dulnnoayanait wszeenndimanizly

U A a Y =§
mmmmmmuamamﬂamﬂﬂmm%mmn

A FREQUENCY-BASED CONCEPT SIMILARITY MEASURE

TRIRINm

T133776

510501 Nasail

JIRAPOND TADRAT

N ea%%
PSHLEH
3R i!l"l 2*2\67‘[/

e 133776,
ﬁlnulﬂtLlL&LEl.LJanp25§1.

b A4 3100 %

‘ ------------------ ssee

INLUNUS ﬁﬁm%’umsﬁmslmmﬂé’ngﬂstﬁqltmﬂ%’myﬂyﬁﬁmﬁﬂ

Q

a a a d =
MUV INNNIADUNAND S

a d
A INeNMans
amifumalulagnszeeunduinammsaiansziia
W.f1. 2554

KMITL - 2011 -SC-D - 002 - 026




A FREQUENCY-BASED CONCEPT SIMILARITY MEASURE

JIRAPOND TADRAT

A THESIS SUBMITTED IN FULFILLMENT
OF THE REQUIREMENT FOR THE DEGREE OF
DOCTOR OF PHILOSOPHY IN COMPUTER SCIENCE
FACULTY OF SCIENCE
KING MONGKUT’S INSTITUTE OF TECHNOLOGY LADKRABANG
2011
KMITL-2011-SC-D-002-026



COPYRIGHT 2011
FACULTY OF SCIENCE

KING MONGKUT’S INSTITUTE OF TECHNOLOGY LADKRABANG



v Y a a i o A a Y] =
Yo nentinus maTiannumtounauiauuuldanus
Wnfnen uNEINsel Nasail
stailszding 49062904
Uayan PSayanaufiudia
N InensaeuRIne;
A 2554
9’4; a a d w . Y o
2105ty dInenfinusnsn 37, A3. 352 Yo

UNAALD

s A @

a Ja o Y v d 9 Y vy =t
U7 UNIJ'N]QﬂigﬁﬂﬂlWﬂWﬁN'LnIﬂ5\1ﬁﬁ'l\3ﬂ']i‘!]ﬂlﬂ‘ﬂﬂ'J'lllg‘llﬂ@ﬂ']iﬂ'l\uﬁﬂﬂﬁﬂjﬂﬂim

a o a Jd 9/ 9 ¥ o [ o o s
‘ﬁﬂ‘]i'JLﬂi‘l?&ﬁlLu'JﬂﬂLlﬂUﬂﬂsuaﬂlﬂﬂﬂﬂHﬁuTﬂiSQﬂﬂ1‘15 MUIUNITIAUNUAAY

[
o/ g’l [

4 o a o [ o o
anu Tiitunsdinseddeyalieglugluuyddus nennsaeivayumsudlam

Y Y a o Y o gy ad o Yy
qlﬂ\iﬂ]if]‘]\uﬁﬂwaﬂjﬂﬂim @fﬂ\i‘lﬁﬂﬂ1N1ﬂ53ﬁ513ﬂwmu1uﬂ9\3ﬂ153ﬁ ANINNA[ 1IN

° 4 9o as by P t o 2’, a o g Y o ast w 9
Tunzielddmiunsuddamvenstilni duiuauisel Idheue s annunde
' o ' o Yo Y P o o Yy A ad e -
gvannsdllmivaznstiune Idsunsudlaymifignifu 13 luadinn? iwemnsdifiei
uifidgi Indifesunsdi lminniga lumsiszdudseand amvesTifiuavely
g Yt @ o ' Sladd' o e 9 dul
il “lﬂumswmmizuumsmuuﬂnquiﬂﬂ‘lmmuuﬁuauazuwagammgmmﬂgm 9
A 9y o 9/ P o A w o Y a ]
WoNATILANNYNABIYRINITUUNTBYA uaziSsuReududua nadwitaaslfifiun

ady

PR o aaw dy Y] 9 o 9 At 1 adé'l
ﬁ'i’l‘l‘l'llﬁl‘lﬂclu\ﬂu?ﬁ]ﬂuﬁ'lll'l‘iﬂﬂi‘ijll'g'ﬁﬂ'ﬂngﬂﬁﬂﬁﬂlﬂﬂﬂ']iﬂ'll!uﬂ‘il'é]gﬁulﬂﬂﬂ?'nﬁﬂu”]



Thesis Title A Frequency-Based Concept Similarity Measure

Student Miss Jirapond Tadrat

Student ID. 49062904

Degree Doctor of Philosophy

Programme Computer Science

Year 2011

Thesis Advisor Assoc. Prof. Dr. Veera Boonjing
ABSTRACT
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CHAPTER 1

INTRODUCTION

1.1 Statements of Problem

A case-based reasoning (CBR) [2, 3, 18, 27] is a method to problem solving that learns
from prior experiences. The tasks of CBR system are often divided into; classification and
problem-solving CBR [18]. Classification CBR uses previous cases as reference points for new
problem. In contrast, problem-solving CBR uses previous cases to suggest the most applicable
solutions to new situation. Both tasks store a set of pairs’ problem descriptions and solution in
their knowledge base for reusing in the future. Traditional CBR consists of four steps [2, 18] as
follows: retrieve the most similar cases, reuse existing knowledge of previous cases to solve new
problem, revise suggested solutions and retain useful parts of this experience for future problem

solving as shown Fig. 1.1.

KNOWLEDGE )

=, VIl L

Suggested
Solution

Figure 1.1 System overview of CBR process (adapted from [2])

The structure of knowledge base that directly supports four steps above will make a great
effect on efficiency and performance of CBR. Formal concept analysis (FCA) can elicit

knowledge embedded in previous cases to solve new problems. FCA is especially well-suited to



support CBR system when problem at hand involving hierarchical structure [7]. In addition,
implication drawn from FCA can suggest solutions from dependency inside knowledge base [25].
Thus, we apply FCA to build a knowledge base for CBR. Nevertheless, the knowledge base
obtained from FCA technique, called concept lattice, requires a specific retrieval process to solve
new problem. Mostly, traditional similarity measures of FCA are based on set theory and
consider two formal concepts as binary weighting (e.g., [4], [20], [31]). However, weights
determined from all contents should be considered to enhance precision and recall of the retrieved

formal concept. Hence, we propose a new similarity measure to serve this objective.

1.2 Research Objectives

The main objective of this thesis is to develop a better knowledge base by using FCA and
propose its new similarity measure based on appearance frequency of formal concepts for CBR.
The first goal of the thesis is illustrated by implementing in a part of CBR system for both
classification and problem-solving tasks. The second goal is demonstrated by reﬁ‘ieving cases in

classification CBR task to show more accuracy classification.

1.3 Scope of Thesis

The scopes of the study are:

1. The proposed system employs a concept lattice in FCA as a knowledge structure. A
concept lattice is discussed to be useful in knowledge construction both classification CBR and
problem-solving CBR.

2. A case based classification is implemented for demonstrating classification accuracy
by using the UCI benchmark data sets.

3. The proposed retrieval method uses a new concept similarity measure based on
appearance frequency of formal concepts.

4. The proposed similarity measure is compared with other similarity measures based on

FCA.

1.4 Results

The benefits of the research are as follows:



. A better knowledge base by using formal concept analysis is proposed to support
CBR. Experimental results are also included to demonstrate the applicability of this construction
for both classification and problem-solving in CBR.

2. Dependency induced from our concept lattice knowledge base can help to suggest
informative solutions for problem-solving CBR.

3. Concept lattice knowledge base provides more accuracy classification for hierarchical
data structure when compariﬁg with non-hierarchical data structure.

4. The proposed similarity measure is introduced. Experiment results on standard data
sets show that the new similarity measure gives classification accuracy better than existing

similarity measures.

1.5 Research Methodology

A part of classification CBR system based on concept lattice knowledge base in this
research is implemented. Afterwards, the proposed similarity measure and other similarity
measures are used to retrieve previous experience in concept lattice for solving new problem.
Several benchmark data sets from the UCI repository are used to evaluate classification accuracy
of implemented system. In addition, the proposed similarity measure is compared with other

existing similarity measures to show our retrieval performance.

1.6 Organization of Thesis

The remaining chapters of this thesis are organized in the following way.

Chapter 2 provides background of CBR and FCA. In addition, related works are
reviewed. They are classified into two groups: (1) knowledge representation and (2) FCA and
similarity measures in CBR. In particular, current research based on the proposed methods is
discussed.

Chapter 3 presents FCA knowledge base supporting CBR system with a frequency-based
concept similarity measure.

Chapter 4 contains experimental evaluation. This chapter shows experiment results and
their analysis.

Chapter 5 presents conclusion and recommendation.



CHAPTER 2

LITERATURE REVIEWS

This chapter provides background of CBR and FCA as presented in Section 2.1. Related
works are reviewed for knowledge representation is Section 2.2. In Section 2.3, we briefly review
case based classification system. Section 2.4 presents FCA and similarity measures in CBR. In

particular, current research based on the proposed methods is discussed.
2.1 Backgrounds

This section addresses background of CBR and an overview of its methodology. In the
mean time, a motivation of building a better CBR is pointed. In additidn, theoretical background
of FCA is described. These definitions and theories are applied in this research to enhance overall

performances of the system.

