1164 -0.304 -0.9572 -0.8662 0.4519 0.7183 

Stdev 0.0508 0.0905 0.0856 0.0758 0.0916 0.0583 0.0818 0.0022 0.0262 0.074 0.0282 

C1 Mean 0.4531 0.2452 0.1655 -0.0901 -0.1372 -0.1164 -0.304 -0.9572 -0.8662 0.4071 0.7004 

Stdev 0.0477 0.1029 0.0617 0.0695 0.0443 0.0537 0.0785 0.002 0.0307 0.0583 0.0417 

 



99 

 

 

With new profiles categories from clustering(k=6), the CPP-TRI is applied(appendix 

C), the results are presented as shown below. 

Table 52. White wines – Clustering(k=6) plus CPP-Tri- Classification. 

 CPP-TRI - Original 

 C6 C5 C4 C3 C2 C1 total 

White wine 135 161 1163 916 683 1840 4898 

 

 

Table 53. Clustering(k=6)+CPP-TRI  - Confusion Matrix 

Original 

Cluster 

CPP-TRI Original - Predictions 

C1 C2 C3 C4 C5 C6 total 

C1 565 187 100 21 1 12 886 

C2 1059 106 18 140 2 10 1335 

C3 173 152 97 101 22 9 554 

C4 6 43 184 334 12 12 591 

C5 3 74 290 175 65 74 681 

C6 34 121 227 392 59 18 851 

 1840 683 916 1163 161 135 D=1185 

 

The results of clustering (k=6) plus CPP-TRI original applied on White wines (table 53), 

about 24.19% of instances are classified in the original cluster (category) and about 65.46% in 

the original or closest category (up or down). 

 

White Wines – clusters:k= 5 
 

Table 54. . White Wines - Centroids - Kmeans(k=5). 

  fixed. 

Acidity 
volatile. 

acidity 
citric. 

acid 
residual. 

sugar chlorides 
free.  

sulfur. 

dioxide 

total. 

sulfur. 

dioxide 
density pH sulphates alcohol 

C0 0.4968 0.2894 0.2231 0.1475 0.1682 0.146 0.3846 0.9593 0.815 0.4487 0.6525 

C1 0.5218 0.2628 0.2022 0.0614 0.1164 0.0817 0.2494 0.9554 0.8111 0.3981 0.7776 

C2 0.4545 0.2773 0.1605 0.077 0.139 0.1165 0.3287 0.9573 0.8707 0.4715 0.6991 

C3 0.4706 0.2442 0.1959 0.0762 0.1088 0.1178 0.2818 0.955 0.8437 0.4686 0.8079 

C4 0.4819 0.2367 0.2037 0.098 0.1309 0.1234 0.3114 0.9567 0.8347 0.4545 0.7446 

 

According to original categories - attribute ‘quality’, the clusters are ordered by De 

Borda method(table 55): C1 > C3 > C4 > C2 > C0  
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Table 55. White Wines - Cluster k=5 -  De Borda Method. 

  fixed. 

acidity 
volatile. 

acidity 
citric. 

acid 
residual. 

sugar chlorides 
free.  

sulfur. 

dioxide 

total. 

sulfur. 

dioxide 
density pH sulphates alcohol total 

C0 2 5 1 5 5 5 5 5 2 4 5 44 

C1 1 3 3 1 2 1 1 2 1 5 2 22 

C2 5 4 5 3 4 2 4 4 5 1 4 41 

C3 4 2 4 2 1 3 2 1 4 2 1 26 

C4 3 1 2 4 3 4 3 3 3 3 3 32 

 

After ordering, the clusters are renamed as following: C1 to C5; C3 to C4; C4 to C3; C2 

to C2; and C0 to C1. The representative profile(adjusted) to each cluster is shown in table 56. 

Table 56.White Wine Categories Representative Profiles(adjusted) from K-means(k-5). 

White Wine 

Cluster  g1 g2 g3 g4 g5 g6 g7 g8 g9 g10 g11 

C5 Mean 0.5218 0.2628 -0.196 -0.0614 -0.1088 -0.0817 -0.2494 -0.9554 0.8437 0.4686 0.8079 

Stdev 0.0661 0.0931 0.0627 0.0569 0.0406 0.0504 0.0828 0.0017 0.0299 0.0911 0.0552 

C4 
Mean 0.5019 0.2442 -0.196 -0.0762 -0.1088 -0.1178 -0.2818 -0.9554 0.8437 0.4686 0.8079 

Stdev 0.054 0.0901 0.0498 0.0635 0.0304 0.0492 0.0751 0.0026 0.0409 0.1237 0.086 

C3 Mean 0.4819 0.2367 -0.204 -0.098 -0.1309 -0.1234 -0.3114 -0.9567 0.8347 0.4545 0.7446 

Stdev 0.0591 0.0802 0.0717 0.0783 0.0595 0.055 0.0941 0.0029 0.0394 0.1049 0.0804 

C2 
Mean 0.4545 0.2367 -0.213 -0.098 -0.139 -0.1347 -0.3287 -0.9573 0.8249 0.4545 0.6991 

Stdev 0.0494 0.1108 0.0726 0.065 0.0372 0.0746 0.1011 0.0019 0.0329 0.0978 0.0424 

C1 Mean 0.4545 0.2367 -0.223 -0.1475 -0.1682 -0.146 -0.3846 -0.9593 0.815 0.4545 0.6525 

Stdev 0.0554 0.0965 0.0921 0.0778 0.0963 0.062 0.0863 0.002 0.0244 0.0831 0.0271 

 

With new profiles categories from clustering(k=5), the CPP-TRI is applied(appendix 

C), the results are presented as shown below. 

Table 57. White wines – Clustering(k=5) plus CPP-Tri- Classification. 

CPP-TRI - Original 

White wine 
C5 C4 C3 C2 C1 total 

1551 816 380 1077 1074 4898 

 

 

Table 58. Clustering(k=5)+CPP-TRI  - Confusion Matrix 

Original 

Cluster 

CPP-TRI Original - Predictions 

C1 C2 C3 C4 C5 total 

C1 973 466 45 112 20 1616 

C2 46 244 121 165 314 890 

C3 6 71 44 64 292 477 

C4 5 45 27 106 706 889 

C5 44 251 143 369 219 1026 
 

1074 1077 380 816 1551 D=1586 
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The results of clustering (k=5) plus CPP-TRI original applied on White wines (table 58), 

about 32.38% of instances are classified in the original cluster (category) and about 73.93.46% 

in the original or closest category (up or down). 

5.6. Analysis of Results   

 

First, CPP –TRI Original is applied to the wine datasets. In the red wine dataset, 335 

instances are classified by CPP-TRI Original in the same original class, i.e., the accuracy 

(recognition rate) is about 20.95%; and about 53.22 % of instances are classified the original or 

closest category (up or down). The accuracy of CPP-TRI Original is similar to the SVM 

classification that is presented by Cortez et al. (2009). Following the framework proposal, in 

attribute selection task, four main attributes are selected by CFS algorithm in accordance with 

the ranking generated by ReliefF algorithm.  

Following the attribute selection task, the CPP-TRI-AS is applied to the red wine dataset 

again and 463 instances are classified in the same original class, i.e., the accuracy (recognition 

rate) of CPP-TRI-AS is about 28.96%; and about 63.23 % of instances are classified the original 

or closest category (up or down). 

The recognition rate (overall results) of CPP-TRI-AS is about 10% better than CPP-TRI 

Original; comparing CPP-TRI-AS classification and SVM classification (Cortez et al. (2009), 

it´s possible to affirm that the results are quite similar. 

Seeking to highlight the attribute selection task, in the on the other hand, with the last 

attributes selected by ReliefF algorithm, the CPP-TRI-AS-IR (Inverse Ranking) is applied to 

red wine dataset  and 207 instances are classified in the same original class, i.e., the accuracy 

(recognition rate) of CPP-TRI-AS-IR is about 12.95%; and about 41.21% of instances are 

classified the original or closest category (up or down). The recognition rate (overall results) of 

CPP-TRI-AS-IR is about 10% worse than CPP-TRI Original. For different modes of CPP-TRI 

method, the precision measure has similar performance for the central categories (larger number 

of instances), as shown below – table 59. 

 

Table 59. Red Wines – Precision of CPP-TRI Modes by categories(%) 

  C3 C4 C5 C6 C7 C8 

CPP-Tri Original 1.29 4.64 43.87 44.33 18.57 3.63 

CPP-Tri(AS) 0.95 6.82 55.16 53.58 24.35 3.85 

CPP-Tri Inverse  1.69 2.37 48.89 34.00 14.86 2.46 
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Second, in the white wine dataset, CPP –TRI Original is applied and 580 instances are 

classified by CPP-TRI Original in the same original class, i.e., the accuracy (recognition rate) 

is about 11.84%; and about 35.44% of instances are classified the original or closest category 

(up or down). The accuracy of CPP-TRI Original is worse than SVM classification that is 

presented by Cortez et al. (2009). Following the framework proposal, in attribute selection task, 

different attributes are selected by CFS algorithm and by ReliefF algorithm. Thus, CPP-TRI-

AS are applied two branches: CPP-TRI-AS (CFS) and CPP-TRI-AS (ReliefF). 

Following attribute selection task, in the white wine dataset, the CPP-TRI-AS-ReliefF 

is applied and 627 instances are classified in the same original class, i.e., the accuracy 

(recognition rate) of CPP-TRI-AS-ReliefF is about 12.80%; and about 30.17% of instances are 

classified the original or closest category (up or down). 

Take into account the original category classification, comparing the recognition rate 

(overall results) of CPP-TRI-AS-ReliefF with CPP-TRI Original, the difference among modes 

is not significant. However, in the case of closest category (up or down), the recognition rate is 

worse than CPP-TRI Original. 

Following attribute selection task in white wine dataset, the CPP-TRI-AS-CFS is 

applied and 545 instances are classified in the same original class, i.e., the accuracy (recognition 

rate) of CPP-TRI-AS-CFS is about 11.12%; and about 34.16% of instances are classified the 

original or closest category (up or down). The comparative analysis among CPP-TRI-AS-CFS 

and CPP-TRI Original demonstrate that the results are quite similar, the difference is not 

significant. Furthermore, it’s possible to affirm that the results of CPP-TRI-AS-CFS are not 

worse than CPP-TRI Original. 

On the other hand, with the last attributes selected in white wine dataset by ReliefF 

algorithm, the CPP-TRI-AS-IR (Inverse Ranking) is applied and 458 instances are classified in 

the same original class, i.e., the accuracy (recognition rate) of CPP-TRI-AS-IR is about 9.35%; 

and about 27.66% of instances are classified the original or closest category (up or down). The 

recognition rate (overall results) of CPP-TRI-AS-IR is worse than CPP-TRI Original.  

On white wine dataset, for different mode application of CPP-TRI method, the precision 

measure has similar performance for the central categories (larger number of instances), as 

shown below – table 60. 
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Table 60. White Wines – Precision of CPP-TRI Modes by categories(%) 

  C3 C4 C5 C6 C7 C8 C9 

CPP-Tri Original 0.33 2.3 33.70 48.70 16.93 6.55 0.15 

CPP-Tri(AS)-ReliefF 0.29 3.87 29.76 48.55 15.09 5.49 0.15 

CPP-Tri(AS)-CFS 0.37 3.19 32.46 53.64 16.24 5.99 0.25 

CPP-Tri Inverse  0.46 4.07 32.58 44.36 18.22 4.05 0.13 

 

On the clustering tasks, the first analysis is conducted with the same number of cluster 

of class “quality” (k=6 to red wines and k=7 to white wines); the centroids are considered 

representative profiles for the new categories. Comparing distribution of instances by 

clusters/categories, it is possible to identify that the distribution of clusters is more balanced 

than distribution of the original categories.  

On the red wine dataset, the number of clusters is set up to six (k=6) and the 

SimpleKmeans algorithm is applied, following by CPP-Tri method – (Clustering+CPP-TRI). 

Comparing the CPP-TRI classification with the clusters ordered by (kmeans + De Borda) 

procedure, 347 instances are classified in the same level class/cluster. The accuracy (recognition 

rate) is about 21.70%; and about 73.48% of instances are classified the original or closest 

category (up or down); the increment in recognition rate for closest category criterion is 

significant. The CPP-TRI clustering (k=6) results are worse than CPP-TRI original classes to 

the same level class, but is quite similar to closest category. However, for other values of k (4 

and 5) the performance of method is better than original categories (table 61); the results suggest 

that the number of grades in quality categories must be changed. 

Table 61. Red Wines – CPP-TRI - recognition rate (%) 

  the same level class/cluster closest category 

Quality 

(3 to 8) 
20.95 53.22 

K=6 21.70 73.48 

K=5 22.2 83.93 

K=4 39.84 89.31 

 

On the white wine dataset, in the following experiment, the number of clusters is set up 

to six (k=7) and the SimpleKmeans algorithm is applied, following by CPP-Tri method– 

(Clustering+CPP-TRI). Examining the CPP-TRI classification with the clusters ordered by 

(kmeans + De Borda) procedure, the recognition rate in the same level class/cluster is about 

5.27% and about 34.08% of instances in the original or closest category (up or down). The 

performance in CPP-TRI clustering are similar to the Red wine dataset, i.e., it suggests the 

number of grades in quality categories must be revised (table 62). 
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Table 62. White Wines – CPP-TRI - recognition rate (%) 

  the same level class/cluster closest category 

Quality 

(3 to 9) 
11.84 35.44 

K=7 5.27 34.08 

K=6 24.19 65.46 

K=5  32.38 73.93 

 

6. Conclusions and Future Works 

 

MCDA (Preference Disaggregation) and Data Mining have a strong decision support 

focus. As shown in chapter 2 and 3, the main similarities identified were: Multidisciplinary; 

Use of a training sample for model development; application focused; Preference Elicitation; 

and constructing decision models from decision examples. The main dissimilarities were Model 

Interpretability, Data Dimension, handling of inconsistences, Model validation, The role of the 

Decision-maker, Regularization and Data type. 

From a literature review in documents indexed in Scopus and ISI-Web of Science library 

database, based on the theme “Preference Disaggregation associated with data mining area and 

emerging topics”, about 50,91% were classified as Problematic() – Sorting. Customer 

Satisfaction and Economics/Financial were identified as the main application areas. It was 

observed an equilibrium between methodological issues and real-word applications. 

Furthermore, among several methods identified, are highlighted: UTilités Additives 

DIScriminantes (UTADIS) and variants; MUlticriteria Satisfaction Analysis - MUSA; UTilité 

Addivite method (UTA) and variants. 