2.1.1 Case-Based Reasoning

A case-based reasoning (CBR) [2, 3, 18, 27] is a method to problem solving that learns
from prior experiences. A single case represents specific knowledge tie to a context. Several cases
are stored in the case base. The case base (after several learning experiences) will be constructed
as the knowledge base. A CBR system uses this knowledge base for the future problem solving.
Traditional CBR processes as illustrated in Fig. 1.1 are (i) retrieving from previous cases, (ii)
reusing the information in that case, (iii) revising the solution and (iv) retaining a new experience
into the knowledge base [2, 18].

From Fig. 1.1, an initial description of a problem defines a new case. Retrieval process is
the first step that matches a (partial) problem description (or new case) with previous cases for
finding the most similar case. An efficient retrieval method is a method that retrieves the best
matching case without calculating every similarity between a new problem and each case in
knowledge base. Next, reusing and revising process will combine retrieved case and new problem
to present solution. Finally, a new experience is retained each time a problem has been solved,

making it immediately available for future problems. Each new experience is gradually increased



into knowledge base. It is possible that redundancy of cases may affect to effective recall. Thus,
construction of knowledge base is a key success for a CBR system.

CBR is a recent approach to problem solving and learning that has got a lot of attention
over the last few years. The tasks of CBR system are often divided into; interpretive CBR (or
classification CBR) and problem-solving CBR [3, 18, 27]. Classification CBR uses previous
cases as reference points for new situation. In contrast, problem-solving CBR uses previous cases
to only suggest the most applicable solutions to new situation. Both tasks store cases that are the
properties as well as problem descriptions and its solution in knowledge base for reusing in the
future.

For this thesis, classification CBR task is referred to as a case based classification. Case
based classification is a method classifying an unlabeled case (new problem) by retrieving the
most similar case and reusing its class label. It can solve new problem while knowledge base is
gradually increased by nature. In contrast, some classification techniques (e.g., rule-based
classifier) hardly extend or refine their process during problem solving stage. Traditionally, the
incremental knowledge base of case based classification is based on record-cases that face to
time- and space-consuming for both construction and problem solving stages. Moreover, the
sequentially matching between new problem and record-cases results in only one case. This single
solution requires solution fix and causes more difficulties in the reusing step. Therefore, a suitable
solution to these problems is a well-organized knowledge structure together with incremental
nature. Towards this goal, FCA will be employed to build a knowledge base in concept lattice

format described in the next section.

2.1.2 Formal Concept Analysis

Formal concept analysis (FCA) [15, 16, 42], invented by Rudolf Wille, is not only a
method for data analysis and knowledge representation, but also a formal formulation for concept
formation and learning. It is widely used for information science to describe natural attributes of
information representation in hierarchical structure model [26]. It provides relationship of
generalization and specialization among concepts through concept lattice [7]. Practically, FCA
starts with a formal context which contains values 0 or | in an information system. Below, we

introduce basic definitions and idea of FCA taken from [16].



Definition 1. 4 formal context K:= (G, M, I) consists of two sets G and M and a relation I
between G and M. The elements of G are called the objects and the elements of M are called the
attributes of the context. In order to express that an object g is in a relation I with an attribute m,

we write glm or (g,m) € I and read it as “the object g has the attribute m”.

Another form of formal context is called a cross table. It can be used to identify groups

of cases with share attributes in binary relation format. Fig. 2.1(a) shows an example of a formal

context in a cross table form.

albjlc|d
1 1 1 0 0
2 0 ] | 1
3 1 0 | 0
4 1 | 1 0
] 0 0 0 1
Bottom
a1 Formal context tb1 Concepr latrice

Figure 2.1 Knowledge representations from formal context into concept lattice

CBR system in this thesis, an object is represented with a case. Attributes are referred to
as sets of problem descriptions and solutions. A formal context is considered as a case base. This

research introduces definition of an association between object and its attributes as follows.

Definition 2. For a set A C G of objects, A'is defined as follows
A= {meM | gim forall gEA}.
Correspondingly, for a set B C M of attributes, B' is defined as follows
B':={g€G | glm for allmEB}.

Definition 3. 4 formal concept of the formal context (G, M, I) is a pair (4, B) with A C G,
B © M, A'=B and B'=A. We call A the extent and B the intent of the Jformal concept (4, B).

B(G, M, I) denotes the set of all formal concepts of the formal context (G, M, I).

Definition 4. If (4,,B,) and (4,,B,) are formal concepts of formal context K:= (G, M, ), (4 »B)
is called a subconcept of (4,,B,) (or (4,8,) is a superconcept of (4,,B,)), provide that A, C 4,

(or B, C B,) and is denoted by (A4,B,) <(A4,B,). The relation < is called the hierarchical order



(or simply order) of the formal concepts. The set of all formal concepts of (G, M, I) ordered in
this way denoted by B(G, M, I) and is called the concept lattice of the formal context (G, M, I).

The line diagram in Fig. 2.1(b) shows an example of the concept lattice for the formal
context in Fig. 2.1(a). It demonstrates 9 concepts. To extract knowledge for solving new problem,
The Basic Theorem on Concept Lattices (see more detail in [16]) is used. This theorem provides
implications between attributes that are used to identify solution in this work. It provides the

group of cases identified by attributes.

Theorem 1. (The Basic Theorem on Concept Lattice) Let T be an index set and, for every t € T.

The concept lattice B(G, M, I) is a complete lattice in which infimum and supremum are given

Aw=(()al)e))

teT teT LeET

\/ o0 = ((UAt)",nBt).

teT teT teT

by:

A complete lattice V is isomorphic to B(G, M, I), denoted by V = B(G, M, I), if and only if there
are mappings Y:G — V and f:M — V  such that 7(G) is supremum-dense in V., (M) is

infimum-dense in V and glm is equivalent to g < fim for all g€ GandallmeM.

The mappings g and fim in Theorem 1 indicate how formal context can be identified in

the concept lattice. This is elaborated by the following definition.

Definition 5. For an object geG we write g'instead of {g} for the object intent {m e M| glm}
of the object g. Correspondingly, m:={ge G |glm} is the attribute extent of the attribute m.
Retaining the symbols used in Theorem 1, we write yg for the object concept (g, g) and um for

the attribute concept (m, m).

FCA is begun with formal context which contains only 0 and 1. However, in real-world
data there are not only two values (0 or 1) in a database. This is called many-valued context

(Definition 6).



Definition 6. A many-valued context (G,M,W, ) consists of set of G,M and W and a ternary
relation | between G,M and W (ie, I cG X M X W) for which it holds that

(gmw) €land (g, mv) el always imply w = v,

The elements of G are called objects, those 'of M (many-valued) attributes and those of
Wattribute values. If W has n elements, it is called n-value context. We read (gmw) €l as
“the attribute m has the value w” for the object g. We write m(g) = w as (g, m, w) €l In
order to obtain a concept lattice from a many-valued context, there is to be transformed into

formal context. The transformation process is described by conceptual scales.

Definition 7. A scale for the attribute m of many-valued context is a (one-valued) context

Sy = (G, M, Iy) with m(G) € G,,. The objects of a scale are called scale values, the

attributes are called scale attributes.

The scales of each context are joined to make one-value context (formal context), which
the simplest method is called plain scaling. In plain scaling, the derived formal context is obtained
from many-valued context (G, M, W, I) and the scale contexts S,,,, m € M where the attribute set
of S, is replaced by M, := m X M,,. Thus, the new formal context (G,N,]) can derive from

many-valued context with respect to plain scaling with

N = U M,

meM

and gJ(m,n) :&= m(g) = w and wl,n.

In this thesis a many-valued is transformed from context into formal context form, called
conceptual scaling, for supporting FCA by using scale. In CBR, an implication between any two
attributes measures dependency by considering problem descriptions and solutions as
subconcepts and sﬁperconcepts, respectively. Let C and D be sets of problem descriptions and
solution where C,D € M, and C N D = @. An implication among attributes in M where M =

C U D, is a pair of subsets of M, denoted by C - D.

Proposition 1. An implication C —» D holds in (G, M, I) if and only if D€ C. It then

automatically holds in the set of all concept intents as well.



An implication C — D hold in (G, M,I) if and only if C — m holds for each m € D.
C — m hold if and only if (m,m) = (C,C), ie., if yum >A {un|n € C}. This means that we
have to check in a concept lattice whether the concept denoted by m is located above the infimum

of all formal concepts denoted by n from C.

2.2 Knowledge Representation

Traditional approaches of knowledge representation in CBR can be classified into many
categories such as feature vector representations, structured representations, textual
representations, and so on that are surveyed in [10, 12, 27). In general, these knowledge
representations require particular retrieval methods. For this reason, we review both knowledge
representation and its retrieval process. Both of them are usually regarded as the most important
features in the CBR cycle. They directly influence the validity and efficiency of CBR systems
[12, 18]. However, the proposed structure of knowledge base in this research involves feature
vector representations and structured representations. Thus, we only focus on both knowledge
representations in this section.

The first structure, feature vector representation, represents a case as attribute-value
pairs, collected in data table form or called exemplars. Similarity measure approaches in this
structure are based on distance concept between previous cases and new problem. This distance
concept generally gives similarity value in an interval [0, 1]. Usually the retrieved cases are k
most similar to the new problem, referred to k-nearest neighbor (k-NN). Thus, the similarity
measures for this structure will support the retrieval of the k cases that are maximally similar and
relevant to new problem. These similarity approaches are the basic technique to usefully apply for
retrieval in other structures [17, 21, 30, 32, 36]. For example in [6, 22, 34], the authors used a
similarity measure to assess relevant case and to collect the same group of problem descriptions.
Thus, when their systems retrieve more similar case to new problem, the relevant case will be
retrieved. Although, feature vector representation can retrieve k relevant cases, the inclusion of
structured representation will lead to obtain more useful knowledge.