Despite Preference Disaggregation and Data Mining be involved in study similar 

problems such as techniques ordinal regression, neural networks, rule-based, support-vector 

machine, among others; none of all papers investigated in Scopus and ISI-Web of Science 

databases was mentioned a data mining approach with CPP-TRI. Therefore, this thesis sought 

to cover the remaining gaps through a combination of the attributes selection and CPP-TRI. 

For attribute selection tasks, despite having no single best approach for all situations, 

ReliefF ( an instance based attribute ranking scheme) and Correlation-based Feature Selection 

(CFS) are adopted based on good overall performance presented and suggested by Hall (2003). 

Furthermore, the ReliefF is selected by the success related with its ability to identify attribute 

interactions (dependencies). While, CFS was selected because, in general, it chooses fewer 

features and is much faster than the other schemes and its bias in favour of predictive 

uncorrelated attributes is well suited to algorithms which handling with probability. These 
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algorithms aid to deal with the difficult to determine the marginal selection probabilities of each 

criteria at calculating the total probability of preference, which it increases if the criteria are 

correlated. 

The attribution selection is beneficial by dimensionality reduction. In this thesis, for the 

datasets evaluated, a small improve in classification is observed by the use of attribute selection 

tasks. Furthermore, it is highlighted that the results of attribute selection with CPP-Tri are not 

worse than CPP-Tri original.  

In an extreme simulation, the latest attributes ranked by ReliefF algorithm are selected 

and the instances are classified in CPP-Tri method indicate that a random attribute selection is 

not sufficient to achieve good results. 

Therefore, in cases that there are many criteria and the classification with CPP-Tri could 

be inviable, the attribute selection task can help to achieve similar result without a relevant 

quality loss. 

Base on good overall performers of ReliefF and Correlation-based Feature Selection 

(CFS), these techniques are applied in this thesis. However, there is not a unique best approach 

for all situations. Therefore, as future works to extend this research, it’s suggested that other 

attribute selection techniques ought to be combined with CPP-Tri. 

After turning the dataset into unsupervised, they are clustered with Kmeans algorithm 

and sorting by CPP-Tri method. For some values of k parameter (number of clusters), the 

performance of method is better than CPP-TRI with original categories. The results suggest the 

number of grades in quality categories must be changed. Moreover, clustering analysis with k-

means method can not be suitable for discovering clusters in data with nonconvex shapes. K-

means is sensitive to noise and outlier datapoints because such data can influence the mean 

value. Thus, it’s suggested that others clustering algorithms ought to be combined with CPP-

Tri. 

 

 

 

 

 

 

 

 

 
  



106 

 

 

References 

 

AFROKH, M.  et al. A multicriteria approach in detecting falsified audit reports: Evidence 

from small and medium uk companies.  Chania: Technical Univ Crete, 2005. 187-192 ISBN 

978-960-8475-05-2. Disponível em: < <Go to ISI>://WOS:000249920900034 >. 

 

ÁLVAREZ, P. A.  et al. A multi-objective genetic algorithm for inferring inter-criteria 

parameters for water supply consensus. 8th International Conference on Evolutionary Multi-

Criterion Optimization, EMO 2015. GASPAR-CUNHA, A.;ANTUNES, C. H., et al: Springer 

Verlag. 9019: 218-233 p. 2015. 

 

ANDRIOSOPOULOS, D.  et al. An application of multicriteria decision aid models in the 

prediction of open market share repurchases. Omega-International Journal of Management 

Science, v. 40, n. 6, p. 882-890, Dec 2012. ISSN 0305-0483. Disponível em: < <Go to 

ISI>://WOS:000302990300022 >.  

 

ARABATZIS, G.; GRIGOROUDIS, E. Visitors' satisfaction, perceptions and gap analysis: The 

case of Dadia-Lefkimi-Souflion National Park. Forest Policy and Economics, v. 12, n. 3, p. 

163-172, Mar 2010. ISSN 1389-9341. Disponível em: < <Go to ISI>://WOS:000275011200002 

>.  

 

BALL, G. H.; HALL, D. J. ISODATA, a novel method of data analysis and pattern 

classification. DTIC Document. 1965 

 

BASTIAN, M.; HEYMANN, S.; JACOMY, M. Gephi: an open source software for exploring 

and manipulating networks.  2009.    

 

BOUYSSOU, D. Building criteria: a prerequisite for MCDA. In: COSTA, C. A. B. E., Readings 

in Multiple Criteria Decision-Aid, 1990, Heidelberg.  Springer Verlag. p.58 - 80. 

 

BRESTER, C.  et al. Multicriteria neural network design in the speech-based emotion 

recognition problem. In: FILIPE, J.;FILIPE, J., et al, 12th International Conference on 

Informatics in Control, Automation and Robotics, ICINCO 2015, 2015,   SciTePress. p.621-

628. 

 

BUCHANAN, L.; O'CONNELL, A. A Brief History of Decision Making. Harvard Business 

Review 2006. 

 

CAILLAUX, M. A.  et al. Container logistics in Mercosur: Choice of a transhipment port using 

the ordinal Copeland method, data envelopment analysis and probabilistic composition. 

Maritime Economics and Logistics, v. 13, n. 4, p. 355-370,  2011. ISSN 14792931 (ISSN). 



107 

 

 

Disponível em: < https://www.scopus.com/inward/record.uri?eid=2-s2.0-

80955159640&partnerID=40&md5=1b66c536a78e531b0f3d49d31c17abea >.  

 

CHAWLA, N.  et al. SMOTE: synthetic minority over-sampling technique. Journal of 

Artificial Intelligence Research (JAIR), v. 16, p. 321-357,  2002.    

 

CHAWLA, N. V. C4. 5 and imbalanced data sets: investigating the effect of sampling method, 

probabilistic estimate, and decision tree structure. Proceedings of the ICML, v. 3,  2003.    

 

______. Data mining for imbalanced datasets: An overview. In: (Ed.). Data mining and 

knowledge discovery handbook: Springer US, 2005.  p.853-867.  ISBN 0387244352. 

 

CHI, H. L.; DOO, H. L.; JIN, W. C. Using genetic feature selection for improving cyber attack 

detection rate. 3rd IASTED International Conference on Advances in Computer Science and 

Technology, ACST 2007, 2007, Phuket. p.517-522. 

 

CORAZZA, M.; FUNARI, S.; GUSSO, R. An evolutionary approach to preference 

disaggregation in a MURAME-based creditworthiness problem. Applied Soft Computing 

Journal, v. 29, p. 110-121,  2015. ISSN 15684946 (ISSN). Disponível em: < 

http://www.scopus.com/inward/record.url?eid=2-s2.0-

84921054436&partnerID=40&md5=a10f8fcd2e34fd1cb8b78f31e8583b80 >.  

 

CORTEZ, P.  et al. Modeling wine preferences by data mining from physicochemical 

properties. Decision Support Systems, v. 47, n. 4, p. 547-553,  2009. ISSN 01679236 (ISSN). 

Disponível em: < https://www.scopus.com/inward/record.uri?eid=2-s2.0-

72049084727&partnerID=40&md5=40272319d9be0fe13b3f021fefadccc7 >.  

 

COSTA, H. G. Auxílio multicritério à decisão: método AHP.  Rio de Janeiro: Abepro, 2006. 

 

______. Model for webibliomining: proposal and application  Revista da FAE, v. 13, n. 1, p. 

115-126,  2010.    

 

______. Sistemas de Votação pelo Método De Borda. Relatórios de Pesquisa em Engenharia 

de Produção, v. 14, n. B1, p. 10,  2014.    

 

______. Graphical interpretation of outranking principles: avoiding misinterpretation 

results from ELECTRE I. Journal of Modelling in Management. (In Press 2015),  2015. 

ISSN 1746-5664.   

 

https://www.scopus.com/inward/record.uri?eid=2-s2.0-80955159640&partnerID=40&md5=1b66c536a78e531b0f3d49d31c17abea
https://www.scopus.com/inward/record.uri?eid=2-s2.0-80955159640&partnerID=40&md5=1b66c536a78e531b0f3d49d31c17abea
http://www.scopus.com/inward/record.url?eid=2-s2.0-84921054436&partnerID=40&md5=a10f8fcd2e34fd1cb8b78f31e8583b80
http://www.scopus.com/inward/record.url?eid=2-s2.0-84921054436&partnerID=40&md5=a10f8fcd2e34fd1cb8b78f31e8583b80
https://www.scopus.com/inward/record.uri?eid=2-s2.0-72049084727&partnerID=40&md5=40272319d9be0fe13b3f021fefadccc7
https://www.scopus.com/inward/record.uri?eid=2-s2.0-72049084727&partnerID=40&md5=40272319d9be0fe13b3f021fefadccc7


108 

 

 

DASH, M.; LIU, H. Feature selection for classification. Intelligent Data Analysis, v. 1, n. 3, 

p. 131-156,  1997.  Disponível em: < http://www.scopus.com/inward/record.url?eid=2-s2.0-

0013326060&partnerID=40&md5=053dd743af5386f8c4d919ddcaa26d12 >.  

 

DAVIS, U. C. Viticulture & Enology 2016. 

 

DE ALMADA GARCIA, P. A.; SANT’ANNA, A. P. Vendor and logistics provider selection 

in the construction sector: A probabilistic preferences composition approach. Pesquisa 

Operacional, v. 35, n. 2, p. 363-375,  2015. ISSN 01017438 (ISSN). Disponível em: < 

https://www.scopus.com/inward/record.uri?eid=2-s2.0-

84938543475&partnerID=40&md5=443ea59db7e86eda6e6a0899dce3e6d2 >.  

 

DE SOUZA, R. G.  et al. Sustainability assessment and prioritisation of e-waste management 

options in Brazil. Waste Management,  2016. ISSN 0956-053X. Disponível em: < 

http://www.sciencedirect.com/science/article/pii/S0956053X16300332 >.  

 

DIAKOULAKI, D.  et al. The use of a preference disaggregation method in energy analysis 

and policy making. Energy, v. 24, n. 2, p. 157-166,  1999. ISSN 03605442 (ISSN). Disponível 

em: < http://www.scopus.com/inward/record.url?eid=2-s2.0-

0033083497&partnerID=40&md5=fdae355813d50d2785e62b6f555f9c1d >.  

 

DOUMPOS, M.; ZANAKIS, S. H.; ZOPOUNIDIS, C. Multicriteria Preference Disaggregation 

for Classification Problems with an Application to Global Investing Risk. Decision Sciences, 

v. 32, n. 2, p. 333-384,  2001. ISSN 00117315 (ISSN). Disponível em: < 

http://www.scopus.com/inward/record.url?eid=2-s2.0-

0035599802&partnerID=40&md5=7869cd0e9ebfcb40ef2f2a58e0466d4f >.  

 

DOUMPOS, M.; ZOPOUNIDIS, C. Developing sorting models using preference 

disaggregation analysis: An experimental investigation. European Journal of Operational 

Research, v. 154, n. 3, p. 585-598,  2004. ISSN 03772217 (ISSN). Disponível em: < 

http://www.scopus.com/inward/record.url?eid=2-s2.0-

0346962827&partnerID=40&md5=ebdcc92aea76efc8acd4850983e974d1 >.  

 

______. Preference disaggregation and statistical learning for multicriteria decision support: A 

review. European Journal of Operational Research, v. 209, n. 3, p. 203-214,  2011. ISSN 

03772217 (ISSN). Disponível em: < http://www.scopus.com/inward/record.url?eid=2-s2.0-

78649634832&partnerID=40&md5=595085eb0a47dcebf04c9e573d47ad4e >.  

 

______. Computational Intelligence Techniques for Multicriteria Decision Aiding: An 

Overview. In: (Ed.). Multicriteria Decision Aid and Artificial Intelligence: John Wiley and 

Sons, 2013.  p.1-23.  ISBN 9781119976394 (ISBN). 

 

http://www.scopus.com/inward/record.url?eid=2-s2.0-0013326060&partnerID=40&md5=053dd743af5386f8c4d919ddcaa26d12
http://www.scopus.com/inward/record.url?eid=2-s2.0-0013326060&partnerID=40&md5=053dd743af5386f8c4d919ddcaa26d12
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84938543475&partnerID=40&md5=443ea59db7e86eda6e6a0899dce3e6d2
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84938543475&partnerID=40&md5=443ea59db7e86eda6e6a0899dce3e6d2
http://www.sciencedirect.com/science/article/pii/S0956053X16300332
http://www.scopus.com/inward/record.url?eid=2-s2.0-0033083497&partnerID=40&md5=fdae355813d50d2785e62b6f555f9c1d
http://www.scopus.com/inward/record.url?eid=2-s2.0-0033083497&partnerID=40&md5=fdae355813d50d2785e62b6f555f9c1d
http://www.scopus.com/inward/record.url?eid=2-s2.0-0035599802&partnerID=40&md5=7869cd0e9ebfcb40ef2f2a58e0466d4f
http://www.scopus.com/inward/record.url?eid=2-s2.0-0035599802&partnerID=40&md5=7869cd0e9ebfcb40ef2f2a58e0466d4f
http://www.scopus.com/inward/record.url?eid=2-s2.0-0346962827&partnerID=40&md5=ebdcc92aea76efc8acd4850983e974d1
http://www.scopus.com/inward/record.url?eid=2-s2.0-0346962827&partnerID=40&md5=ebdcc92aea76efc8acd4850983e974d1
http://www.scopus.com/inward/record.url?eid=2-s2.0-78649634832&partnerID=40&md5=595085eb0a47dcebf04c9e573d47ad4e
http://www.scopus.com/inward/record.url?eid=2-s2.0-78649634832&partnerID=40&md5=595085eb0a47dcebf04c9e573d47ad4e


109 

 

 

DRUMMOND, C.; HOLTE, R. C. C4. 5, class imbalance, and cost sensitivity: why under-

sampling beats over-sampling. Workshop on learning from imbalanced datasets II, v. 11,  

2003.    

 

EVGENIOU, T.; BOUSSIOS, C.; ZACHARIA, G. Generalized robust conjoint estimation. 

Marketing Science, v. 24, n. 3, p. 415-429,  2005. ISSN 0732-2399.   

 

FAYYAD, U. M.; PIATETSKY-SHAPIRO, G.; SMYTH, P. From data mining to knowledge 

discovery: an overview. In: USAMA, M. F.;GREGORY, P.-S., et al (Ed.). Advances in 

knowledge discovery and data mining: American Association for Artificial Intelligence, 

1996.  p.1-34.  ISBN 0-262-56097-6. 

 

FORTEMPS, P.; GRECO, S.; SŁOWIŃSKI, R. Multicriteria decision support using rules that 

represent rough-graded preference relations. European Journal of Operational Research, v. 

188, n. 1, p. 206-223,  2008. ISSN 0377-2217.   

 

GARCIA, P. A. A.  et al. Combined use of composition of probabilistic preferences and entropy 

weighting for failure mode prioritization. In: ZIO, E.;PODOFILLINI, L., et al, 25th European 

Safety and Reliability Conference, ESREL 2015, 2015,   CRC Press/Balkema. p.381-386. 

 

GHADERI, M.; RUIZ, F. J.; AGELL, N. Understanding color trends by means of non-

monotone utility functions. 17th International Conference of the Catalan Association for 

Artificial Intelligence, CCIA 2014. AGELL, N.;PUJOL, O., et al: IOS Press. 269: 107-115 p. 

2014. 

 

GRECO, S.; MATARAZZO, B.; SLOWINSKI, R. Rough approximation of a preference 

relation by dominance relations. European Journal of operational research, v. 117, n. 1, p. 

63-83,  1999. ISSN 0377-2217.   

 

______. Rough sets theory for multicriteria decision analysis. European journal of 

operational research, v. 129, n. 1, p. 1-47,  2001. ISSN 0377-2217.   

 

GRECO, S.; MATARAZZO, B.; SŁOWIŃSKI, R. Axiomatic characterization of a general 

utility function and its particular cases in terms of conjoint measurement and rough-set decision 

rules. European Journal of Operational Research, v. 158, n. 2, p. 271-292,  2004. ISSN 

0377-2217.   

 

______. Dominance-based rough set approach as a proper way of handling graduality in rough 

set theory. In: (Ed.). Transactions on rough sets VII: Springer, 2007.  p.36-52.  ISBN 

3540716629. 

 



110 

 

 

GRECO, S.  et al. Global investing risk: A case study of knowledge assessment via rough sets. 

Annals of Operations Research, v. 185, n. 1, p. 105-138,  2011. ISSN 02545330 (ISSN). 

Disponível em: < http://www.scopus.com/inward/record.url?eid=2-s2.0-

79953722581&partnerID=40&md5=9cff48b886ebbc1e9023de01458dae32 >.  

 

GRECO, S.; MOUSSEAU, V.; SŁOWIŃSKI, R. Ordinal regression revisited: multiple criteria 

ranking using a set of additive value functions. European Journal of Operational Research, 

v. 191, n. 2, p. 416-436,  2008. ISSN 0377-2217.   

 

GRIGOROUDIS, E. Preference disaggregation for measuring and analysing customer 

satisfaction: The MUSA method. European Journal of Operational Research, v. 143, n. 1, 

p. 148-170,  2002. ISSN 03772217 (ISSN). Disponível em: < 

http://www.scopus.com/inward/record.url?eid=2-s2.0-

0037121190&partnerID=40&md5=2a1ddbe69966eabbf83c834240cfde27 >.  

 

GRIGOROUDIS, E.  et al. Tracking changes of e-customer preferences using multicriteria 

analysis. Managing Service Quality, v. 17, n. 5, p. 538-562,  2007. ISSN 09604529 (ISSN). 

Disponível em: < http://www.scopus.com/inward/record.url?eid=2-s2.0-

34548657446&partnerID=40&md5=06f37e2e0f42582c0348c0b560d9aae0 >.  

 

GRIGOROUDIS, E.  et al. The assessment of user-perceived web quality: Application of a 

satisfaction benchmarking approach. European Journal of Operational Research, v. 187, n. 

3, p. 1346-1357,  2008. ISSN 03772217 (ISSN). Disponível em: < 

http://www.scopus.com/inward/record.url?eid=2-s2.0-

36849027747&partnerID=40&md5=92597ecf396e5989fc06c2f3b491317d >.  

 

GRIGOROUDIS, E.; NIKOLOPOULOU, G.; ZOPOUNIDIS, C. Customer satisfaction 

barometers and economic development: An explorative ordinal regression analysis. Total 

Quality Management & Business Excellence, v. 19, n. 5, p. 441-460,  2008. ISSN 1478-3363. 

Disponível em: < <Go to ISI>://WOS:000255379100002 >.  

 

GRIGOROUDIS, E.; SISKOS, Y. A survey of customer satisfaction barometers: Some results 

from the transportation-communications sector. European Journal of Operational Research, 

v. 152, n. 2, p. 334-353, Jan 2004. ISSN 0377-2217. Disponível em: < <Go to 

ISI>://WOS:000185806500004 >.  

 

GRIGOROUDIS, E.; SISKOS, Y.; SAURAIS, O. TELOS: A customer satisfaction evaluation 

software. Computers and Operations Research, Exeter, United Kingdom, v. 27, n. 7-8, p. 

799-817,  2000. ISSN 03050548 (ISSN). Disponível em: < 

http://www.scopus.com/inward/record.url?eid=2-s2.0-

0034009315&partnerID=40&md5=71262c31430bfcdc20c90f81ac128978 >.  

 

http://www.scopus.com/inward/record.url?eid=2-s2.0-79953722581&partnerID=40&md5=9cff48b886ebbc1e9023de01458dae32
http://www.scopus.com/inward/record.url?eid=2-s2.0-79953722581&partnerID=40&md5=9cff48b886ebbc1e9023de01458dae32
http://www.scopus.com/inward/record.url?eid=2-s2.0-0037121190&partnerID=40&md5=2a1ddbe69966eabbf83c834240cfde27
http://www.scopus.com/inward/record.url?eid=2-s2.0-0037121190&partnerID=40&md5=2a1ddbe69966eabbf83c834240cfde27
http://www.scopus.com/inward/record.url?eid=2-s2.0-34548657446&partnerID=40&md5=06f37e2e0f42582c0348c0b560d9aae0
http://www.scopus.com/inward/record.url?eid=2-s2.0-34548657446&partnerID=40&md5=06f37e2e0f42582c0348c0b560d9aae0
http://www.scopus.com/inward/record.url?eid=2-s2.0-36849027747&partnerID=40&md5=92597ecf396e5989fc06c2f3b491317d
http://www.scopus.com/inward/record.url?eid=2-s2.0-36849027747&partnerID=40&md5=92597ecf396e5989fc06c2f3b491317d
http://www.scopus.com/inward/record.url?eid=2-s2.0-0034009315&partnerID=40&md5=71262c31430bfcdc20c90f81ac128978
http://www.scopus.com/inward/record.url?eid=2-s2.0-0034009315&partnerID=40&md5=71262c31430bfcdc20c90f81ac128978


111 

 

 

GUPTA, G. K. Introduction to Data Mining with Case Studies.   Prentice-Hall Of India Pv, 

2011.  ISBN 9788120343269. 

 

HALL, M. A. Correlation-based Feature Selection for Machine Learning. 1999. 178 

(Doctor of Philosophy). Department of Computer Science, University of Waikato, Hamilton, 

NewZealand. 

 

______. Correlation-based Feature Selection for Discrete and Numeric Class Machine 

Learning. Proceedings of the Seventeenth International Conference on Machine Learning: 

Morgan Kaufmann Publishers Inc.: 359-366 p. 2000. 

 

______. Benchmarking Attribute Selection Techniques for Discrete Class Data Mining. IEEE 

Transactions on Knowledge and Data Engineering, v. 15, n. 6, p. 1437-1447,  2003. ISSN 

1041-4347. Disponível em: < 

http://doi.ieeecomputersociety.org/10.1109/TKDE.2003.1245283 >.  

 

HAN, J.; KAMBER, M. Data Mining: Concepts and Techniques: Concepts and 

Techniques.   Elsevier Science, 2011.  ISBN 9780123814807. Disponível em: < 

http://books.google.com.br/books?id=pQws07tdpjoC >. 

 

HAN, J.; KAMBER, M.; PEI, J. Data Mining: Concepts and Techniques.   Morgan 

Kaufmann Publishers Inc., 2011. 696 ISBN 0123814790, 9780123814791. 

 

HERBRICH, R.; GRAEPEL, T.; OBERMAYER, K. Large margin rank boundaries for ordinal 

regression.  2000.    

 

HSU, M. F.; PAI, P. F. Incorporating support vector machines with multiple criteria decision 

making for financial crisis analysis. Quality and Quantity, v. 47, n. 6, p. 3481-3492,  2013. 

ISSN 00335177 (ISSN). Disponível em: < https://www.scopus.com/inward/record.uri?eid=2-

s2.0-84883297142&partnerID=40&md5=d94574ef1f53483e44aab8380ff4feba >.  

 

HUEI, D. L.  et al. A simple evaluation model for feature subset selection algorithms. 

Inteligencia Artificial, v. 10, n. 32, p. 9-17,  2006. ISSN 11373601 (ISSN). Disponível em: < 

https://www.scopus.com/inward/record.uri?eid=2-s2.0-

33845571417&partnerID=40&md5=57c1568d90a0554cc8e209eb4708d46c >.  

 

HWANG, C. L.  et al. Mathematical programming with multiple objectives: A tutorial. 

Computers & Operations Research, v. 7, n. 1–2, p. 5-31, // 1980. ISSN 0305-0548. 

Disponível em: < http://www.sciencedirect.com/science/article/pii/0305054880900118 >.  

 

JACQUET-LAGREZE, E.; SISKOS, J. Assessing a set of additive utility functions for 

multicriteria decision-making, the UTA method. European Journal of Operational 

http://doi.ieeecomputersociety.org/10.1109/TKDE.2003.1245283
http://books.google.com.br/books?id=pQws07tdpjoC
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84883297142&partnerID=40&md5=d94574ef1f53483e44aab8380ff4feba
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84883297142&partnerID=40&md5=d94574ef1f53483e44aab8380ff4feba
https://www.scopus.com/inward/record.uri?eid=2-s2.0-33845571417&partnerID=40&md5=57c1568d90a0554cc8e209eb4708d46c
https://www.scopus.com/inward/record.uri?eid=2-s2.0-33845571417&partnerID=40&md5=57c1568d90a0554cc8e209eb4708d46c
http://www.sciencedirect.com/science/article/pii/0305054880900118


112 

 

 

Research, v. 10, n. 2, p. 151-164, 6// 1982. ISSN 0377-2217. Disponível em: < 

http://www.sciencedirect.com/science/article/pii/0377221782901552 >.  

 

JACQUET-LAGREZE, E.; SISKOS, Y. Feature issue: Preference disaggregation. European 

Journal of Operational Research, v. 130, n. 2, p. 231-232, Apr 2001. ISSN 0377-2217. 

Disponível em: < <Go to ISI>://WOS:000167032200001 >.  

 

JACQUET-LAGRÈZE, E.; SISKOS, Y. Preference disaggregation: 20 Years of MCDA 

experience. European Journal of Operational Research, Amsterdam, Netherlands, v. 130, n. 

2, p. 233-245,  2001. ISSN 03772217 (ISSN). Disponível em: < 

http://www.scopus.com/inward/record.url?eid=2-s2.0-

0035314048&partnerID=40&md5=8871a132e1b2d7afed7f07f21a57b4f5 >.  

 

JAIN, A. K. Data clustering: 50 years beyond K-means. Pattern Recognition Letters, v. 31, 

n. 8, p. 651-666, 6/1/ 2010. ISSN 0167-8655. Disponível em: < 

http://www.sciencedirect.com/science/article/pii/S0167865509002323 >.  

 

JAPKOWICZ, N. The class imbalance problem: Significance and strategies. Proc. of the Int’l 

Conf. on Artificial Intelligence,  2000.    

 

JOACHIMS, T. Optimizing search engines using clickthrough data. Proceedings of the eighth 

ACM SIGKDD international conference on Knowledge discovery and data mining, 2002,   

ACM. p.133-142. 

 

JOAO, I. M.; COSTA, C.; FIGUEIRA, J. R. An Ordinal Regression Method for Multicriteria 

Analysis of Customer Satisfaction. Multiple Criteria Decision Making for Sustainable 

Energy and Transportation Systems: Proceedings of the 19th International Conference 

on Multiple Criteria Decision Making, v. 634, p. 167-176,  2010. ISSN 0075-8442. 

Disponível em: < <Go to ISI>://WOS:000300517300014 >.  

 

KEENEY, R. L. Feature Article—Decision Analysis: An Overview. Operations Research, v. 

30, n. 5, p. 803-838,  1982.  Disponível em: < 

http://pubsonline.informs.org/doi/abs/10.1287/opre.30.5.803 >.  

 

KEENEY, R. L.; RAIFFA, H. Decisions with Multiple Objectives: Preferences and Value 

Trade-Offs.   Cambridge University Press, 1993.  ISBN 9780521438834. Disponível em: < 

https://books.google.com.br/books?id=GPE6ZAqGrnoC >. 

 

KIRA, K.; RENDELL, L. A. Feature selection problem: traditional methods and a new 

algorithm. Proceedings Tenth National Conference on Artificial Intelligence, 1992. p.129-134. 

 

http://www.sciencedirect.com/science/article/pii/0377221782901552
http://www.scopus.com/inward/record.url?eid=2-s2.0-0035314048&partnerID=40&md5=8871a132e1b2d7afed7f07f21a57b4f5
http://www.scopus.com/inward/record.url?eid=2-s2.0-0035314048&partnerID=40&md5=8871a132e1b2d7afed7f07f21a57b4f5
http://www.sciencedirect.com/science/article/pii/S0167865509002323
http://pubsonline.informs.org/doi/abs/10.1287/opre.30.5.803
https://books.google.com.br/books?id=GPE6ZAqGrnoC


113 

 

 

KONONENKO, I. Estimating attributes: Analysis and extensions of RELIEF. In: 

BERGADANO, F. e DE RAEDT, L. (Ed.). Machine Learning: ECML-94: Springer Berlin 

Heidelberg, v.784, 1994. cap. 11, p.171-182.  (Lecture Notes in Computer Science). ISBN 978-

3-540-57868-0. 

 

KOSMIDOU, K.; DOUMPOS, M.; ZOPOUNIDIS, C. Country Risk Evaluation: Methods 

and Applications.   Springer US, 2008.  ISBN 9780387766799. 

 

KOVESI, J.; TOTH, Z. E.; JONAS, T. HOW MUCH IS INTELLECTUAL CAPITAL 

WORTH FOR THE ORGANIZATION? Separating the measurement and evaluation of 

intellectual capital elements with evaluator functions at EMS companies. Acta Oeconomica, 

v. 62, n. 1, p. 65-91, Jun 2012. ISSN 0001-6373. Disponível em: < <Go to 

ISI>://WOS:000302134100005 >.  

 

KRASSADAKI, E.; SISKOS, Y. Inferring a multicriteria preference model for rural 

development projects evaluation. In: ZANAKIS, S. H.;DOUKIDIS, G., et al (Ed.). Decision 

Making: Recent Developments and Worldwide Applications. Dordrecht: Springer, v.45, 

2000.  p.331-345.  (Applied Optimization). ISBN 1384-6485 

0-7923-6621-2. 