Structure representation is another popular method to build case base structure in CBR
system. There are many approaches such as graph representation [8, 29], object-oriented
representation [3, 24, 39], and hierarchical representation [32]. More specifically, concept lattice

is one type of structure representation that will be described in the next subsection. For graph
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representation, the author used attribute graph to represent previous cases in course timetabling
problem domain [29]. Each case consists of node and edge where node represents course labels,
constrains of course and the number of period, and edge represents constrains of relation between
courses. Unfortunately, retrieved case leads to contradict of courses. This drawback may be due
to undirected graph. Next, Champin et al. [8] proposed similarity measure of directed graph. It
measures the similarity of two labeled graphs to identify their common features. Their proposed
model is a flexible model for knowledge similarity. It provides qualitative similarity information
which can be useful for further adaptation.

To capture both case and general knowledge, [3] proposed an object-oriented and frame-
based representation system. The author used similarity assessment in two-steps process. The first
step used similarity measure to retrieve a set of potentially similar cases. Next step, this set of
case was added to general domain knowledge and generated explanations for feature-to-feature
matches. In [24, 39], the authors used the concept of generalized cases based on an object-
oriented representation. The generalized cases cover a subspace of the problem-space. The
similarity assessment is derived from dependencies of the closely-related problem. In [24], the
authors formulated a similarity assessment for generalized cases described by continuous
attributes as a nonlinear programming problem and then applied an optimization-based retrieval
method. Tartakovski et al. [39] extended the case representation to support mixed, discrete, and
continuous attributes. They also formulated similarity assessment as a special case of a mixed
integer nonlinear optimization problem, and proposed an optimization-based retrieval method
operating on a given index structure.

For hierarchical representation, the problem descriptions are decomposed into
subproblems in [33]. A set of subproblems is separately solved and then recombined to produce a
suitable solution. An advantage of this representation is that it allows a whole case or its parts to
be accessed and used by the case-based reasoner, and the constraints can be used to guide
adaptation.

For another way of representation (e.g., logic representation, textual representation),
Meng et al. [23] represented cases with universal logic relation between attributes. They used
factor-structure connection and k-similarity to compare previous case and new problem. These
similarity approaches are suitable for qualitative or quantitative attributes. In [41], this paper
surveyed textual CBR that involved extraction of free text in each case to keywords

automatically. Next, these keywords are built into textual representation structure.
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2.3 Case Based Classification

Classification is one of an important task in the field of data mining due to its wide
application. The goal of classification is to build a concise model of the distribution of class labels
in term of predictor attributes, called classifier. The resulting classifier is then used to assign class
labels to the testing instances where the values of the predictor features are known, but the value
of the class label is unknown. A large number of techniques have been developed rapidly to
improve the accuracy of classification surveyed in [19]. Case based classification is one technique
to classify a new problem by retrieving the most similar case from a knowledge base and reusing
its class label. Mostly, traditional case-based classifier systems were developed based on
similarity function to retrieve prior cases. The goal of similarity-based classifier is to retrieve
previous cases to solve new problem. Jurisica et al. [17] proposed a case-based classifier system
called TA3. They used context-based similarity to retrieve relevant cases and then used them for
the classification task. Salamo et al. [30] developed a case based classifier system called
BASTIAN by using rough sets for weighting method and attribute reduction in the case base.

Case-based classification by FCA was also carried out. Belen et al. [7] used FCA as a’
complementary technique to enrich the domain taxonomy which provided facilitation and
suggestion the solution in new problem. In [38], the authors proposed a framework to construct
knowledge base in CBR system based on rough sets and FCA. Recently, they improved such
framework by using fuzzy sets [37]. The result is that the usage of fuzzy sets supports to build the
knowledge structure in FCA technique successfully. These frameworks were implemented and
applied successfully to achieve the rules from knowledge structure of FCA in [25, 35, 36]. The
advantages are alleviate overfitting problem, reduce cases and elicit attribute dependency in

knowledge base.

2.4 FCA and Similarity Measures

FCA is successfully applied in several CBR systems [6, 25, 36]. Belen et al. [6] utilized
FCA for problem solving CBR system. They report that FCA provided good facilitation and
suggestion of solutions for new problem. In [36, 38], the authors proposed knowledge base
construction in a CBR system using FCA. Nevertheless, its similarity measure in [36, 38] is

computed separately by employing vector model idea. It will be more efficient to compute
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directly from FCA knowledge base. Thus, this thesis fulfills this gap by using a new similarity
measure invented for concept lattice structure.

Several researchers developed similarity measures to retrieve formal concept as surveyed
in [3, iO, 13, 14, 20, 31]. Lengnink [20] defined similarity measures to find similar and relevant
concepts: local similarity and global similarity as follows. For any two concepts (4, B) and (C, D)

in a formal concept, local similarity measure, s, and global similarity measure, s > respectively are

defined as
si((4.B),(¢.0)) = (lod+E020), @.1)
55((4.B).(¢, D)) = 3 (Mo + E221), 2.2)

Saquer et al. [31] proposed a similarity measure for concept approximation by using local
similarity. It is simple and can approximate extensions when there are only problem descriptions.
To define a scope of retrieved results in semantic web, Dau et al. [10] developed a new combined
local and global similarity measure obtained from user. Formica [13,14] proposed an adapted
version of (2.1) for semantic web with weight of formal concept specified by user. In fact, this
weight should be determined from the contents of data.

In addition, Algadah et al. [3] improved existing similarity measures based on set theory
which is described below. For any two sets of intension in formal concepts x and y, Jaccard index

(5,,.), Sorenesen coefficient (s, ) and Symmetric difference (s,, ) are defined as

_ |xny|
Sjac(,y) =0 2.3)
2¢|xny|
SSor(x: y) = W 2.4)
S, )V )lgy LEW0AD)] 2.5)

[xuyi

From the above studies, weights are selected based on user's reciuirements or by matching
user's query and previous cases in binary relation form. Alternatively, we should determine
weight directly from data. Thus, we specifically propose a new similarity measure based on
vector model that consider problem descriptions and solution with in a concept lattice.

These exiting similarity measures will be used to compare with our frequency-based
concept similarity measure for experiment in chapter 4. We demonstrate retrieval process from
concept lattice for classification CBR using above similarity measures. Let we given concept

lattice knowledge base shown in Fig. 2.2 described more detail in section 3.2.
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Figure 2.2 Concept lattice knowledge base for case-based classification
We begin with using local and global similarity measures as equations (2.1) and (2.2),
respectively. We use previous input new problem i.e.,
B = {Size.big, Leg.4, Nature.smooth, Action.run, Action.swim, Action.hunt}.

We can show calculation of input new problem and concept lattice in Fig. 2.2 with Table 2.1. To
classify the new problem, we obtain similarity between two formal concepts, (4, B) and (C, D),
where 4 is extent in concept lattice, C is extent of new problem obtained approximation with B

ie., C={casel0}, D is intent in concept lattice, |G|=12, and |M|= 13.

Table 2.1 Concept similarity measure using local and global similarity measures

No. lancl | 1auc) | 1BaD| | (BUD| sl=§(%+:£3—z:) sg=%("’|%lc'+“’[;‘ﬂ°'
C” 1 7 1 8 0.134 0.080
c, 1 6 2 8 0.208 0.119
c, t 6 | 6 0.167 0.080
Cn7 0 5 0 7 0.000 0.000
C/a 0 5 0 10 0.000 0.000
C 1 1 4 3 8 0313 0.157
C 1s 0 4 0 7 0.000 0.000
Cy 0 4 0 10 0.000 0.000
C 14 1 3 2 8 0.292 0.119
C, 0 3 1 10 0.050 0.038
C, 0 3 | 7 0.071 0.038
c, 0 3 0 10 0.000 0.000
C/a 0 2 1 10 0.050 0.038
Cg 0 2 1 10 0.050 0.038




Table 2.1 (Continue)
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No. lanc| | 1aucl | 1Bap] | |BUD .=;(:%3—$: :23—2: s,,=%"l+f' wI:ﬂm
Cs 0 2 3 5 0.300 0.115
C, 1 2 k} 8 0.438 0.157
Cd 0 2 3 9 0.167 0.115
C, 1 1~ 4 8 0.750 0.196
C‘ 0 1 3 9 0.167 0.115
c, 0 1 1 1 0.045 0.038
C‘, 0 { 1 il 0.045 0.038
Cl 0 1 1 10 0.050 0.038

From Table 2.1, a formal concept C; in Fig 2.2 will be retrieved with using both local and

global similarity measures. Thus, the solution of input new problem is Terrestrial Animal class.

In addition, we use Jaccard index (s e)s Sorenesen coefficient (s

Is]

-

) and Symmetric

difference (sy,,), mentioned in equation (2.3)-(2.5), to compare with our approach. We illustrate

an example for case based classification using three methods. From concept lattice knowledge

base in Fig. 2.2, it is used to be case base for solving the new problem, where x is input new

problem and y is intent in concept lattice. We obtain similarity calculation between new problem

and previous cases shown in Table 2.2.

Table 2.2 Concept similarity measure using Jaccard index, Sorenesen coefficient, and

Symmetric difference similarity measures

No. | 1x0y | 1x0¥ | 160) U0 | See= ey | Soor= e [ s =1 A
C, 1 8 7 0.125 0222 0.125
C " 2 8 6 0.250 0.400 0.250
Cm 1 6 5 0.167 . 0.286 0.167
C,9 0 7 7 0.000 0.000 0.000
C, 0 10 9 0.000 0.000 0.100
Cl, 3 8 5 0375 0.545 0375
CM 0 7 7 0.000 0.000 0.000
C, 0 10 10 0.000 0.000 0.000
Cu 2 8 6 0.250 0.400 0.250
c, 1 10 7 0.100 0.182 0.300
c, t 7 6 0.143 0.250 0.143
C” 0 10 10 0.000 0.000 0.000
Clo 1 10 9 0.100 0.182 0.100
Cq 1 10 10 0.100 0.182 0.000
Cs 3 5 5 0.600 0.750 0.000




15

Table 2.2 (Continue)

No. | lenyl | kuyl | 16w oAl | S ot | Seor = rar | Seor=1- R 0WI
(o8 3 5 5 0.600 0.750 0.000
C, 3 8 5 0.375 0.545 0.375
C, 3 9 6 0.333 0.560 0.333
G 4 8 4 0.500 0.667 0.500
C, 3 9 6 0.333 0.500 0.333
C 1 1l 9 0.091 0.167 0.182
C, 1 11 10 0.091 0.167 0.091
C, 1 10 9 0.100 0.182 0.100

From Table 2.2, a formal concept C, in Fig 2.2 will be retrieved with using Jaccard index
(s,,) and Sorenesen coefficient (sg,) similarity measures. The solution of input new problem is
{cased, case9}. These solutions lead to conflict of class label. Thus, these similarity measures are
weakness point. For Symmetric difference (s, ), a formal concept C, in Fig 2.2 will be retrieved.

Thus, the solution of input new problem is Terrestrial Animal class.



CHAPTER 3

A FREQUENCY-BASED CONCEPT SIMILARITY MEASURE

FCA, a well known structure is called a concept lattice, can be used to build an
appropriate structure for knowledge base. It can represent previous cases in formal concepts form
contained redundant information. But this is very useful since one can choose which of both parts
of the concept should be used in a given situation [16]. Moreover, FCA can support solving
processes of case based classification. Namely, it can promote to enhance efficient retrieval
method because each formal concept can identify set of sharing cases as same problem
descriptions without calculating every case. This structure requires similarity measure especially.
Mostly, traditional similarity measures of FCA are based on set theory and consider two formal
concepts as binary weighting (e.g., [3], [20], [31]). However, an effective similarity measure
should take into account both local weighting and global weighting achieved from considering all
formal concepts.

For reusing and revising step, FCA provide draw both explicit and implicit knowledge.
Explicit knowledge can describe both problems with solution (attributes) and cases (objects) of
information represented in the hierarchical structure model (e.g., {8], [26], [42]). Implicit
knowledge can elicit knowledge embedded of previous cases with its implication property (e.g.,
[6], [36], [40]). These properties are used to acquire solution of new problem in our system. In

final step, FCA has incremental structure to facilitate dynamic knowledge base.

3.1 A Frequency-Based Concept Similarity Measure

Case retrieval in concept lattice can be done by two distinct ways: lattice traversal and
similarity measure. Our target is to use the latter due to its accuracy and timely manners. A new
concept similarity measure is based on appearance frequency of formal concepts [35]. To invent a
new concept similarity measure, we exploit an idea of vector space model which is-a classical
model of information retrieval [28] as described below.

Let C, be a formal concept of formal context (G, M, I) represents a pair (E, I,) of
previous cases. Let E, € G, [, © M where E,, is a set of previous cases that have similar problem
description(s) and solution while /, comprises of all problem descriptions and solution shared by

all those cases. A new problem is defined as C,, := (E,, 1), where E, is a set of retrieved cases to
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.achieve a solution, and I, is a set of new problem descriptions provided by user. Initially E, is
calculated from C,. We have that E, = E, if its pair I, gives max|/,, M I,|. Thus, a new concept
similarity measure between a formal concept and new problem is defined as Sim(CN,C,,). The

closer the value of Sim(C,,C,) is to 1, the greater the similarity of C and C,.

Definition 8 Given a formal concept of previous case C,= (E,, I ) and a formal concept of new

problem C,=(E,, 1) in a formal context (G, M, I), concept similarity measure is defined as

ZuElNﬂlp(lo.gFl:_u)z 2:"Effx\l"'fp(logtr-‘_l:.f.,')z

. 1
SLm(Cp,CN)=5 2 211/2 N \2 N \2
[ZiEIN(lOgFLai) Zielp(log%) ] [ZkesN(logﬁ) Eleap(logp—al) ]

1/2

where N is a total number of formal concepts, Fa_, Fa, and Fa; are a frequency of attributes u, i
and j, respectively, {u, i, j} € M, and Fc,, Fc, and Fc, are a frequency of cases v, k and /,

respectively, {v, k, [} €G.

Theorem 2 Sim(C,,C,) is said to be the degree of similarity between formal concept C, and
JSormal concept C,, in concept lattice B(G, M, I) if Sim(C,,C,) satisfies the following conditions
[11]:

1)y 0<8im(C,Cp< 1

2)  Sim(C,Cp) =1 if C=C,

3 Sim(C,Cp) =Sim(C,C,)

4) Sim(C,,C,) < Sim(C,C,) and Sim(C,,C,) < Sim(C,C,) if C,c C,cC,,

Co€ B(G M, ).

Proof. From Definition 8, C, = (E,, I.), Cy = (E,, 1) we give C, N\ C,, = (E,NE,, I,N,). To
prove that
(1) 0< Sim(C,,C,) < 1. This condition is considered into three cases as follows:

1) Cy=C,(Sim(C,C)) =1)

2) C,NC=D.(Sim(C,C,) =0)

3) CyNCo#2D.(Sim(C.C,) =(0,1])

Case 1: Cy=C,-[(E,=E,) and (I,=1)}. Namely, |[E,| = |E,| = p and |[| = |[,| = g. Thus, from

Definition 8, we have

133776
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] 1 (1og )" +-+(10 L)’ , (100" +—+(10g )’
Sim(Ce.Cu)= ([ (log%)‘+...+(mgﬁq)’)((:og%)’+...+(.og;_q)’)|m ¥ [((mg%)’+...+(,ag%)’)((m%)’+...+(zog,;'_p)’)]ﬁ>
=1 (to0g;) + *(‘WT)Z + (‘°9Fﬁl)z+"'*(‘°ga)z )
(o esloe V| (conte-sosis )]
=-(1+1)=

Case2: C, N C=T— ENE,=@and [,N I, =]. Thus, | E.NE [=0,[I,nI,|=0.
Thus, from Definition 8, we have

Sim(Cp, Cy)= % (0 +0) =0.

Case 3: C,N Co# D E,NE, # Dor I,M1,# D 1. For this case, we give |E.NE,|=r
and [ I, I, | =s. From Case 1, |El =|E\l =pand |[|=|)=q thenr <pands <gq. Thus, from

Definition 8, we have

Sim(Cp, Co)= %< (logFu ) +7 (loan ) ~ (la_ql._Lq)2-1-...+(lag".l‘__r)z )

TE [((log;-%)z+“.+(109FL‘:p)2)((logFL‘:‘)zf‘"'+(logF—l‘g‘,-)z)]lﬁ

[((log— e log—) )((logFa +et nga z)

(logF ) +- +(logFas (logh_) +-- +(log

) + 1/2
[((logF +on + wg“q )] [((mg‘Fcl e +(log-£)2)2]
(tog )’ n{log ey’ oo +...+(ng_Cr)’)

(log%) +- +(logFa‘T)i (lugFLﬁ)u...'f(lag%)z A~

N [=

1
2

1 log=—
Fromr<pands <gq, we haveM <1and M< 1. Thus,
lagF ) 4o +(lagFN ) (log'_.c ) e +(lug—)

Sim(Cp, Cu)=5 ((0,1] + (0,1]) < 1

In summary, the first condition certainly guarantees that 0 < Sim(C,,C,)< 1.

(2) 8im(C\,C,). =1 if C,= C,. This condition can consider from Case 1 in the first condition.

Hence, this condition guarantees that C,= C,— Sim(C,,C,) =1 .

@) Sim(C,,C,) = Sim(C,,C,). Originally, C, = (E,, IL,), C, = (E, I,), we can prove the first
condition with three cases. In this condition, we assume to swap C, and C, with C, = (E,, ), C,
=(E,, 1) to prove that this condition is symmetry property in metrics. Obviously, set theory has
switch property i.e. E,NE,= E,M E, and I, I, = I, I,. In addition, in bottom part of our

formula is multiply that has switch property. Thus, this condition is obvious symmetry property.