 

LICHMAN, M. UCI Machine Learning Repository 2013. 

 

LIU, H.; YU, L. Toward integrating feature selection algorithms for classification and 

clustering. IEEE Transactions on Knowledge and Data Engineering, v. 17, n. 4, p. 491-502,  

2005.  Disponível em: < http://www.scopus.com/inward/record.url?eid=2-s2.0-

17044405923&partnerID=40&md5=1dd9b22c2290ede365ca11d348d5b0df >.  

 

LLOYD, S. P. Least Squares Quantization in PCM. IEEE Transactions on Information 

Theory, v. 28, n. 2, p. 129-137,  1982. ISSN 00189448 (ISSN). Disponível em: < 

https://www.scopus.com/inward/record.uri?eid=2-s2.0-

0020102027&partnerID=40&md5=077342c579a270c1e9ec7e94c4e94f86 >.  

 

MACQUEEN, J. Some methods for classification and analysis of multivariate observations. 

Proceedings of the fifth Berkeley symposium on mathematical statistics and probability, 1967,   

Oakland, CA, USA. p.281-297. 

 

MAIMON, O.; ROKACH, L. Data Mining and Knowledge Discovery Handbook.   Springer 

US, 2010.  ISBN 9780387098234. 

 

MALAKOOTI, B.; ZHOU, Y. Q. Feedforward Artificial Neural Networks for Solving Discrete 

Multiple Criteria Decision Making Problems. Management Science, v. 40, n. 11, p. 1542-

http://www.scopus.com/inward/record.url?eid=2-s2.0-17044405923&partnerID=40&md5=1dd9b22c2290ede365ca11d348d5b0df
http://www.scopus.com/inward/record.url?eid=2-s2.0-17044405923&partnerID=40&md5=1dd9b22c2290ede365ca11d348d5b0df
https://www.scopus.com/inward/record.uri?eid=2-s2.0-0020102027&partnerID=40&md5=077342c579a270c1e9ec7e94c4e94f86
https://www.scopus.com/inward/record.uri?eid=2-s2.0-0020102027&partnerID=40&md5=077342c579a270c1e9ec7e94c4e94f86


114 

 

 

1561,  1994.  Disponível em: < 

http://pubsonline.informs.org/doi/abs/10.1287/mnsc.40.11.1542 >.  

 

MANOLITZAS, P.  et al. eCitizen Satisfaction: The Case of eGovernment Websites. 

Proceedings of the 5th European Conference on Information Management and 

Evaluation, p. 332-340,  2011.  Disponível em: < <Go to ISI>://WOS:000307994600040 >.  

 

MELETIOU, A. A framework for tracking changes in library user preferences using 

multicriteria methods and non-parametric statistical analysis. Performance Measurement and 

Metrics, v. 11, n. 3, p. 289-312,  2010. ISSN 14678047 (ISSN). Disponível em: < 

http://www.scopus.com/inward/record.url?eid=2-s2.0-

78649731691&partnerID=40&md5=605f13344a5ed678cd521ee5d7a98f2e >.  

 

MIHELIS, G.  et al. Customer satisfaction measurement in the private bank sector. European 

Journal of Operational Research, Amsterdam, Netherlands, v. 130, n. 2, p. 347-360,  2001. 

ISSN 03772217 (ISSN). Disponível em: < http://www.scopus.com/inward/record.url?eid=2-

s2.0-0035314054&partnerID=40&md5=c19b02447e43d36a41906e1f6fe5c9f3 >.  

 

MING-SYAN, C.; JIAWEI, H.; YU, P. S. Data mining: an overview from a database 

perspective. IEEE Transactions on Knowledge and Data Engineering, v. 8, n. 6, p. 866-883,  

1996. ISSN 1041-4347.   

 

MOUSSEAU, V.; SLOWINSKI, R. Inferring an ELECTRE TRI Model from Assignment 

Examples. Journal of Global Optimization, v. 12, n. 2, p. 157-174,  1998.  Disponível em: < 

http://www.scopus.com/inward/record.url?eid=2-s2.0-

0001102706&partnerID=40&md5=fa295d63742507139580208deb2db0e9 >.  

 

NEPOMUCENO, L. D. D. O.; COSTA, H. G. ANALYZING PERCEPTIONS ABOUT THE 

INFLUENCE OF A MASTER COURSE OVER THE PROFESSIONAL SKILLS OF ITS 

ALUMNI: A MULTICRITERIA APPROACH. Pesquisa Operacional, v. 35, p. 187-211,  

2015. ISSN 0101-7438. Disponível em: < 

http://www.scielo.br/scielo.php?script=sci_arttext&pid=S0101-

74382015000100187&nrm=iso >.  

 

PASIOURAS, F.; GAGANIS, C.; ZOPOUNIDIS, C. Multicriteria classification models for the 

identification of targets and acquirers in the Asian banking sector. European Journal of 

Operational Research, v. 204, n. 2, p. 328-335, Jul 2010. ISSN 0377-2217. Disponível em: < 

<Go to ISI>://WOS:000274094100016 >.  

 

PAWLAK, Z. Rough sets. International Journal of Computer & Information Sciences, v. 

11, n. 5, p. 341-356, 1982/10/01 1982. ISSN 0091-7036. Disponível em: < 

http://dx.doi.org/10.1007/BF01001956 >.  

 

http://pubsonline.informs.org/doi/abs/10.1287/mnsc.40.11.1542
http://www.scopus.com/inward/record.url?eid=2-s2.0-78649731691&partnerID=40&md5=605f13344a5ed678cd521ee5d7a98f2e
http://www.scopus.com/inward/record.url?eid=2-s2.0-78649731691&partnerID=40&md5=605f13344a5ed678cd521ee5d7a98f2e
http://www.scopus.com/inward/record.url?eid=2-s2.0-0035314054&partnerID=40&md5=c19b02447e43d36a41906e1f6fe5c9f3
http://www.scopus.com/inward/record.url?eid=2-s2.0-0035314054&partnerID=40&md5=c19b02447e43d36a41906e1f6fe5c9f3
http://www.scopus.com/inward/record.url?eid=2-s2.0-0001102706&partnerID=40&md5=fa295d63742507139580208deb2db0e9
http://www.scopus.com/inward/record.url?eid=2-s2.0-0001102706&partnerID=40&md5=fa295d63742507139580208deb2db0e9
http://www.scielo.br/scielo.php?script=sci_arttext&pid=S0101-74382015000100187&nrm=iso
http://www.scielo.br/scielo.php?script=sci_arttext&pid=S0101-74382015000100187&nrm=iso
http://dx.doi.org/10.1007/BF01001956


115 

 

 

PAWLAK, Z.; SLOWINSKI, R. Rough set approach to multi-attribute decision analysis. 

European Journal of Operational Research, v. 72, n. 3, p. 443-459,  1994. ISSN 0377-2217.   

 

POLITIS, Y.; SISKOS, Y. Multicriteria methodology for the evaluation of a Greek engineering 

department. European Journal of Operational Research, v. 156, n. 1, p. 223-240,  2004. 

ISSN 03772217 (ISSN). Disponível em: < http://www.scopus.com/inward/record.url?eid=2-

s2.0-1242298455&partnerID=40&md5=b4061f07e69891086442ed22bf0f77dd >.  

 

RIABACKE, M.; DANIELSON, M.; EKENBERG, L. State-of-the-Art Prescriptive Criteria 

Weight Elicitation. Advances in Decision Sciences, p. 24,  2012.    

 

RIBEIRO, R. O. D. A.; MEZA, L. A.; SANT'ANNA, A. P. Probabilistic Preferences 

Composition in the Classification of Apparel Retail Stores. International Journal of Business 

Analytics (IJBAN), Hershey, PA, USA, v. 2, n. 4, p. 64-78,  2015. ISSN 2334-4547. 

Disponível em: < http://services.igi-

global.com/resolvedoi/resolve.aspx?doi=10.4018/IJBAN.2015100104 >.  

 

ROBNIK-ŠIKONJA, M.; KONONENKO, I. Theoretical and Empirical Analysis of ReliefF 

and RReliefF. Machine Learning, v. 53, n. 1-2, p. 23-69, 2003/10/01 2003. ISSN 0885-6125. 

Disponível em: < http://dx.doi.org/10.1023/A%3A1025667309714 >.  

 

RODRIGUEZ, D. S. S.; COSTA, H. G.; CARMO, L. F. R. R. S. D. Métodos de auxílio 

multicritério à decisão aplicados a problemas de PCP: mapeamento da produção em periódicos 

publicados no Brasil. Gestão & Produção, v. 20, p. 134-146,  2013. ISSN 0104-530X. 

Disponível em: < http://www.scielo.br/scielo.php?script=sci_arttext&pid=S0104-

530X2013000100010&nrm=iso >.  

 

ROY, B. Méthodologie multicritère d'aide à la décision.   Economica, 1985.  ISBN 2-7178-

0901-5. Disponível em: < http://infoscience.epfl.ch/record/2914 >. 

 

______. Decision-aid and decision-making. European Journal of Operational Research, v. 

45, n. 2–3, p. 324-331,  1990. ISSN 0377-2217. Disponível em: < 

http://www.sciencedirect.com/science/article/pii/037722179090196I >.  

 

______. A French-English Decision Aiding glossary. European Working Group 

“Multicriteria Aid for Decisions”. 2000 

 

ROY, B.; VANDERPOOTEN, D. The European school of MCDA: Emergence, basic features 

and current works. Journal of Multi-Criteria Decision Analysis, v. 5, n. 1, p. 22-38,  1996. 

ISSN 1099-1360. Disponível em: < http://dx.doi.org/10.1002/(SICI)1099-

1360(199603)5:1<22::AID-MCDA93>3.0.CO;2-F >.  

 

http://www.scopus.com/inward/record.url?eid=2-s2.0-1242298455&partnerID=40&md5=b4061f07e69891086442ed22bf0f77dd
http://www.scopus.com/inward/record.url?eid=2-s2.0-1242298455&partnerID=40&md5=b4061f07e69891086442ed22bf0f77dd
http://services.igi-global.com/resolvedoi/resolve.aspx?doi=10.4018/IJBAN.2015100104
http://services.igi-global.com/resolvedoi/resolve.aspx?doi=10.4018/IJBAN.2015100104
http://dx.doi.org/10.1023/A%3A1025667309714
http://www.scielo.br/scielo.php?script=sci_arttext&pid=S0104-530X2013000100010&nrm=iso
http://www.scielo.br/scielo.php?script=sci_arttext&pid=S0104-530X2013000100010&nrm=iso
http://infoscience.epfl.ch/record/2914
http://www.sciencedirect.com/science/article/pii/037722179090196I
http://dx.doi.org/10.1002/(SICI)1099-1360(199603)5:1%3c22::AID-MCDA93%3e3.0.CO;2-F
http://dx.doi.org/10.1002/(SICI)1099-1360(199603)5:1%3c22::AID-MCDA93%3e3.0.CO;2-F


116 

 

 

ROY, B.; VINCKE, P. Multicriteria analysis: survey and new directions. European Journal 

of Operational Research, v. 8, n. 3, p. 207-218,  1981. ISSN 0377-2217. Disponível em: < 

http://www.sciencedirect.com/science/article/pii/0377221781901685 >.  

 

SAATY, T. L. The Analytic Hierarchy Process: Planning, Priority Setting, Resource 

Allocation.  New York: McGraw-Hill, 1980. 

 

SACKS, G.; JEFFERY, D. Wine Chemistry: Waterhouse Lab 2012. 

 

SALOMON, V. A. P. Contribuições para validação de tomada de decisão com múltiplos 

critérios. 2010.   Universidade Estadual Paulista, Guaratinguetá. 

 

SAMARAS, G. D.; MATSATSINIS, N. F.; ZOPOUNIDIS, C. A multicriteria DSS for stock 

evaluation using fundamental analysis. European Journal of Operational Research, v. 187, 

n. 3, p. 1380-1401, Jun 2008. ISSN 0377-2217. Disponível em: < <Go to 

ISI>://WOS:000252556700046 >.  

 

SANT'ANNA, A. P. Detalhamento de uma Metodologia de Classificação Baseada na 

Composição de Preferências. Relatórios de Pesquisa em Engenharia de Produção, v. 13, n. 

C2, p. 10,  2013a. ISSN 1678--2399.   

 

______. Procedimento de Cálculo Para a Composição Probabilística de Preferências. 

Relatórios de Pesquisa em Engenharia de Produção, v. 13, n. C1, p. 11,  2013b. ISSN 1678-

-2399.   

 

SANT'ANNA, A. P. Probabilistic Composition of Preferences, Theory and Applications.   

Springer International Publishing, 2014.  ISBN 9783319112770. Disponível em: < 

https://books.google.com.br/books?id=eFDCBAAAQBAJ >. 

 

SANT'ANNA, A. P.; BARBOZA, E. U.; SOARES DE MELLO, J. C. C. B. Classification of 

the teams in the Brazilian Soccer Championship by probabilistic criteria composition. Soccer 

and Society, v. 11, n. 3, p. 261-276,  2010. ISSN 14660970 (ISSN). Disponível em: < 

https://www.scopus.com/inward/record.uri?eid=2-s2.0-

77951548405&partnerID=40&md5=fdc67da59e9afe84da2f36d5c1d33c2b >.  

 

SANT'ANNA, A. P.; CONDE, F. Q. Probabilistic comparison of call centres in a group 

decision process. International Journal of Management and Decision Making, v. 11, n. 5-

6, p. 417-437,  2011. ISSN 14624621 (ISSN). Disponível em: < 

https://www.scopus.com/inward/record.uri?eid=2-s2.0-

80155156857&partnerID=40&md5=22b04c27c25c2312326ba36d67026e16 >.  

 

http://www.sciencedirect.com/science/article/pii/0377221781901685
https://books.google.com.br/books?id=eFDCBAAAQBAJ
https://www.scopus.com/inward/record.uri?eid=2-s2.0-77951548405&partnerID=40&md5=fdc67da59e9afe84da2f36d5c1d33c2b
https://www.scopus.com/inward/record.uri?eid=2-s2.0-77951548405&partnerID=40&md5=fdc67da59e9afe84da2f36d5c1d33c2b
https://www.scopus.com/inward/record.uri?eid=2-s2.0-80155156857&partnerID=40&md5=22b04c27c25c2312326ba36d67026e16
https://www.scopus.com/inward/record.uri?eid=2-s2.0-80155156857&partnerID=40&md5=22b04c27c25c2312326ba36d67026e16


117 

 

 

SANT'ANNA, A. P.; COSTA, H. G.; PEREIRA, V. CPP-TRI: A sorting method based on the 

probabilistic composition of preferences. International Journal of Information and Decision 

Sciences, v. 7, n. 3, p. 193-212,  2015. ISSN 17567017 (ISSN). Disponível em: < 

https://www.scopus.com/inward/record.uri?eid=2-s2.0-

84940495090&partnerID=40&md5=32382e90f963eff5eecca607b6c1b1d5 >.  