) Sim(CyC,) < Sim(C,,C\) and Sim(C,,C,) < Sim(C,C,) if C\C C,c C,. We give C,
cCcCythenEyC E.CE orl,C [, I, We have |E,| <|E | < |E,| or [[,| <[} <|I). To

prove that
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1) Sim(C,,C,) < Sim(C,,C,) and
2) Sim(C,,C,) < Sim(C,C,)

) . (logﬁ):h-*(logﬁ;)x (Iog% (I quz_ns)l
51m(C . C )'5 "’ 177 1 Ho%ol PR (1)
e [((logF"T') (logm) )((lng%‘) e i»(lugm) )l [((Im;FLcl +- +(lngm) )((logm - (logm)T
. ) (log%l) *'-'*(IOEFa“ Nm l)z (log%)2 ~‘ (logﬁ[)z )
Sim(Cy, Co)- - - e — NOEe —7 ,(2)
([((los%) +"'+(l°s$w) )((loz;:—l) *---*(loa%lpl) )] / [((1°z 1°EFC|E | )(( oegts) '°ch,5 , )]

2
N y2 N
log—0y/) +-+ —
(og"al) (logFallof“pl) (logF 1 (l g"'cll'foﬂffpl)
2

ot w7 | )
[((log%)zh--q-(log%w) )((mg%)ﬂ..«,(mg%m) )] ’ [((log'_. lochlE )((logFcl |ogFCIE | )] 7>

Shortly, we define

= N z
4= ((log—) + et l gFaIN ) ( log + -+ logFa'F ) ( log—) +- 4 l gml l) . where A< B <C.
(oo

D=( lach + + log

Sim(Cy, ca)-§

. E=

_) ot lochEP ) (log + - + loch‘ )),where D<E<F.

F‘IENI
N 2
u= (logF—) + -+ ( Fa|:~mo|) (log ) ( Fa”w”) (log ) + ot ( og Fa“omp) ;vhere vSu, v<w,
N N
x= (log Fa,) ( gF“lENnEol) y= (logF ) + - +( Fa|s~nspx) ( 0g+ ) + - +( gFa|eonsp|) . where y<x, y<z,

Case 1: Sim(C,,C,) < Sim(C,C,) or Sim(C,,C,) - Sim(C,,C,) <0 . From (1) and (2), we can

o bbbl \ g, W/
povethat (ot (a4 F) <0
A Yugn 414 = M 0
(=@t (F&) =0
Consider front part, v < u, 4 <B < C. Hence, the result of this part is negative integer. Similarly,
the result of this part is negative integer because y < x, D <E <F. For overall result show that it

is negative integer number. Thus, this case is certainly proved that Sim(C,,C,) < Sim(C,C,). In

the meantime, Case 2 of this condition is considered as same as Case 1.
3.2 CBR Application

This section shows how to use the proposed methods (both knowledge base construction

and a new similarity measure) in CBR tasks.

3.2.1 Classification CBR

In this subsection, we demonstrate retrieval process from concept lattice by using our
proposed similarity measure for classification CBR. Let we are given a zoo data set (Table 3.1)

where each case is described by problem descriptions (columns 2-5) and its solution (column 6).
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This table involves classification of two types of animal: Poultry and Terrestrial Animal. We
construct our knowledge base from Table 3.1 by using FCA as shown in Fig. 3.1. More detail of
this concept lattice creation can be found in [25, 36, 38] given in Appendix.

Concept lattice in Fig. 3.1 consists of formal concept, C,- C,,, intensions (upper labels)
and extensions (lower labels). The number in ( ) symbol refers to a freciuency of cases (attributes).

To retrieve, we compute similarity value between new problem and each formal concept. For

example, given a new unseen problem C,, with

I, = {Size.big, Leg.4, Nature.smooth, Action.run, Action.swim, Action.hunt}.

Table 3.1 An example of zoo data set

Case Size Leg | Nature Action Class
Casel small 2 feathers | fly Poultry
Case2 small 2 feathers | - Poultry
Case3 small 2 feathers | swim Poultry
Cased small 2 feathers | fly, hunt | Poultry

Case5 medium 2 feathers | fly, hunt | Poultry

Case6 medium 4 hair hunt, run | Terrestrial Animal
Case7 medium 4 hair run Terrestrial Animal
Case8 medium 4 hair hunt, run | Terrestrial Animal
Case9 medium 4 hair hunt, run | Terrestrial Animal
CaselQ | big 4 hair hunt, run | Terrestrial Animal
Casell | big 4 hair run Terrestrial Animal
Casel2 | big 4 hair - Terrestrial Animal
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Class. Tereesial Animal (99
Leg. (9
Narure. han (9)

Class. Poultry (8)
Leg.2 (8)
Narre.frathers (8)

Size.small (7}

Cig

Figure 3.1 Our knowledge base in the format of concept lattice

Table 3.2 Concept similarity measure obtained from Fig. 3.1

2 2 2 2
No. Z (Iog (%)) Z (log (%)) Z (log (F%)) Z (log (F%)) Sim(Cp, Cy)
u v i t
c, 0.151 0.247 0.452 3.061 0.206
c, 0.398 0247 0.699 1.977 0313
c, 0.117 0247 0.247 1279 0287
c, 0.000 0.000 0.247 2.110 0.000
C, 0.000 0.000 0.579 2.110 0.000
c, 0.515 0.247 0817 0.881 0.428
c, 0.000 0.000 0.414 1181 0.000
c, 0.000 0.000 0.826 1.862 0.000
c, 0.899 0247 1201 1.880 0.416
| c, 0.398 0.000 L113 0.934 0.108
| c, 0.000 0.000 0.531 0.988 0.000
c, 0.000 0.000 0.993 0.812 0.000
Co 0.117 0.000 1110 0.398 0.032
c, 0.000 0.000 1.240 0.565 0.000
c, 0.117 0.000 0.365 0.398 0.055
C. 1147 0.247 1.448 0.795 0.551
c, 0.515 0.000 1231 0.386 0.133
| c, 1.264 0.247 1.565 0247 0.788
| c, 0.515 0.000 1.064 0.247 0143
c, 0.117 0.000 1.524 0.247 0.027
‘ , 0.117 0.000 1.358 0.151 0.029
c, 1.802 0.000 2.628 0.548 0317
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The aim of this classification CBR is to classify C,, to either classes Poultry or Terrestrial

Animal. By Definition 8, we obtain similarity between C, and C, as shown in Table 3.2, where
2
N 22)\? 22\2 22)? 22)? 222
Liely (108 (;a)) = (log ?) + (log -9—) +(log —7—) +(log T) +(log TS) = 3.066, and
2
N 22\2 .
YkeEy (log (F—Ck)) = (log 7) =0.247.

As one can see, a formal concept C; in Fig. 3.1 will be retrieved with Sim(C, C,) =
0.788, where E; is {casel0}, and I, is {Size.big, Leg.4, Nature.hair, Action.hunt, Action.run,
Class.Terrestrial Animal}. Thus, a solution of new unseen problem, C,, is Terrestrial Animal
class. This new unseen problem can be retained to solve new problems in CBR system in this
work. Please note that, if problem descriptions of new problem are exactly as same as existing

previous case, then similarity value is 1 (Sim(C,, C,) = 1) and classification accuracy is 100%.

3.2.2 Problem-Solving CBR

In this section, we illustrate problem-solving CBR by an example given in [6]. It
describes travel agency domain where every case represents description of the journeys offered
by a travel agency. Fig. 3.2 depicts a knowledge base in a concept lattice form of this data which
contains 7 cases (see more details in [6]). The objective of this problem solving example is to

suggest journey from user's query: Skiing.

Education (6),
Summer (6) [ Spnn (5) ] rlam (6)] ------

T e r ! New York (3)| Car (3) I |Lng,l'md U)I \?

e l?ring(‘)l """" I Autamn M|

-
@ @ ’ﬁ O Q [@)
case (5] um.)(-t) cased (§) [ca\gl(')] /']gaxc(»(-l)l ]nsc:(—t)t Teaset () |

Figure 3.2 Knowledge base in concept lattice form of travel agency domain [6]
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Table 3.3 Concept similarity measure obtained from Fig. 3.2

2 2 2 2
No. Z (log (%)) Z(log (%)) Z(log (F%)) Z (log (F%)) Sim(Cp, Cy)
c, 0.000 0.000 0.409 0.960 0.000
c, 0.000 0.000 0.282 0.960 0.000
c, 0000 0.790 0.205 1185 0.408
c, 0.000 0.000 0977 0.677 0.000
c, 0.000 0.000 0.692 0.565 0.000
c, 0.568 0.000 1.340 0.790 0.325
c, 0.000 0.000 0.772 0.790 0.000
c, 0.000 0.790 0.568 0.677 0.540
c, 0.000 0.000 0.568 0.790 0.000
c, 0.000 0.395 0.568 0.790 0.250
c, 0.000 0.000 1259 0.282 0.000
c, 0.568 0.000 1.622 0.395 0.296
c, 0.568 0395 1.907 0.395 0.626
c, 0.000 0.000 1.259 0.282 0.000
c, 0.000 0.000 1544 0.395 0.000
c, 0.000 0.395 2854 0.395 0.353
c, 0.000 0.000 3217 0.395 0.000

From Fig. 3.2, we compute similarity between C, and C,, as shown in Table 3.3. Sim(C,,
C,) = 0.626, where E,; is {case2}, and [I,, is {Plane, Skiing, Winter, New York}. We can read
. from Table 3.3 that C, is retrieved so that we suggest case2. Now, implications between problem
descriptions can be used to suggest solution from dependency inside this concept lattice. More
detail of implications and its creation can be found in [25]. Our proposed concept similarity and
concept lattice format can assist to identify an initial point to suggest informative solution as

bottom-up search approach. After we retrieved C,,, we obtain

i3
Skiing /\ Winter — Plane,

Skiing — Winter,

NewYork — Plane,

We can interpret that “if travelers want to go skiing, then they should travel during winter

season and they should go to New York by plane”.