 

SANT'ANNA, A. P.; DE SENNA, V.; DE BARROS PEREIRA, H. B. Composition of 

probabilistic evaluations of preferences: A case of criteria applied to isolated and clustered 

options. International Transactions in Operational Research, v. 18, n. 4, p. 513-526,  2011. 

ISSN 09696016 (ISSN). Disponível em: < https://www.scopus.com/inward/record.uri?eid=2-

s2.0-84863612047&partnerID=40&md5=a98ccfdf1682568b68b84c53527311d7 >.  

 

SANT'ANNA, A. P.; MEZA, L. A.; RIBEIRO, R. O. A. Probabilistic composition in quality 

management in the retail trade sector. International Journal of Quality and Reliability 

Management, v. 31, n. 6, p. 718-736,  2014. ISSN 0265671X (ISSN). Disponível em: < 

https://www.scopus.com/inward/record.uri?eid=2-s2.0-

84902466810&partnerID=40&md5=556a58f4627e9987f3b2bfa1d9c01b57 >.  

 

SANT’ANNA, A. P.; COSTA, H. G.; PEREIRA, V. CPP-TRI: Um Método de Classificação 

Ordenada Baseada em Composição Probabilística. Relatórios de Pesquisa em Engenharia de 

Produção, v. 12, n. 8, p. 14,  2012. ISSN 1678-2399.   

 

SANT’ANNA, A. P.; FARIA, F.; COSTA, H. G. Aplicação da Composição Probabilística e do 

Método das K-Médias à Classificação de Municípios Quantoà Oferta de Creches. Cadernos do 

IME - Série Estatística, v. 34, p.  

,  2013. ISSN 1413-9022 / 2317-4536.   

 

SANT’ANNA, A. P.  et al. Beta Distributed Preferences in the Comparison of Failure Modes. 

Procedia Computer Science, v. 55, p. 862-869, // 2015. ISSN 1877-0509. Disponível em: < 

http://www.sciencedirect.com/science/article/pii/S1877050915016245 >.  

 

SHIMIZU, Y.; TANAKA, Y.; KAWADA, A. Multi-objective optimization system, 

MOON<sup>2</sup> on the Internet. Computers & Chemical Engineering, v. 28, n. 5, p. 

821-828, / 2004.  Disponível em: < http://dx.doi.org/10.1016/j.compchemeng.2004.02.026 >.  

 

SISKOS, E.; ASKOUNIS, D.; PSARRAS, J. Multicriteria decision support for global e-

government evaluation. Omega-International Journal of Management Science, v. 46, p. 51-

63, Jul 2014. ISSN 0305-0483. Disponível em: < <Go to ISI>://WOS:000335102700005 >.  

 

SISKOS, Y.  et al. Measuring Customer Satisfaction Using a Collective Preference 

Disaggregation Model. Journal of Global Optimization, v. 12, n. 2, p. 175-195,  1998. ISSN 

09255001 (ISSN). Disponível em: < http://www.scopus.com/inward/record.url?eid=2-s2.0-

0001168325&partnerID=40&md5=5df347791e8b27aa48a8794e6f4977c0 >.  

https://www.scopus.com/inward/record.uri?eid=2-s2.0-84940495090&partnerID=40&md5=32382e90f963eff5eecca607b6c1b1d5
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84940495090&partnerID=40&md5=32382e90f963eff5eecca607b6c1b1d5
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84863612047&partnerID=40&md5=a98ccfdf1682568b68b84c53527311d7
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84863612047&partnerID=40&md5=a98ccfdf1682568b68b84c53527311d7
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84902466810&partnerID=40&md5=556a58f4627e9987f3b2bfa1d9c01b57
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84902466810&partnerID=40&md5=556a58f4627e9987f3b2bfa1d9c01b57
http://www.sciencedirect.com/science/article/pii/S1877050915016245
http://dx.doi.org/10.1016/j.compchemeng.2004.02.026
http://www.scopus.com/inward/record.url?eid=2-s2.0-0001168325&partnerID=40&md5=5df347791e8b27aa48a8794e6f4977c0
http://www.scopus.com/inward/record.url?eid=2-s2.0-0001168325&partnerID=40&md5=5df347791e8b27aa48a8794e6f4977c0


118 

 

 

 

SISKOS, Y.; SPYRIDAKOS, A. Intelligent multicriteria decision support: Overview and 

perspectives. European Journal of Operational Research, v. 113, n. 2, p. 236-246,  1999.  

Disponível em: < http://www.scopus.com/inward/record.url?eid=2-s2.0-

0033102267&partnerID=40&md5=3508275e5a87864e73237b2546ad9a6a >.  

 

STAM, A.; SUN, M.; HAINES, M. Artificial neural network representations for hierarchical 

preference structures. Computers & Operations Research, v. 23, n. 12, p. 1191-1201, 12// 

1996. ISSN 0305-0548. Disponível em: < 

http://www.sciencedirect.com/science/article/pii/S0305054896000214 >.  

 

STAŃCZYK, U.; JAIN, L. C. Feature Selection for Data and Pattern Recognition: An 

Introduction. In: STAŃCZYK, U. e JAIN, C. L. (Ed.). Feature Selection for Data and Pattern 

Recognition. Berlin, Heidelberg: Springer Berlin Heidelberg, 2015.  p.1-7.  ISBN 978-3-662-

45620-0. 

 

STEINHAUS, H. Sur la division des corp materiels en parties. Bull. Acad. Polon. Sci., v. 4, n. 

12,  1956.    

 

STEWART, T. J. A critical survey on the status of multiple criteria decision making theory and 

practice. Omega, v. 20, n. 5–6, p. 569-586,  1992. ISSN 0305-0483. Disponível em: < 

http://www.sciencedirect.com/science/article/pii/030504839290003P >. Acesso em: 1992/11//. 

 

SUN, M.; STAM, A.; STEUER, R. E. Solving multiple objective programming problems using 

feed-forward artificial neural networks: The interactive FFANN procedure. Management 

Science, v. 42, n. 6, p. 835-849,  1996. ISSN 0025-1909.   

 

TREINTA, F. T.  et al. Methodology of bibliographical research using multicriteria decision-

making methods. Producao, v. 24, n. 3, p. 508-520,  2014. ISSN 01036513 (ISSN). Disponível 

em: < https://www.scopus.com/inward/record.uri?eid=2-s2.0-

84905187733&partnerID=40&md5=57b8dcf168880a9e0e1700e0ee19e6bd >.  

 

TRIANTAPHYLLOU, E.; BAIG, K. The impact of aggregating benefit and cost criteria in four 

MCDA methods. IEEE Transactions on Engineering Management, v. 52, n. 2, p. 213-226,  

2005. ISSN 00189391 (ISSN). Disponível em: < 

http://www.scopus.com/inward/record.url?eid=2-s2.0-

18544377189&partnerID=40&md5=8e0a87d68380a185747f3d9611fdb1d8 >.  

 

TSAI, H.-H. Global data mining: An empirical study of current trends, future forecasts and 

technology diffusions. Expert Systems with Applications, v. 39, n. 9, p. 8172-8181, 7// 2012. 

ISSN 0957-4174. Disponível em: < 

http://www.sciencedirect.com/science/article/pii/S0957417412001704 >.  

http://www.scopus.com/inward/record.url?eid=2-s2.0-0033102267&partnerID=40&md5=3508275e5a87864e73237b2546ad9a6a
http://www.scopus.com/inward/record.url?eid=2-s2.0-0033102267&partnerID=40&md5=3508275e5a87864e73237b2546ad9a6a
http://www.sciencedirect.com/science/article/pii/S0305054896000214
http://www.sciencedirect.com/science/article/pii/030504839290003P
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84905187733&partnerID=40&md5=57b8dcf168880a9e0e1700e0ee19e6bd
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84905187733&partnerID=40&md5=57b8dcf168880a9e0e1700e0ee19e6bd
http://www.scopus.com/inward/record.url?eid=2-s2.0-18544377189&partnerID=40&md5=8e0a87d68380a185747f3d9611fdb1d8
http://www.scopus.com/inward/record.url?eid=2-s2.0-18544377189&partnerID=40&md5=8e0a87d68380a185747f3d9611fdb1d8
http://www.sciencedirect.com/science/article/pii/S0957417412001704


119 

 

 

 

VALLS, A.; AVILÉS, A. I.; SCHENINI, J. M. Multi-criteria Decision Aid Versus Data 

Mining.   Universitat Rovira i Virgili, 2011. 

 

VENKATRAMAN, V.; DALBY, A. R.; YANG, Z. R. Evaluation of mutual information and 

genetic programming for feature selection in QSAR. Journal of Chemical Information and 

Computer Sciences, v. 44, n. 5, p. 1686-1692,  2004. ISSN 00952338 (ISSN). Disponível em: 

< https://www.scopus.com/inward/record.uri?eid=2-s2.0-

5444266247&partnerID=40&md5=3b35978f878f3729c0aceb8c865f390a >.  

 

VIEIRA, S. M.; SOUSA, J. M. C.; KAYMAK, U. Feature selection using fuzzy objective 

functions. Joint 2009 International Fuzzy Systems Association World Congress, IFSA 2009 

and 2009 European Society of Fuzzy Logic and Technology Conference, EUSFLAT 2009, 

2009, Lisbon. p.1673-1678. 

 

VINCKE, P. Analysis of multicriteria decision aid in Europe. European Journal of 

Operational Research, v. 25, n. 2, p. 160-168,  1986. ISSN 0377-2217. Disponível em: < 

http://www.sciencedirect.com/science/article/pii/0377221786900822 >.  

 

VINCKE, P. Recent progresses in Multicriteria Decision-Aid. Rivista di Matematica per le 

Scienze Economiche e Sociali, v. 17, n. 2, p. 21-32,  1994.  Disponível em: < 

http://www.scopus.com/inward/record.url?eid=2-s2.0-

2942543251&partnerID=40&md5=6cb619a195002559dcac2c43ce7a565c >.  

 

WAEGEMAN, W.; DE BAETS, B.; BOULLART, L. Kernel-based learning methods for 

preference aggregation. 4OR, v. 7, n. 2, p. 169-189,  2009. ISSN 1619-4500.   

 

WALLENIUS, J.  et al. Multiple Criteria Decision Making, Multiattribute Utility Theory: 

Recent Accomplishments and What Lies Ahead. Management Science, v. 54, n. 7, p. 1336-

1349,  2008.    

 

WANG, J. A neural network approach to modeling fuzzy preference relations for multiple 

criteria decision making. Computers & operations research, v. 21, n. 9, p. 991-1000,  1994a. 

ISSN 0305-0548.   

 

______. A neural network approach to multiple criteria decision making based on fuzzy 

preference information. Information sciences, v. 78, n. 3, p. 293-302,  1994b. ISSN 0020-

0255.   

 

WANG, J.; MALAKOOTI, B. A feedforward neural network for multiple criteria decision 

making. Comput. Oper. Res., v. 19, n. 2, p. 151-167,  1992. ISSN 0305-0548.   

 

https://www.scopus.com/inward/record.uri?eid=2-s2.0-5444266247&partnerID=40&md5=3b35978f878f3729c0aceb8c865f390a
https://www.scopus.com/inward/record.uri?eid=2-s2.0-5444266247&partnerID=40&md5=3b35978f878f3729c0aceb8c865f390a
http://www.sciencedirect.com/science/article/pii/0377221786900822
http://www.scopus.com/inward/record.url?eid=2-s2.0-2942543251&partnerID=40&md5=6cb619a195002559dcac2c43ce7a565c
http://www.scopus.com/inward/record.url?eid=2-s2.0-2942543251&partnerID=40&md5=6cb619a195002559dcac2c43ce7a565c


120 

 

 

WANG, S.; ARCHER, N. P. A neural network technique in modeling multiple criteria multiple 

person decision making. Computers & Operations Research, v. 21, n. 2, p. 127-142,  1994. 

ISSN 0305-0548.   

 

WITTEN, I. H.; FRANK, E.; HALL, M. A. Data Mining: Practical Machine Learning Tools 

and Techniques: Practical Machine Learning Tools and Techniques.   Elsevier Science, 

2011.  ISBN 9780080890364. Disponível em: < 

http://books.google.com.br/books?id=bDtLM8CODsQC >. 

 

ZADEH, L. A. Fuzzy sets. Information and Control, v. 8, n. 3, p. 338-353, 6// 1965. ISSN 

0019-9958. Disponível em: < 

http://www.sciencedirect.com/science/article/pii/S001999586590241X >.  

 

ZHANG, H.; HE, B.; YANG, C. Model and empirical study on node classification in 

expressway network design. Wuhan Ligong Daxue Xuebao (Jiaotong Kexue Yu Gongcheng 

Ban)/Journal of Wuhan University of Technology (Transportation Science and 

Engineering), v. 33, n. 4, p. 718-721,  2009. ISSN 10062823 (ISSN).   

 

ZHANG, S.; WU, X. Fundamentals of association rules in data mining and knowledge 

discovery. Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, v. 1, 

n. 2, p. 97-116,  2011. ISSN 1942-4795. Disponível em: < http://dx.doi.org/10.1002/widm.10 

>.  

 

ZOPOUNIDIS, C.; DOUMPOS, M. Business failure prediction using the UTADIS 

multicriteria analysis method. Journal of the Operational Research Society, Basingstoke, 

United Kingdom, v. 50, n. 11, p. 1138-1148,  1999a. ISSN 01605682 (ISSN). Disponível em: 

< http://www.scopus.com/inward/record.url?eid=2-s2.0-

0033363297&partnerID=40&md5=4c866266b83cbe3b6a7f6319ea3d5a46 >.  

 

______. A Multicriteria Decision Aid Methodology for Sorting Decision Problems: The Case 

of Financial Distress. Computational Economics, v. 14, n. 3, p. 197-218,  1999b. ISSN 

09277099 (ISSN). Disponível em: < http://www.scopus.com/inward/record.url?eid=2-s2.0-

0001136364&partnerID=40&md5=350f261b99651fb9c0ebb7b2ad5b99ed >.  

 

______. PREFDIS: A multicriteria decision support system for sorting decision problems. 

Computers and Operations Research, Exeter, United Kingdom, v. 27, n. 7-8, p. 779-797,  

2000. ISSN 03050548 (ISSN). Disponível em: < 

http://www.scopus.com/inward/record.url?eid=2-s2.0-

0034009314&partnerID=40&md5=e7e77afbdd2178c25605fc42d0ee216b >.  