CHAPTER 4

EXPERIMENTAL EVALUATION

4.1 Data Sets and Environments

We implement case based classification system by using our proposed algorithm for
knowledge base of system. Afterwards, we use our similarity measure and other similarity
measures (equations (2.1)-(2.5) in Chapter 2) to retrieve previous experience in concept lattice for
solving new problem. We use four benchmark data sets from the UCI repository [4]: Balance-
Scale, Zoo, Car and Hayes-Roth. A feature of these data sets is hierarchical or non-hierarchical
data structure. The detail of these data sets show in Table 4.1. These data sets are discrete data in
many-valued formal context. They are transformed by transformational scaling as plain scaling
[16]. The transformed attributes in column 4 is new attributes for formal context to build concept
lattice. For environment of our implementation, we used the Toshiba protege M600 notebook
with Intel(R) Core(TM) 2 Duo 1.66 GHz, and 2 GB of RAM. The operating system was the
Windows Vista Home Basic operating system, which executed our program. We programmed the
applications by Java with JavaTM 2 SDK, Standard Edition Version 1.4.2 which was built in the

NetBeans version 6.0.1.

Table 4.1 The detail of benchmark data sets

Data set No. case No. attribute No. transformed attribute
Balance-Scale 625 4 23
Zoo 101 17 28
Car 1728 6 25
Hayes-Roth 160 5 18

4.2 Accuracy Evaluation

In this research, the performance of the proposed case-based classification is evaluated
with classification accuracy using ten-fold cross-validation. Cross-Validation is a statistical
method of evaluating and comparing learning algorithms by dividing data into two segments: one
used to learn or train a model and the other used to validate the model. In typical cross-validation,

the training and validation sets must cross-over in successive rounds such that each data point has



25

a chance of being validated against. The basic form of cross-validation is k-fold cross-validation,

where £ is ten in this work. Fig. 4.1 show division of data set for cross-validation.

if k =10>

‘I)amse:. divide £-fld - - :

Each data set in our experiment is divided into ten folds as Fig. 4.1. Afterwards, divided
data set are crossed-over to reduce bias of data for testing classification accuracy. For example,
we can select the divided data set 20% for training set and the rest (80%) for test set shown in

Fig. 4.2. The classification accuracy of each training data set derives from the average of

classification accuracy from all test data set.

Train Test

LLLLISFLYS VY (set) | (sey)
8 7 17 12|30
1IN E 13 |2.4-10
o oset2 m

: , 110 |29
N : 23 [1.4-10
: set§ |

, : 24 |135-10
S ¥
: 910 |18

Figure 4.2 The divided data set for training 20%

There are two possible goals in cross-validation: (i) To estimate performance of the
learned model from available data using one algorithm. In other words, to gauge the
generalizability of an algorithm, and (ii) To compare the performance of two or more different
algorithms and find out the best algorithm for the available data, or alternatively to compare the

performance of two or more variants of a parameterized model.
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4.3 Experimental Results

We randomly divide each data set to two sets: training and test sets. Experiments are
done on different proportions of these sets e.g., 10% for training set and the rest (90%) for test set
and so on. Then, 10-fold cross validation is performed to validate classification accuracy. Fig.
4.3-4.6 show a comparison of obtained classification accuracy for four data sets. Unlike other 5
similarity measures depicted in Fig. 4.3- 4.6, a frequency-based concept similarity measure is
outperformed the others. Other similarity measures are based on binary relation and deteriorate
classification accuracy whereas our similarity measure is based on vector model and enhances it.
Let us observe Fig. 4.4 and 4.5 (hierarchical data) that maximum accuracies are 100%. This result
suggest that using our frequency-based concept similarity measure to FCA knowledge base

supports hierarchical data structure better than non-hierarchical data structure.

Balance-Scale data set
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Figure 4.3 A comparison of our method and others for Balance-Scale data set

For Balance-Scale data set in Fig. 4.3, the classification using a frequency-based concept
similarity measure is better than the existing similarity measu;es. However, over all using
similarity measures can classify this data set with less classification accuracy. For this cause, FCA
knowledge base supports hierarchical data structure because it analyzes data in hierarchical data

structure form. This data set has a feature of non-hierarchical data. Thus, this feature leads to

decrease of classification accuracy when it is compared with non-hierarchical data.
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Figure 4.4 A comparison of our method and others for Zoo data set
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For Zoo data sét in Fig. 4.4, the classification using our similarity measure is better than

the existing similarity measures. Moreover, over all for every training data set using a frequency-

based concept similarity measure satisfy with more classification accuracy because this data set

has a hierarchical data feature.
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Figure 4.5 A comparison of our method and others for Car data set

For Car data set in Fig. 4.5, the classification using our similarity measure is better than

the existing similarity measures. Moreover, over all for every training data set using a frequency-
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based concept similarity measure satisfy with more classification accuracy because this data set

has a hierarchical data feature.

Haves-Roth data set
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Figure 4.6 A comparison of our method and others for Hayes-Roth data set

For Hayes-Roth data set in Fig. 4.6, the classification using a frequency-based concept
similarity measure is better than the existing similarity measures. However, over all. using
similarity measures can classify this data set with less classification accuracy. For this cause, FCA
knowledge base supports hierarchical data structure because it analyzes data in hierarchical data
structure form. This data set has a feature of non-hierarchical data. Thus, this feature leads to
decrease of classification accuracy when it is compared with non-hierarchical data. We compare a
non-hierarchical data i.e., Balance-Scale data set. The classification accuracy of this data set is
better than Balance-Scale data set. For this reason, Hayes-Roth data set has a small size when it is

compared with Balance-Scale data set.



CHAPTER 5

CONCLUSION AND RECOMMENDATION

5.1 Conclusion

This thesis proposes a construction of better knowledge base and new concept similarity
measure.

Firstly, FCA is applied to build a better knowledge base in CBR system led into the
simply solving problem. Namely, FCA can promote efficient retrieval method because each
formal concept can identify set of sharing cases as same problem descriptions without calculating
™ every case. For reusing and revising steps, FCA provides both explicit and implicit knowledge.
Explicit knowledge can describe both problems with solution and cases of information
represented in the hierarchical structure model. Implicit knowledge can elicit knowledge
embedded in previous cases with its implication property. In the final step, FCA has incremental
structure to facilitate dynamic knowledge base, which is still an incremental nature concept. For
these reasons, FCA is a suitable knowledge construction. However, this structure specifically
requires a complementary similarity measure because it consists of two sets in one node (graph
representation).

Secondly, we propose a new similarity method based on vector model to retrieve
previous cases. The proposed method considers weight of data content in knowledge instead of
binary relation.

We experiment on several benchmark data sets to determine the performance in term of
classification accuracy by implementing a part of classification CBR system. Afterwards, we
compare our similarity measure and existing measures with these data sets. Our results indicate
that (1) we obtain high improvement of classification accuracy for hierarchical data structure
when comparing with non-hierarchical data structure, (2) our similarity measure can be applied
successfully for both classification and problem-solving tasks, and (3) our similarity measure can

classify data sets better than existing similarity measures.
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5.2 Recommendation

In real-world applications, if a word frequency of problem descriptions in each case is
high, user highly focuses on case similarly. Thus, in the future‘work, we should consider weight
of words to solve binary relation in FCA by fulfilling this weight into the proposed similarity
measure. Moreover, continuous data handling should be improved but this thesis is neglécted.

Complete CBR system should be devéloped to automatically retain for making it immediately

available.
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In this work, we aim at developing a better knowledge base by using formal concept analysis (FCA) and
propose its new similarity measure based on vector model for case-based reasoning (CBR). The features of
our proposed approaches are illustrated using a part of CBR system for both classification and problem-
solving. Concept lattice knowledge base provides more accuracy classification for hierarchical data struc-
ture when comparing with non-hierarchical data structure. Dependency induced from our concept lattice

knowledge base can help to suggest informative solutions for problem-solving CBR. In addition, our sim-
ilarity measure improves the accuracy of classification CBR significantly when we perform experiments
on the UCI data sets with cross validation.

© 2011 Elsevier Ltd. All rights reserved.,

1. Introduction

A case-based reasoning (CBR) (Aamodt, 2004; Aamodt & Plaza,
1994; Kolodner, 1993; Ralph, Kolodner. & Plaza, 2005) is a method
to problem solving that learns from prior experiences. The tasks of
CBR system are often divided into; classification and problem-solv-
ing CBR (Kolodner, 1993). Classification CBR uses previous cases as
reference points for new problem. In contrast, problem-solving
CBR uses previous cases to suggest the most applicable solutions
to new situation. Both tasks store a set of pairs problem descrip-
tions and solution in their knowledge base for reusing in the future.
Traditional CBR consists of four steps (Aamodt & Plaza, 1994;
Kolodner, 1993) as follows: retrieve the most similar cases, reuse
existing knowledge of previous cases to solve new problem, revise
suggested solutions and retain useful parts of this experience for
future problem solving as shown Fig. 1.