 

______. Preference disaggregation decision support system for financial classification 

problems. European Journal of Operational Research, Amsterdam, Netherlands, v. 130, n. 

2, p. 402-413,  2001. ISSN 03772217 (ISSN). Disponível em: < 

http://books.google.com.br/books?id=bDtLM8CODsQC
http://www.sciencedirect.com/science/article/pii/S001999586590241X
http://dx.doi.org/10.1002/widm.10
http://www.scopus.com/inward/record.url?eid=2-s2.0-0033363297&partnerID=40&md5=4c866266b83cbe3b6a7f6319ea3d5a46
http://www.scopus.com/inward/record.url?eid=2-s2.0-0033363297&partnerID=40&md5=4c866266b83cbe3b6a7f6319ea3d5a46
http://www.scopus.com/inward/record.url?eid=2-s2.0-0001136364&partnerID=40&md5=350f261b99651fb9c0ebb7b2ad5b99ed
http://www.scopus.com/inward/record.url?eid=2-s2.0-0001136364&partnerID=40&md5=350f261b99651fb9c0ebb7b2ad5b99ed
http://www.scopus.com/inward/record.url?eid=2-s2.0-0034009314&partnerID=40&md5=e7e77afbdd2178c25605fc42d0ee216b
http://www.scopus.com/inward/record.url?eid=2-s2.0-0034009314&partnerID=40&md5=e7e77afbdd2178c25605fc42d0ee216b


121 

 

 

http://www.scopus.com/inward/record.url?eid=2-s2.0-

0035314080&partnerID=40&md5=fddca00aef2a3c08cdd49be78fc5f472 >.  

 

______. Multi-group discrimination using multi-criteria analysis: Illustrations from the field of 

finance. European Journal of Operational Research, v. 139, n. 2, p. 371-389,  2002a. ISSN 

03772217 (ISSN). Disponível em: < http://www.scopus.com/inward/record.url?eid=2-s2.0-

0036604841&partnerID=40&md5=1dfc4dd0538398882db4727ee3368ff7 >.  

 

______. Multicriteria classification and sorting methods: A literature review. European 

Journal of Operational Research, v. 138, n. 2, p. 229-246,  2002b. ISSN 03772217 (ISSN). 

Disponível em: < http://www.scopus.com/inward/record.url?eid=2-s2.0-

0037117679&partnerID=40&md5=981bcdfdae86c9f791f193a41f217ab0 >.  

 

______. Multicriteria decision systems for financial problems. Top, v. 21, n. 2, p. 241-261, Jul 

2013. ISSN 1134-5764. Disponível em: < <Go to ISI>://WOS:000320377300002 >.  

 

ZOPOUNIDIS, C.; DOUMPOS, M.; ZANAKIS, S. Stock evaluation using a preference 

disaggregation methodology. Decision Sciences, v. 30, n. 2, p. 313-335,  1999. ISSN 00117315 

(ISSN). Disponível em: < http://www.scopus.com/inward/record.url?eid=2-s2.0-

0033445985&partnerID=40&md5=2030e33d3c57b038eb9b470e51cafa8a >.  

 

ZOPOUNIDIS, C.  et al. Multicriteria decision aid in credit cards assessment. In: 

ZOPOUNIDIS, C. e PARDALOS, P. M. (Ed.). Managing in Uncertainty: Theory and 

Practice. Dordrecht: Springer, v.19, 1998.  p.163-178.  (Applied Optimization). ISBN 1384-

6485 

0-7923-5110-X. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

http://www.scopus.com/inward/record.url?eid=2-s2.0-0035314080&partnerID=40&md5=fddca00aef2a3c08cdd49be78fc5f472
http://www.scopus.com/inward/record.url?eid=2-s2.0-0035314080&partnerID=40&md5=fddca00aef2a3c08cdd49be78fc5f472
http://www.scopus.com/inward/record.url?eid=2-s2.0-0036604841&partnerID=40&md5=1dfc4dd0538398882db4727ee3368ff7
http://www.scopus.com/inward/record.url?eid=2-s2.0-0036604841&partnerID=40&md5=1dfc4dd0538398882db4727ee3368ff7
http://www.scopus.com/inward/record.url?eid=2-s2.0-0037117679&partnerID=40&md5=981bcdfdae86c9f791f193a41f217ab0
http://www.scopus.com/inward/record.url?eid=2-s2.0-0037117679&partnerID=40&md5=981bcdfdae86c9f791f193a41f217ab0
http://www.scopus.com/inward/record.url?eid=2-s2.0-0033445985&partnerID=40&md5=2030e33d3c57b038eb9b470e51cafa8a
http://www.scopus.com/inward/record.url?eid=2-s2.0-0033445985&partnerID=40&md5=2030e33d3c57b038eb9b470e51cafa8a


122 

 

 

APPENDIX A 

 

Wines -  Features (General) 

 

Within the physicochemical composition of wines, the acidity is a fundamental property, 

imparting sourness, contributing greatly to its taste and resistance to microbial infection. The 

titrable acidity affects taste and pH, which affects color, stability to oxidation, and consequently 

the overall lifespan of a wine. The most abundant of these acids arise in the grapes themselves. 

However, there are also some acids that arise as a result of the fermentation process from either 

yeast and/or bacteria(Sacks and Jeffery, 2012).  Traditionally total acidity is divided into two 

groups, namely the volatile acids and the nonvolatile or fixed acids. 

 

 

Figure 42. Wine Composition (Sacks and Jeffery, 2012). 

 

Wine spoilage is legally defined by volatile acidity, largely composed of acetic acid. 

Volatile acidity refers to the steam distillable acids present in wine, primarily acetic acid but 

also lactic, formic, butyric, and propionic acids. The acetic acid is generally considered a 

spoilage product - vinegar (Sacks and Jeffery, 2012). 

Citric acid is a weak organic acid and it has many uses in wine production; it is often 

used as a natural preservative. Citric acid is often added to wines to increase acidity, 

complement a specific flavor or prevent ferric hazes. It can be added to finished wines to 

increase acidity and give a “fresh” flavor. The disadvantage of adding citric acid is its microbial 
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instability. Since bacteria use citric acid in their metabolism, it may increase the growth of 

unwanted microbes (Davis, 2016) 

Residual sugar is the amount of sugar remaining after fermentation of wine stops. It 

usually remains for one of three reasons: the yeast was unable to continue converting sugar to 

alcohol; the wine was fortified with a hard alcohol, which stopped fermentation; and the 

temperature dropped significantly, killing the yeast. Residual sugar is balanced by acidity, 

alcohol and tannins in wine.. 

Chloride (sodium chloride)  is the amount of salt in the wine. 

Sulfur dioxide is a fruit preservative widely used in wine. All wines contain sulfites. 

Yeast naturally produces sulfites during fermentation, so there is only a rare wine which 

contains none. 

Density can be used as a quick check for homogeneity or consistency. 

pH describes how acidic or basic a wine is on a scale from 0 (very acidic) to 14 (very 

basic); most wines are between 3-4 on the pH scale. 
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A1. Red Wines Dataset 

Data is processed with Rstudio, Version 0.99.485 – © 2009-2015 RStudio, Inc. 

Input: dataset – winequality.red 

Summario<-summary(winequality.red) 

write.csv(Summario, file="Summario.csv", row.names = T) 

 
 

 
 

 

 
 

 

 

 

 

 

file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/winequality-red.csv
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   g1 - Fixed acidity 

 
 

 

 

   g2 - volatile acidity 
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 g3 - Citric acid 

 

g4 - Residual sugar 
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g5 – Chlorides 

 

  g6 - Free sulfur dioxide 
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g7 - Total sulfur dioxide 

 

 

 g8 – Density 
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g9 – PH 

 

  

 g10-Sulphates 
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g11 – Alcohol  

 

 

   Output variable (based on sensory data):  

   g12 - quality (score 10 to 0) 
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A.1.1. Features by Categories (Red Wine - Original dataset) 

 

With Rstudio, Version 0.99.485 – © 2009-2015 RStudio, Inc. 

library(dplyr)  

C3R<-subset(winequality.red, quality==3) # Classe 3 

C4R<-subset(winequality.red, quality==4) # Classe 4 

C5R<-subset(winequality.red, quality==5) # Classe 5 

C6R<-subset(winequality.red, quality==6) # Classe 6 

C7R<-subset(winequality.red, quality==7) # Classe 7 

C8R<-subset(winequality.red, quality==8) # Classe 8 
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A2. Dataset  White Wines -  Features (General) 

Data is processed with Rstudio, Version 0.99.485 – © 2009-2015 RStudio, Inc. 

Input: dataset – winequality.white 

SummarioW<-summary(winequality.white) 

write.csv(SummarioW, file="SummarioW.csv", row.names = T) 

 

 

file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/winequality-white.csv
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The data are processed with Waikato Environment for Knowledge Analysis(Weka) Version 

3.8.0, University of Waikato, Hamilton, New Zealand. 

 

 

 

g1 - Fixed acidity 
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g2 - volatile acidity 

   

 

 

g3 - Citric acid 
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g4 - Residual sugar 

 
 

 

g5– Chlorides 
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g6 - Free sulfur dioxide 

 

 

g7 - Total sulfur dioxide 
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g8 – Density 

 

 

g9 – pH 
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g10-Sulphates 

 

 

g11 – Alcohol  
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Output variable (based on sensory data):  

g12 - quality (score 0 to 10) 

 

 

 

 

A.2.1. Features by Categories (White Wines - Original dataset) 

 

With Rstudio, Version 0.99.485 – © 2009-2015 RStudio, Inc. 

library(dplyr)  

C3W<-subset(winequality.white, quality==3) # Classe 3 

C4W<-subset(winequality.white, quality==4) # Classe 4 

C5W<-subset(winequality.white, quality==5) # Classe 5 

C6W<-subset(winequality.white, quality==6) # Classe 6 

C7W<-subset(winequality.white, quality==7) # Classe 7 

C8W<-subset(winequality.white, quality==8) # Classe 8 

C9W<-subset(winequality.white, quality==9) # Classe 9 
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A.3.Attributes Correlation 

Red Wines 

 

 Pearson's correlation coefficient (r) is a measure of the strength of the association be

tween the two variables. 

correlationRed<-cor(winequality.red[,-12]) 

write.csv(correlationRed, file="correlation.csv") 

 

file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/correlacaoRed.csv
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 All pairwise scatterplots are also shown in figure 39(pairs(winequality.red[,-12], gap=0, 

pch=19, cex=0.4, col="blue"). 

 

Figure 43. Red Wines - Parwise scatterplots. 
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From correlations presented above, strong associations are identified and are shown 

below, figures(40 – 46): Fixed acidity – Citric Acid; Fixed acidity – Density; Fixed acidity – 

pH; Volatile acidity – Citric acidity; Citric acidity – pH; Free Sulfur Dioxide – Total Sulfur 

Dioxide; Density – alcohol.  

qplot(winequality.red$fixed.acidity,winequality.red$citric.acid, col=quality)+theme(panel.gri

d.major = element_blank(), panel.grid.minor = element_blank()) 

 

Figure 44. Fixed acidity - Citric acid(r=0.672). 

 

qplot(winequality.red$fixed.acidity,winequality.red$density, col=quality)+theme(panel.grid.

major = element_blank(), panel.grid.minor = element_blank()) 

 

Figure 45. Fixed acidity – Density(r=0.668). 

 

qplot(winequality.red$fixed.acidity,winequality.red$pH, col=quality)+theme(panel.grid.major 

= element_blank(), panel.grid.minor = element_blank()) 

 
Figure 46.Fixed Acidiy – pH (r= - 0.683). 
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qplot(winequality.red$volatile.acidity,winequality.red$citric.acid, col=quality)+theme(panel.g

rid.major = element_blank(), panel.grid.minor = element_blank()) 

 
Figure 47. Volatile acidity - Citric acid( r= - 0.553). 

 

qplot(winequality.red$citric.acid,winequality.red$pH, col=quality)+theme(panel.grid.major = 

element_blank(), panel.grid.minor = element_blank()) 

 
Figure 48. Citric acidity – pH (r= - 0.542) 

 

qplot(winequality.red$free.sulfur.dioxide,winequality.red$total.sulfur.dioxide, col=quality)+t

heme(panel.grid.major = element_blank(), panel.grid.minor = element_blank()) 

 
Figure 49. Free sulfur dioxide - Total sulfur dioxide ( r=0.668) 
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qplot(winequality.red$density,winequality.red$alcohol, col=quality)+theme(panel.grid.major 

= element_blank(), panel.grid.minor = element_blank()) 

 
Figure 50. Density - Alcohol ( r = - 0.496) 

 

White Wines 

 

correlationWhite<-cor(winequality.white[,-12]) 

write.csv(correlationWhite, file="correlationWhite.csv")

 
All pairwise scatterplots are also shown in figure 47 (pairs(winequality.white[,-12], 

gap=0, pch=19, cex=0.4, col="lightblue"). 

 

file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/Cluster/correlationWhite.csv
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/Cluster/correlationWhite.csv
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Figure 51. White Wines - Parwise scatterplots 

 

From correlations presented above, strong associations are identified and are shown below, 

figures(48 – 55): Fixed acidity – pH; Residual Sugar  – Total Sulfur Dioxide;  Residual Sugar   

– Density; Residual Sugar  – Alcohol; Free Sulfur Dioxide – Total Sulfur Dioxide; Total 

Sulfur Dioxide – Density; Total Sulfur Dioxide – Alcohol; Density – Alcohol. 
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qplot(winequality.white$fixed.acidity,winequality.white$pH, col=quality)+theme(panel.grid.

major = element_blank(), panel.grid.minor = element_blank()) 

 
Figure 52. Fixed Acidity - pH ( r = - 0.426). 

 

qplot(winequality.white$residual.sugar,winequality.white$total.sulfur.dioxide, col=quality)+t

heme(panel.grid.major = element_blank(), panel.grid.minor = element_blank()) 

 
Figure 53. Residual sugar -Total Sulfur Dioxide ( r =0.401). 
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qplot(winequality.white$residual.sugar,winequality.white$density, col=quality)+theme(panel.

grid.major = element_blank(), panel.grid.minor = element_blank()) 

 

 
Figure 54. Residual Sugar   – Density (r= 0.839). 

 

   

qplot(winequality.white$residual.sugar,winequality.white$alcohol, col=quality)+theme(panel.

grid.major = element_blank(), panel.grid.minor = element_blank()) 

 

 
Figure 55. Residual Sugar   – Alcohol (r= - 0.451). 
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qplot(winequality.white$free.sulfur.dioxide,winequality.white$total.sulfur.dioxide, col=qualit

y)+theme(panel.grid.major = element_blank(), panel.grid.minor = element_blank()) 

 
Figure 56. Free Sulfur Dioxide – Total Sulfur Dioxide (r=  0.616). 

 

 

qplot(winequality.white$total.sulfur.dioxide,winequality.white$density, col=quality)+theme(p

anel.grid.major = element_blank(), panel.grid.minor = element_blank()) 

 
Figure 57. Total Sulfur Dioxide – Density (r=  0.530). 
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qplot(winequality.white$total.sulfur.dioxide,winequality.white$alcohol, col=quality)+theme(

panel.grid.major = element_blank(), panel.grid.minor = element_blank()) 

 

 
Figure 58.Total Sulfur Dioxide – Alcohol (r= -0.449). 

 

 

qplot(winequality.white$density,winequality.white$alcohol, col=quality)+theme(panel.grid.m

ajor = element_blank(), panel.grid.minor = element_blank()) 

 
Figure 59. Density – Alcohol (r= -0.780). 
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APPENDIX B 

Data is processed with Rstudio, Version 0.99.485 – © 2009-2015 RStudio, Inc. 

B.1 - CPP-Tri Original 

 

Procedure in R Programming language 

 

Over the appendix B and C, based on  (Sant’anna et al., 2012; Sant'anna, 2013b; a); the R codes 

for calculation of probabilistic distances and instance classifications are adapted from the R 

code provided by Prof.Annibal Parracho Sant’Anna, the CPP-TRI method’s author. 

 

Red Wine 

 

Input files: dataset – WinesMod.csv (red wines) 

                  Representative Profiles 

  Means – profilebyclass.txt 

Std-dev - stdev.txt 

Output file: 

      ClasseWineRed.csv 

## i = instance index ( 1 to 1599) 

## j = classe index ( 1 to 6) 

## k = criterion index ( 1 to 11) 

WinesMod <- read.csv2("/WinesMod.csv") 

stdevbyclass<-read.table("/stdevbyclass.txt", quote="\"", comment.char="") 

profilebyclass<-read.table("/profilebyclass.txt",quote="\"", comment.char="") 

A<-WinesMod 

B<-  profilebyclass 

D<- stdevbyclass 

above<-A 

below<-A 

Pabove<- A 

Pbelow<- A 

Pabove<-Pabove[1:nrow(A), 1:nrow(B)] 

Pbelow<-Pbelow[1:nrow(A), 1:nrow(B)] 

C<-Pabove 

ClasseWine<-Pabove 

for (i in 1:1599) 

 { 

  for (j in 1:6) 

   { 

for (k in 1:11) 

file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/R/WinesMod.csv
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/R/profilebyclass.txt
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/R/stdevbyclass.txt
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/R/ClasseWineRed.csv
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{ 

    below[j,k]<-pnorm(B[j,k],A[i,k],D[j,k]) 

   above[j,k]<-1-pnorm(B[j,k],A[i,k],D[j,k]) 

} 

Pbelow[i,j]<-prod(below[j,]) 

Pabove[[i,j]]<-prod(above[j,]) 

} 

} 

View(Pabove) 

View(Pbelow) 

C<-abs(Pabove-Pbelow) 

 View(C) 

for (i in 1:nrow (A)) 

{ 

for (j in 1:nrow (B)) 

{ 

ClasseWine[i,j]<-ifelse (abs(C[i,j])==min(abs(C[i,])), 9-j, ":") 

} 

} 

View(ClasseWine) 

write.csv(ClasseWine, file="ClasseWineRed.csv") 

 

 

White wines 

 

Input files: dataset – WinesModW.csv (white wines) 

                  Representative Profiles 

  Means – profilebyclassw.txt 

Std-dev - stdevw.txt 

Output file: 

      ClasseWineWhite.csv 

 

 

## i = instance index ( 1 to 4898) 

## j = classe index ( 1 to 7) 

file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/R/WinesModW.csv
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/R/profilebyclassw.txt
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/R/stdevbyclassw.txt
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/R/ClasseWineWhite.csv
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## k = criterion index ( 1 to 11) 

WinesModW<read.csv("/WinesModW.csv", row.names=1) 

stdevbyclassw <- read.csv("/stdevbyclassw.txt", header=FALSE, comment.char="#") 

profilebyclassw <- read.csv("/profilebyclassw.txt", header=FALSE) 

A<-WinesModW 

B<-profilebyclassw 

 

D<- stdevbyclassw  

above<-A 

below<-A 

Pabove<- A 

Pbelow<- A 

Pabove<-Pabove[1:nrow(A), 1:nrow(B)] 

Pbelow<-Pbelow[1:nrow(A), 1:nrow(B)] 

C<-Pabove 

ClasseWine<-Pabove 

      for (i in 1:4898) 

{  

for (j in 1:7) 

  { 

        for (k in 1:11) 

        { 

         below[j,k]<-pnorm(B[j,k],A[i,k],D[j,k]) 

         above[j,k]<-1-pnorm(B[j,k],A[i,k],D[j,k]) 

       } 

 Pbelow[i,j]<-prod(below[j,]) 

           Pabove[[i,j]]<-prod(above[j,]) 

} 

} 

View(Pabove) 

View(Pbelow) 

C<-abs(Pabove-Pbelow) 

View(C) 

for (i in 1:nrow (A)) 

{ 

 for (j in 1:nrow (B)) 

  { 

ClasseWine[i,j]<-ifelse (abs(C[i,j])==min(abs(C[i,])),10-j, ":") 

} 

} 

View(ClasseWine) 

write.csv(ClasseWine, file="ClasseWineWhite.csv") 

 

 

 

 

 

B.2 CPP-Tri plus Attribute Selection (CPP-TRI-AS) 

Data is processed with Rstudio, Version 0.99.485 – © 2009-2015 RStudio, Inc. 
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Red wines 

Input files: dataset – WineModAS.csv ;  

                                 stdevbyclassAS.txt 

            profilebyclassAS.txt 

Output file: ClasseWineAS.csv 

Attributes are selected : g2,g7,g10 and g11   

 

WinesModAS <- read.csv("WinesModAS.csv", row.names=1) 

stdevbyclassAS<- read.table("stdevbyclassAS.txt", quote="\"", comment.char="") 

profilebyclassAS <- read.table("profilebyclassAS.txt", quote="\"", comment.char="") 

A<-WinesModAS 

B<-profilebyclassAS 

D<-stdevbyclassAS 

above<-A 

below<-A 

Pabove<- A 

Pbelow<- A 

Pabove<-Pabove[1:nrow(A), 1:nrow(B)] 

Pbelow<-Pbelow[1:nrow(A), 1:nrow(B)] 

C<-Pabove 

ClasseWine<-Pabove 

for (i in 1:1599) 

{ 

for (j in 1:6) 

{ 

for (k in 1:4) 

{ 

above[j,k]<-pnorm(B[j,k],A[i,k],D[j,k]) 

 below[j,k]<-1-pnorm(B[j,k],A[i,k],D[j,k]) 

} 

Pabove[i,j]<-prod(above[j,]) 

Pbelow[[i,j]]<-prod(below[j,]) 

} 

} 

View(Pabove) 

View(Pbelow) 

C<-abs(Pabove-Pbelow) 

View(C) 

for (i in 1:nrow (A)) 

{ 

for (j in 1:nrow (B)) 

{ 

ClasseWine[i,j]<-ifelse (abs(C[i,j])==min(abs(C[i,])), 9-j, ":") 

} 

} 

View(ClasseWine) 

write.csv(ClasseWine, file="ClasseWineAS.csv") 

file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/CPP-TRI-AS/WinesModAS.csv
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/CPP-TRI-AS/stdevbyclassAS.txt
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/CPP-TRI-AS/profilebyclassAS.txt
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/CPP-TRI-AS/ClasseWineAS.csv
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White wines 

Attributes selected : ReliefF(g11, g2, g9, g10, g1, g7) 

 

Input files: dataset – WineModWReliefF.csv 

                                 stdevWReliefF.csv 

            profileWReliefF.csv 

Output file: ClasseWineWReliefF.csv 

 

WineModWReliefF <- read.csv("/WineModWReliefF.csv", row.names=1) 

stdevWReliefF <- read.csv("/stdevWReliefF.csv", row.names=1) 

profileWReliefF <- read.csv("/profileWAReliefF.csv", row.names=1) 

A<-WinesModWReliefF 

B<-profileWReliefF 

D<-stdevReliefF 

above<-A 

below<-A 

Pabove<- A 

Pbelow<- A 

Pabove<-Pabove[1:nrow(A), 1:nrow(B)] 

Pbelow<-Pbelow[1:nrow(A), 1:nrow(B)] 

C<-Pabove 

ClasseWine<-Pabove 

for (i in 1:4898) 

{ 

        for (j in 1:7)   

    { 

                for (k in 1:6) 

                 { 

                        below[j,k]<-pnorm(B[j,k],A[i,k],D[j,k]) 

                        above[j,k]<-1-pnorm(B[j,k],A[i,k],D[j,k]) 

        } 

         

         Pbelow[i,j]<-prod(below[j,]) 

                Pabove[[i,j]]<-prod(above[j,]) 

            } 

    } 

View(Pabove) 

View(Pbelow) 

C<-abs(Pabove-Pbelow) 

View(C) 

for (i in 1:nrow (A)) 

{ 

     

    for (j in 1:nrow (B))      

    { 

file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/CPP-TRI-AS-W/ReliefF/WineModWReliefF.csv
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/CPP-TRI-AS-W/ReliefF/stdevWReliefF.csv
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/CPP-TRI-AS-W/ReliefF/profileWReliefF.csv
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/CPP-TRI-AS-W/ReliefF/ClasseWineWhiteReliefF.csv
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                ClasseWine[i,j]<-ifelse (abs(C[i,j])==min(abs(C[i,])),10-j, ":") 

    } 

} 

 

View(ClasseWine) 

write.csv(ClasseWine, file="ClasseWineWReliefF.csv") 

 
 
 
Attributes selected : CFS(g2, g3, g5, g6, g8, g11) 

 

Input files: dataset – WineModWCFS.csv 

                                 stdevWCFS.csv 

            profileWCFS.csv 

Output file: ClasseWineWCFS.csv 

 
 

WineModWCFS <- read.csv("/WineModWCFS.csv", row.names=1) 

stdevWCFS <- read.csv("/stdevWCFS.csv", row.names=1) 

profileWCFS<- read.csv("/profileWCFS.csv", row.names=1) 

A<-WinesModWCFS 

B<-profileWCFS 

D<-stdevWCFS 

above<-A 

below<-A 

Pabove<- A 

Pbelow<- A 

Pabove<-Pabove[1:nrow(A), 1:nrow(B)] 

Pbelow<-Pbelow[1:nrow(A), 1:nrow(B)] 

C<-Pabove 

ClasseWine<-Pabove 

for (i in 1:4898) 

{ 

        for (j in 1:7)   

    { 

                for (k in 1:6) 

                 { 

                        below[j,k]<-pnorm(B[j,k],A[i,k],D[j,k]) 

                        above[j,k]<-1-pnorm(B[j,k],A[i,k],D[j,k]) 

        } 

         

         Pbelow[i,j]<-prod(below[j,]) 

                Pabove[[i,j]]<-prod(above[j,]) 

            } 

    } 

View(Pabove) 

View(Pbelow) 

file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/CPP-TRI-AS-W/ReliefF/WineModWReliefF.csv
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/CPP-TRI-AS-W/ReliefF/stdevWReliefF.csv
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/CPP-TRI-AS-W/ReliefF/profileWReliefF.csv
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/CPP-TRI-AS-W/ReliefF/ClasseWineWhiteReliefF.csv
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C<-abs(Pabove-Pbelow) 

View(C) 

for (i in 1:nrow (A)) 

{ 

    for (j in 1:nrow (B))      

    { 

    ClasseWine[i,j]<-ifelse (abs(C[i,j])==min(abs(C[i,])),10-j, ":") 

    } 

} 

 

View(ClasseWine) 

write.csv(ClasseWine, file="ClasseWineWCFS.csv") 

 
 
 
Attribute Selection(INVERSE) plus CPP-Tri  

 

Red wines 

Input files: WinesInverseRed.csv 

         profileInverseRed.csv 

         stdevInverseRed.csv 

Output file: ClassewineInverseRed.csv 

 

Attribute Selected : g4,g9,g1 and g6 
 

WinesInverseRed <- read.csv("WinesInverseRed.csv", row.names=1) 

profileInverseRed <- read.csv("profileInverseRed.csv", row.names=1) 

stdevInverseRed <- read.csv("stdevInverseRed.csv", row.names=1) 

A<-WinesInverseRed 

B<-profileInverseRed 

D<-stdevInverseRed 

above<-A 

below<-A 

Pabove<- WinesMod 

Pbelow<- WinesMod 

Pabove<-Pabove[1:nrow(A), 1:nrow(B)] 

Pbelow<-Pbelow[1:nrow(A), 1:nrow(B)] 

C<-Pabove 

ClasseWine<-Pabove 

for (i in 1:1599) 

{ 

        for (j in 1:6)   

    { 

                for (k in 1:4) 

                 { 

                        below[j,k]<-pnorm(B[j,k],A[i,k],D[j,k]) 

                        above[j,k]<-1-pnorm(B[j,k],A[i,k],D[j,k]) 

file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/Inverse/ClasseWineInverseRed.csv
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/Inverse/profileInverseRed.csv
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/Inverse/stdevInverseRed.csv
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/Inverse/ClasseWineInverse.csv
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        } 

         

         Pbelow[i,j]<-prod(below[j,]) 

                Pabove[[i,j]]<-prod(above[j,]) 

            } 

    } 

View(Pabove) 

View(Pbelow) 

C<-abs(Pabove-Pbelow) 

View(C) 

for (i in 1:nrow (A)) 

{ 

    for (j in 1:nrow (B))      

    { 

    ClasseWine[i,j]<-ifelse (abs(C[i,j])==min(abs(C[i,])),9-j, ":") 

    } 

} 

 

View(ClasseWine) 

write.csv(ClasseWine, file="ClasseWineInverseRed.csv") 
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APPENDIX C 

Data Mining – Clustering task - Kmeans  
 

Datasets Normalization 

 

Red Wines 

 

Normalization 

 

Input file: winequality.red 

Output file: winequality.redC 

winequality.redC<-winequality.red 

for (g in 1:11) 

    { 

     winequality.redC[g]<-(winequality.red[g]/(max(winequality.red[g]))) 

   } 

write.csv(winequality.redC, file="winequality.redC.csv") 

 

Clustering 

install.packages("RWeka") 

library("RWeka") 

Input file: winequality.redC 

Output file:  