The structure of knowledge base that directly supports four
steps abave will make a great effect on efficiency and performance
of CBR. Formal concept analysis (FCA) can elicit knowledge embed-
ded in previous cases to solve new problems. FCA is especially
well-suited to support CBR system when problem at hand involv-
ing hierarchical structure (Belen & Pedro, 2001). In addition, impli-
cation drawn from FCA can suggest solutions from dependency
inside knowledge base (Pattaraintakorn, Boonjing, & Tadrat,
2008). Thus, we apply FCA to build a knowledge base for CBR. Nev-

* Corresponding author at: Department of Mathematics, King Mongkut's Institute
of Technology Ladkrabang, Bangkok 10520, Thailand.
E-mail addresses: $9062904@kmitl.ac.th (J. Tadrat), kbveera@®kmitlac.th
(V. Boonjing), kppuntip@kmitl.ac.th (P. Pattaraintakorn).

0957-4174/$ - see front matter © 2011 Elsevier Ltd. All rights reserved.
doi:10.1016/j.eswa.2011.07.096

ertheless, the knowledge base obtained from FCA technique, called
concept lattice, requires a specific retrieval process to solve new
problem.

The retrieval process is usually regarded as the most important
step in the CBR cycle. In essence, a good assessing similarity be-
tween cases is a key success of CBR. In the mean time, this retrieval
process is directly related to the structure of knowledge base. Thus,
both case retrieval process and knowledge base construction must
be designed to accord. Hence, we propose a new similarity mea-
sure based on vector model that considers contents of data and
support retrieval process from concept lattice.

This article is organized as follows. Section 2 provides basic no-
tions of FCA. In Section 3, we briefly review related work for knowl-
edge representation, FCA and similarity measures in CBR. In
addition, we define our new concept similarity measure, Section 4
presents how to apply a new similarity measure to retrieve cases
for concept lattice knowledge base. In Section 5, we report a case
study for classification CBR. Section 6 concludes the article.

2. Formal concept analysis

Formal concept analysis (FCA), invented by Rudolf Wille, is not
only a method for data analysis and knowledge representation, but
also a formal formulation for concept formation and learning (Gan-
ter & Wille, 1997; Priss, 2006; Wille, 2005). FCA provides relation-
ship of generalization and specialization among concepts through
concept lattice (Belen & Pedro, 2001; Chen & Yao, 2005). Practi-
cally, FCA starts with a formal context which contains values 0or
1 in an information system. Below, we introduce basic definitions
and idea of FCA taken from Ganter and Wille (1999).
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Fig. 1. System overview of CBR process (adapted from Aamodt, 2004).

Definition 1. A formal context K := (G, M, I) consists of two sets G
and M and a relation I between G and M. The elements of G are
called the objects and the elements of M are called the attributes of
the context. In order to express that an object g is in a relation [
with an attribute m, we write gim or (g.m) € I and read it as “‘the
object g has the attribute m".

In our CBR system, we represent an object as a case. Attributes
are referred to as sets of problem descriptions and solutions. A for-
mal context is considered as a case base. Below, we introduce def-
inition of an association between object and its attributes.

Definition 2. For a set A C G of objects we define

" := {m € M|gIm for all g € A}

(the set of attributes common to the objects in A). Correspondingly,
for a set B of attributes we define

B':= {g € G|gIm for all m € B}

(the set of objects which have all attributes in B).

Definition 3. A formal concept of the formal context (G,M,]) is a
pair (A,B)withA C G,B C M, A’ =B and B’ = A. We call A the extent
and B the intent of the formal concept (A,B). B(G, M, I) denotes the
set of all formal concepts of the formal context (G,M,I).

Definition 4. If (A;,B;) and (A,B,) are formal concepts of formal
context, (A;,B,) is called a subconcept of (A,,B,), provided that
A; C A; (which is equivalent to B, C B,). In this case, (A;,B,) is a
superconcept of (A;,B,), and we write (A;,B;) < (A3,B;). The rela-
tion < is called the hierarchical order (or simply order) of the for-
mal concepts. The set of all formal concepts of (G,M.,I) ordered in
this way denoted by 8B(G,M,I) and is called the concept lattice of
the formal context (G,M.,I).

Concept lattice can be considered as a new structure for knowl-
edge base in CBR. To extract knowledge for solving new problem,
The Basic Theorem on Concept Lattices (see more detail in Ganter
& Wille (1999)) is used. This theorem provides implications be-
tween attributes that are used to identify solution in our work.

Theorem 1 (The Basic Theorem on Concept Lattice). Let T be an index
set and, for every t € T. The concept lattice B(G,M,I) is a complete
lattice in which infimum and supremum are given by:

- ()

teT teT teT

V(Athr) = ((UA1> ,nBt)-
teT et teT
A complete lattice V is isomorphic to 8(G, M, I) if and only if there are
mappings y: G — Vand ji: M - V such that j(G) is supremum-dense in
V, [i(M) is infimum-dense in V amd gIm is equivalent to yg < jim for
allge Gand allme M.

The mappings yg and jim in Theorem 1 indicate how formal
context can be identified in the concept lattice. This is elaborated
by the following definition.

Definition 5. For an object g € G we write g’ instead of {g'} for the
object intent (m e M|gim} of the object g Correspondingly,
m':= (g € G|gIm} is the attribute extent of the attribute m. Retain-
ing the symbols used in Theorem 1, we write yg for the object
concept (g”.g') and um for the attribute concept (m’,m").

In CBR, an implication between any two attributes measures
dependency by considering problem descriptions and solutions
as subconcepts and superconcepts, respectively. Let C and D be sets
of problem descriptions and solution where C, D C M, and
CnD=0. An implication among attributes in M where M=CuD,
is a pair of subsets of M, denoted by C — D.

Proposition 1 (Ganter and Wille, 1999). An implication C —» D
holds in (G,M.1) if and only if D C C". It then automatically holds in
the set of all concept intents as well.

An implication € — D holds in (G, M,I) if and only if C — m holds
for each m € D. C — m holds if and only if (m',m") > (C,C), i.e., if
um > A{unjn € C}. This means that we have to check in a concept
lattice whether the concept denoted by m is located above the inf-
imum of all formal concepts denoted by n from C.

3. Knowledge representation, FCA and similarity measures in
CBR

In this section, we briefly review interesting works of knowl-
edge representation. Moreover, we review the state of the art of
FCA and its similarity measures for CBR system. Finally, we define
new similarity measure based on vector model which provide
more accurate retrieval results.

3.1. Knowledge representation

Similarity-based retrieval in traditional CBR system is often
grouped according to knowledge representation (case base struc-
ture): feature-vector representation and structure representation
as surveyed in Ralph et al. (2005), Cunningham (2008) and De
Mantaras et al. (2005).

Feature-vector structure represents every case as attribute-va-
lue pairs collected in a data table form. The similarity measure
for this structure is based on distance concept between previous
cases and new problems. They usually result in k most similar
cases to new problem, referred to as k-nearest neighbor (k-NN). This
similarity measure can be embedded as a basic retrieval step in
other structures. For instance, Sun, Finnie, and Weber (2004) and
Liu, Chen, and Hsc (2008) used their similarity measure to collect
cases in the same group of problem descriptions and to retrieve
exception cases in classification CBR.
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Next, structure representation is a popular method to build case
base structure in CBR system, for example, graph representation
{(Champin & Solnon, 2003; Rong, 2002), object-oriented represen-
tation, frame-based representation (Aamodt, 2004; Mougouie &
Bergmann, 2002), hierarchical representation (Smyth, Keane, &
Cunningham, 2001) and concept lattice (described in Section 3.2).
For graph representation, Rong (2002) used undirected graph to
represent previous cases in course timetabling problem domain.
Next, Champin and Solnon (2003) employed graph representation
and their similarity measure of directed graph to retrieve attri-
butes. The advantage of their approach.js a flexible model. Their
qualitative similarity can be used to adapt solution in CBR system.
To capture both specific and general knowledge, Aamodt (2004) in-
vented object-oriented and frame-based representation CBR sys-
tem. The author utilized similarity measurement in two steps.
First, a set of potentially similar cases is retrieved. Next, this ob-
tained set is used as a general domain knowledge to generate
explanation for feature-to-feature matches.

Mougouie and Bergmann (2002) devised a similarity measure-
ment for generalized cases. To do so, they applied nonlinear pro-
gramming for continuous attributes and introduced an
optimization-based retrieval method. For hierarchical representa-
tion problem descriptions are decomposed into subproblems
(Smyth et al., 2001). A set of subproblems is separately solved
and then recombined to produce a suitable solution. The advanta-
ges lie in the fact that it allows a whole case or its parts to be ac-
cessed and exploited by case-based reasoner, and constraints can
be employed to guide adaptation.

3.2. FCA and similarity measures in CBR

FCA is successfully applied in several CBR systems (Belen & Ped-
ro, 2001; Pattaraintakorn et al., 2008; Tadrat, Baonjing, & Pattarain-
takorn, 2008). Belen and Pedro (2001) utilized FCA for problem
solving CBR system. They report that FCA provided good facilitation
and suggestion of solutions for new problem. In our initial study
(Tadrat, Boonjing, & Pattaraintakorn, 2007), we proposed a frame-
work to construct knowledge base in a CBR system based on rough
sets and FCA. Recently, we improved our framework by using fuzzy
sets (Tadrat et al., 2008). The result is that fuzzy sets support to
build knowledge base by FCA technique successfully. Nevertheless,
its similarity measure is computed separately by employing vector
model idea. it will be more efficient to compute directly from FCA
knowledge base, Thus, this paper fulfills this gap by using a new
similarity measure invented for concept lattice structure.