##N=6: Number of Clusters 

clus6Red<-SimpleKMeans(winequality.redC[,-12],Weka_control(N=6)) 

cluster6Red<-winequality.redC 

cluster6Red['cluster']<-clus6Red$class_ids 

write.csv(cluster6Red, file="cluster6Red.csv") 

 

 

 

 

 

 

 

 

file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/RedWine/cluster
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster
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##N=5: Number of Clusters 

clus5Red<-SimpleKMeans(winequality.redC[,-12],Weka_control(N=5)) 

cluster5Red<-winequality.redC 

cluster5Red['cluster']<-clus5Red$class_ids 

write.csv(cluster5Red, file="cluster5Red.csv") 

 

 

##N=4: Number of Clusters 

clus4Red<-SimpleKMeans(winequality.redC[,-12],Weka_control(N=4)) 

cluster4Red<-winequality.redC 

cluster4Red['cluster']<-clus4Red$class_ids 

write.csv(cluster4Red, file="cluster4Red.csv") 

 

 

 

Clustering plus CPP-TRI 

 

K=6 

Input files: winequality.redClusterG (with clusters ordered - renamed)  

clusterprofile6.csv  

clusterstdev6.csv 

Output file: ClusterCPP6.red 

## i = instance index ( 1 to 1599) 

## j = cluster( 1 to 6) 

## k = criterion index ( 1 to 11) 

winequality <- read.csv("winequality.redClusterG", row.names=1) 

clusterprofile6<-read.table("clusterprofile6.csv", quote="\"", comment.char="") 

clusterstdev6<-read.table("clusterstdev6.csv",quote="\"", comment.char="") 

A<-winequality 

B<-  clusterprofile6 

D<- clusterstdev6 

above<-A 

below<-A 

Pabove<- A 

Pbelow<- A 

Pabove<-Pabove[1:nrow(A), 1:nrow(B)] 

Pbelow<-Pbelow[1:nrow(A), 1:nrow(B)] 

C<-Pabove 

ClasseWine<-Pabove 

for (i in 1:1599) 

file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/winequality.redClusterG.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/clusterprofile6.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/clusterprofile6.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/clusterstdev6.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/clusterstdev6.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/ClusterCPP.red.csv
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 { 

  for (j in 1:6) 

   { 

for (k in 1:11) 

{ 

    below[j,k]<-pnorm(B[j,k],A[i,k],D[j,k]) 

   above[j,k]<-1-pnorm(B[j,k],A[i,k],D[j,k]) 

} 

Pbelow[i,j]<-prod(below[j,]) 

Pabove[[i,j]]<-prod(above[j,]) 

} 

} 

View(Pabove) 

View(Pbelow) 

C<-abs(Pabove-Pbelow) 

 View(C) 

for (i in 1:nrow (A)) 

{ 

for (j in 1:nrow (B)) 

{ 

ClasseWine[i,j]<-ifelse (abs(C[i,j])==min(abs(C[i,])), 9-j, ":") 

} 

} 

View(ClasseWine) 

write.csv(ClasseWine, file="ClusterCPP6.Red") 
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K=5 

Input files:  

Cluster5TRed.csv (with clusters ordered – renamed: C1 to C5; C4 to C4; C2 to C3; C0 to C2; 

and C3 to C1). 

clusterprofile5.csv  

clusterstdev5.csv 

Output file: ClusterCPP5.red 

## i = instance index ( 1 to 1599) 

## j = cluster( 1 to 5) 

## k = criterion index ( 1 to 11) 

Cluster5TRed <- read.csv("Cluster5TRed.csv", row.names=1) 

clusterprofile5 <- read.csv("clusterprofile5.csv", row.names=1) 

clusterstdev5 <- read.delim("clusterstdev5.csv", header=FALSE) 

 

A<-Cluster5TRed 

B<-  clusterprofile5 

D<- clusterstdev5 

above<-A 

below<-A 

Pabove<- A 

Pbelow<- A 

Pabove<-Pabove[1:nrow(A), 1:nrow(B)] 

Pbelow<-Pbelow[1:nrow(A), 1:nrow(B)] 

C<-Pabove 

ClasseWine<-Pabove 

for (i in 1:1599)  

 { 

  for (j in 1:5) 

   { 

for (k in 1:11) 

{ 

    below[j,k]<-pnorm(B[j,k],A[i,k],D[j,k]) 

   above[j,k]<-1-pnorm(B[j,k],A[i,k],D[j,k]) 

} 

Pbelow[i,j]<-prod(below[j,]) 

Pabove[[i,j]]<-prod(above[j,]) 

} 

} 

View(Pabove) 

file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/5/Cluster5TRed.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/5/clusterprofile5.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/5/clusterprofile5.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/5/clusterstdev5.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/5/clusterstdev5.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/5/ClusterCPP5.Red
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View(Pbelow) 

C<-abs(Pabove-Pbelow) 

  

for (i in 1:nrow (A)) 

{ 

for (j in 1:nrow (B)) 

{ClasseWine[i,j]<-ifelse (abs(C[i,j])==min(abs(C[i,])), 6-j, ":")} 

} 

View(ClasseWine) 

write.csv(ClasseWine, file="ClusterCPP5.Red.") 
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K=4 

Input files: cluster4TRed.csv (with clusters ordered - renamed)  

clusterprofile4.csv  

clusterstdev4.csv 

Output file: ClusterCPP4.csv 

## i = instance index ( 1 to 1599) 

## j = cluster( 1 to 4) 

## k = criterion index ( 1 to 11) 

cluster4TRed <- read.csv("Cluster4TRed.csv", row.names=1,sep=";") 

clusterprofile4 <- read.delim("clusterprofile4.csv", header=FALSE, comment.char="#") 

clusterstdev4 <- read.delim("clusterstdev4.csv", header=FALSE) 

A<-cluster4TRed 

B<-  clusterprofile4 

D<- clusterstdev4 

above<-A 

below<-A 

Pabove<- A 

Pbelow<- A 

Pabove<-Pabove[1:nrow(A), 1:nrow(B)] 

Pbelow<-Pbelow[1:nrow(A), 1:nrow(B)] 

C<-Pabove 

ClasseWine<-Pabove 

for (i in 1:1599)  

 { 

  for (j in 1:4) 

   { 

for (k in 1:11) 

{ 

    below[j,k]<-pnorm(B[j,k],A[i,k],D[j,k]) 

   above[j,k]<-1-pnorm(B[j,k],A[i,k],D[j,k]) 

} 

Pbelow[i,j]<-prod(below[j,]) 

Pabove[[i,j]]<-prod(above[j,]) 

} 

file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/4/cluster4TRed.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/4/clusterprofile4.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/4/clusterprofile4.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/4/clusterstdev4.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/4/clusterstdev4.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/4/ClusterCPP4.csv
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} 

C<-abs(Pabove-Pbelow) 

for (i in 1:nrow (A)) 

{ 

for (j in 1:nrow (B)) 

{ClasseWine[i,j]<-ifelse (abs(C[i,j])==min(abs(C[i,])), 5-j, ":")} 

} 

View(ClasseWine) 

write.csv(ClasseWine, file="ClusterCPP4.csv") 
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Whitie Wines 

Normalization 

Input file: winequality.white 

Output file: winequality.whiteC 

winequality.whiteC<-winequality.white 

for (g in 1:11) 

    {     winequality.whiteC[g]<-(winequality.white[g]/(max(winequality.white[g]))) 

   } 

write.csv(winequality.whiteC, file="winequality.whiteC.csv") 

 

Clustering 

install.packages("RWeka") 

library("RWeka") 

Input file: winequality.whiteC 

Output file:  

##N=7: Number of Clusters(original Class) 

clus7white<-SimpleKMeans(winequality.whiteC[,-12],Weka_control(N=7)) 

cluster7white<- winequality.whiteC 

cluster7white['cluster']<-clus7white$class_ids 

write.csv(cluster7white, file="cluster7white.csv") 

 

 

##N=6: Number of Clusters 

clus6white<-SimpleKMeans(winequality.whiteC[,-12],Weka_control(N=6)) 

cluster6white<- winequality.whiteC 

cluster6white['cluster']<-clus6white$class_ids 

write.csv(cluster6white, file="cluster6white.csv") 

 

##N=5: Number of Clusters 

clus5white<-SimpleKMeans(winequality.whiteC[,-12],Weka_control(N=5)) 

cluster5white<- winequality.whiteC 

cluster5white['cluster']<-clus5white$class_ids 

write.csv(cluster5white, file="cluster5white.csv") 

 

 

 

 

file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/winequality.white
file:///C:/Users/Glauco/AppData/Roaming/Microsoft/Word/WhiteWine/Cluster/winequality.whiteC.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/winequality.whiteC.csv
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Clustering plus CPP-TRI 

 

K=7 

Input files: winequality.cw7 ; clusterw7profile.csv ; stdevclusterw7.txt 

Output file: cluster7CPP.white 

## i = instance index ( 1 to 4898) 

## j = classe index ( 1 to 7) 

## k = criterion index ( 1 to 11) 

winequality.cw<read.csv("/winequality.cw7", row.names=1) 

stdevclusterw7 <- read.csv("/stdevbyclassw.txt", header=FALSE, comment.char="#") 

clusterw7profile <- read.csv("clusterw7profile.csv ", header=FALSE) 

A<-winequality.cw 

B<- clusterw7profile 

D<- stdevclusterw7 

above<-A 

below<-A 

Pabove<- A 

Pbelow<- A 

Pabove<-Pabove[1:nrow(A), 1:nrow(B)] 

Pbelow<-Pbelow[1:nrow(A), 1:nrow(B)] 

C<-Pabove 

ClasseWine<-Pabove 

      for (i in 1:4898) 

{  

for (j in 1:7) 

  { 

        for (k in 1:11) 

        { 

         below[j,k]<-pnorm(B[j,k],A[i,k],D[j,k]) 

         above[j,k]<-1-pnorm(B[j,k],A[i,k],D[j,k]) 

       } 

 Pbelow[i,j]<-prod(below[j,]) 

           Pabove[[i,j]]<-prod(above[j,]) 

} 

} 

C<-abs(Pabove-Pbelow) 

View(C) 

for (i in 1:nrow (A)) 

{ 

 for (j in 1:nrow (B)) 

  { 

ClasseWine[i,j]<-ifelse (abs(C[i,j])==min(abs(C[i,])),10-j, ":") 

} 

} 

View(ClasseWine) 

write.csv(ClasseWine, file="cluster7CPP.white") 

 

 

file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/winequality.cw7
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/clusterw7profile.txt
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/stdevclusterw7.txt
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/stdevclusterw7.txt
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/ClusterCPP.red.csv
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K=6 

Input files: cluster6Twhite.csv (with clusters ordered - renamed) 

clusterprofile6w.csv  

stdevcluster6w.csv 

Output file: clusterCPP6.white 

 

## i = instance index ( 1 to 4898) 

## j = classe index ( 1 to 6) 

## k = criterion index ( 1 to 11) 

cluster6Twhite<read.csv("cluster6Twhite", row.names=1) 

stdevcluster6w <- read.csv("/stdevcluster6w", header=FALSE, comment.char="#") 

clusterprofile6w <- read.csv("clusterprofile6w.csv ", header=FALSE) 

A<- cluster6Twhite 

B<- clusterprofile6w 

D<- stdevcluster6w 

above<-A 

below<-A 

Pabove<- A 

Pbelow<- A 

Pabove<-Pabove[1:nrow(A), 1:nrow(B)] 

Pbelow<-Pbelow[1:nrow(A), 1:nrow(B)] 

C<-Pabove 

ClasseWine<-Pabove 

      for (i in 1:4898) 

{  

for (j in 1:6) 

  { 

        for (k in 1:11) 

        { 

         below[j,k]<-pnorm(B[j,k],A[i,k],D[j,k]) 

         above[j,k]<-1-pnorm(B[j,k],A[i,k],D[j,k]) 

       } 

 Pbelow[i,j]<-prod(below[j,]) 

           Pabove[[i,j]]<-prod(above[j,]) 

} 

} 

C<-abs(Pabove-Pbelow) 

View(C) 

for (i in 1:nrow (A)) 

{ 

 for (j in 1:nrow (B)) 

  { 

ClasseWine[i,j]<-ifelse (abs(C[i,j])==min(abs(C[i,])),7-j, ":") 

} 

} 

View(ClasseWine) 

write.csv(ClasseWine, file="clusterCPP6white.csv") 

file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/winequality.cw7
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/6/clusterprofile6w.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/6/clusterprofile6w.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/6/stdevcluster6w.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/6/stdevcluster6w.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/ClusterCPP.red.csv
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K=5 

Input files: cluster5Twhite.csv (with clusters ordered - renamed) 

clusterprofile5w.csv  

stdevcluster5w.csv 

Output file: clusterCPP5.white 

 

## i = instance index ( 1 to 4898) 

## j = classe index ( 1 to 5) 

## k = criterion index ( 1 to 11) 

cluster5Twhite<read.csv("cluster5Twhite", row.names=1) 

stdevcluster5w <- read.csv("/stdevcluster5w", header=FALSE, comment.char="#") 

clusterprofile5w <- read.csv("clusterprofile5w.csv ", header=FALSE) 

A<- cluster5Twhite 

B<- clusterprofile5w 

D<- stdevcluster5w 

above<-A 

below<-A 

Pabove<- A 

Pbelow<- A 

Pabove<-Pabove[1:nrow(A), 1:nrow(B)] 

Pbelow<-Pbelow[1:nrow(A), 1:nrow(B)] 

C<-Pabove 

ClasseWine<-Pabove 

      for (i in 1:4898) 

{  

for (j in 1:5) 

  { 

        for (k in 1:11) 

        { 

         below[j,k]<-pnorm(B[j,k],A[i,k],D[j,k]) 

         above[j,k]<-1-pnorm(B[j,k],A[i,k],D[j,k]) 

       } 

 Pbelow[i,j]<-prod(below[j,]) 

           Pabove[[i,j]]<-prod(above[j,]) 

} 

} 

C<-abs(Pabove-Pbelow) 

View(C) 

for (i in 1:nrow (A)) 

{ 

 for (j in 1:nrow (B)) 

  { 

ClasseWine[i,j]<-ifelse (abs(C[i,j])==min(abs(C[i,])),6-j, ":") 

} 

} 

View(ClasseWine) 

write.csv(ClasseWine, file="clusterCPP5white.csv") 

file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/winequality.cw7
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/6/clusterprofile6w.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/6/clusterprofile6w.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/6/stdevcluster6w.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/WhiteWine/Cluster/6/stdevcluster6w.csv
file:///C:/Users/Glauco/Desktop/Entrega_Tese2016/RedWine/cluster/ClusterCPP.red.csv