Several researchers developed similarity measures to retrieve
formal: concept as surveyed in Formica (2008), Formica (2006),
Dau, Ducrou, and Eklund (2008), Algadah (2010), Saquer and Deo-
gun (2001) and Lengnink (2001). Lengnink (2001) defined similar-
ity measures to find similar and relevant concepts: local similarity
and global similarity as follows. For any two concepts (A,B) and
(C.D) in a formal concept, local similarity measure, s, and global
similarity measure, s, respectively are defined as

a B
(B .00 = % (E%C: * :B S‘ZD ’ )
(4. (€)= 3 (IAlglq * !Bu%f)l)‘ @)

Saquer and Deogun (2001) proposed a similarity measure for
concept approximation by using local similarity. It is simple and
can approximate extensions when their are only problem descrip-
tions. To define a scope of retrieved results in semantic web, Dau
et al. (2008) developed a new combined local and global similarity
measure obtained from user. Formica (2006) proposed an adapted

version of (1) for semantic web with weight of formal concept spec-
ified by user. In fact, this weight should be determined from the con-
tents of data.

In addition, Alqadah (2010) improved existing similarity mea-
sures based on set theory which are described below. For any two
sets of intension in formal concepts x and y, Jaccard index (Sac)
Sorenesen coefficient (ssor) and Symmetric difference (sy,,) are de-
fined as

el ) = fiﬂil : @)
2x

se) = 4)

Sxor(%,y) =1 — K_X\ﬁi—yo]w 5

From the above studies, weights are selected based on user's
requirements or by matching user's query and previous cases in
binary relation form. Alternatively, we should determine weight
directly from data. Thus, we specifically propose a new similarity
measure based on vector model that consider problem descriptions
and solution with in a concept lattice.

Case retrieval in concept lattice can be done by two distinct
ways: lattice traversal and similarity measure. Our target is to
use the latter due to its accuracy and timely manners. To invent
a new concept similarity measure, we exploit an idea of vector
space model which is a classical model of information retrieval (Ri-
cardo & Berthier, 1999) as described below.

Let Cp be a formal concept of formal context (G,M,[) represents a
pair (Ep,Ip) of previous cases. Let Ep C G, Ip C M where Ep is a set of
previous cases that have similar problem description(s) and solu-
tion while I comprises of all problem descriptions and solution
shared by all those cases. A new problem is defined as Cy := (Ey.Ip).
where Ey is a set of retrieved cases to achieve a solution, and Iy is a
set of new problem descriptions provided by user. Initially Eyis cal-
culated from Cp. We have that Ey = Ep if its pair Ip gives max|lyn Ig|.
Thus, a new concept similarity measure between a formal concept
and new problem is defined as Sim(Cn,Cp). The closer the value of
Sim(Cn.Cp) is to 1, the greater the similarity of Gy and Ga

Definition 6. Given a formal concept of previous case Cp= (Ep,Ip)
and a formal concept of new problem Cy= (Eniy) in a formal
context (G,M.I), concept similarity measure is defined as

y et (log kNT)z

1 Lietutr (log ?%)2
3 (73 1
R CON i Ty

Sim(Cp.Ca) =5

where N is a total number of formal concepts, Fa,, Fa; and Fa; are a
frequency of attributes u, i and j, respectively, {u,i,j} € M, and Fc,
Fc, and Fe; are frequencies of cases v, k and [, respectively,
{vk ) €G.

Table 1

An example of zao data set.
Case Size Leg  Nature Action Class
Casel Small 2 Feathers Fly Poultry
Case2 Small 2 Feathers - Poultry
Case3 Small 2 Feathers  Swim Poultry
Caseq Small 2 Feathers Fly, hunt Poultry
Case5 Medium 2 Feathers Fly, hunt Poultry
Caseb Medium 4 Hair Hunt, run  Terrestrial Animal
Case7 Medium 4 Hair Run Terrestrial Animal
Case8 Medium 4 Hair Hunt, run  Terrestrial Animal
Case9 Small 4 Hair Hunt, run  Terrestrial Animal
Casel0 Big 4 Hair Hunt, run  Terrestrial Animal
Casell Big 4 Hair Run Terrestrial Animal
Casel2  Big 4 Hair - Terrestrial Animal
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Fig. 2. Our knowledge base in the format of concept lattice.

Table 2
Concept similarity measure obtained from Fig. 2.
2 2 2 2 il
N Tu(ogh) To(loed) w(ee) w(oes)’ TG
G 0151 0.247 0452 3.061 0.206
G, 0398 0.247 0.699 1.977 0313
Go 0117 0.247 0.247 1.279 0.287
Cis  0.000 0.000 0247 2.110 0.000
Gs 0.000 0.000 0579 2.110 0.000
Gz 0515 0247 0.817 0.881 0.428
Cie 0.000 0.000 0414 1.181 0.000
Gs 0.000 0.000 0.826 1.862 0.000
G 0899 0247 1.201 1.880 0416
C3 0398 0.000 1113 0934 0.108
Ci2 0000 0.000 0.531 0.988 0.000
Cii 0000 0.000 0.993 0812 0.000
Co 0117 0.000 1.110 0398 0.032
G 0000 0.000 1.240 0.565 0.000
G 0117 0.000 0.365 0398 0.055
G 1147 0.247 1.448 0.795 0.551
G 0515 0.000 1.231 0386 0.133
G 1.264 0.247 1.565 0.247 0.788
G 0515 0.000 1.064 0.247 0.143
G 017 0.000 1524 0.247 0.027
G onz 0.000 1358 0.151 0.029
G 1.802 0.000 2.628 0.548 0317

4. Knowledge base construction and case retrieval

In this section, we present a construction of better knowledge
base by using FCA. Consequently, we describe how to apply a
new similarity measure in Definition 6 to retrieve cases. This struc-
ture provides both general and specific knowledge, which support
both classification and problem-solving CBR as described in Sec-
tions 4.1 and 4.2, respectively.

4.1. Classification CBR

|
In this section, we demonstrate retrieval process from concept
lattice by using our proposed similarity measure for classification
CBR. Let we given a zoo data set (Table 1) where each case is de-
scribed by problem descriptions (columns 2-5) and its solution

(column 6). This table involves classification of two types of ani-
mal: Poultry and Terrestrial Animal. We construct our knowledge
base from Table 1 by using FCA as shown in Fig. 2. More detail of
this concept lattice creation can be found in Tadrat et al. (2008),
Tadrat et al. (2007) and Pattaraintakorn et al. (2008).

Concept lattice in Fig. 2 consists of formal concept, C;-Cy,, inten-
sions (upper labels) and extensions (lower labels). The number in
(symbol) refers to a frequency of cases (attributes). To retrieve,
we compute similarity value between new problem and each for-
mal concept. For example, given a new unseen problem Cy with

Iy = {Size.big, Leg.4.Nature.smooth, Action.run, Action.swim, Action.hunt}.

The aim of this classification CBR is to classify Cy to either classes
Poultry or Terrestrial Animal. By Definition 6, we obtain similarity

2
between Cy and Cp as shown in Table 2, where ZEGIN(Iog(;%)) =
(Iog%l)2 + (loglgl)2 + (Iog%l)2 + (logzll)2 + (Iogf—g)z = 3.066, and

2
Ter, (l08 (&))" = (log%)* = 0.247.

As one can see, a formal concept Cs in Fig. 2 will be retrieved
with Sim(Cs, Cy) = 0.788, where Es is {case10}, and Is is {Size.big,
Leg.4, Nature.hair, Action.hunt, Action.run, Class.Terrestrial Ani-
mal}. Thus, a solution of new unseen problem, Cy, is Terrestrial Ani-
mal class. This new unseen problem can be retained to solve new
problems in our CBR system. Please note that, if problem descrip-
tions of new problem are exactly as same as existing previous case,
then similarity value is 1 (Sim(Cp,Cn) = 1) and classification accu-
racy is 100%.

4.2. Problem-solving CBR

In this section, we illustrate problem-solving CBR by an exam-
ple given in Belen and Pedro (2001). It describes travel agency do-
main where every case represents description of the journeys
offered by a travel agency. Fig. 3 depicts a knowledge base ina con-
cept lattice form of this data which contains 7 cases (see more de-
tails in Belen & Pedro (2001)). The objective of this problem solving
example is to suggest journey from user’s query: Skiing.

From Fig. 3, we compute similarity between Cy and Cp as shown
in Table 3. Sim(Cy3,Cy) = 0.626, where E;3 is {case2}, and I3 is
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Fig. 3. Knowledge base in concept lattice form of travel agency domain (Belen & Pedro, 2001).

Table 3
Concept similarity measure obtained from Fig. 3.
No. 2 2 2 2. Sim(C,
Tu(ost) T.(osg) 5(lsk) mifesg)t e
G 0.000 0.000 0.409 0.960 0.000
G, 0568 0.000 1.622 0395 0.296
C;3 0.568 0.395 1.907 0.395 0.626
C;;  0.000 0.000 3.217 0395 0.000
Balance-Scale data set
&
g.
<
| —— Our Similarity 6583 | 6686 | 6746 | 67.72 | 6952 | 6966 | 6984 | 07 | 1143
- et | 53.86 | 5392 | sa.11 | 5606 | 5607 | ses2 | ss62 | $9.92 [ 6065
—o— Jaccard 4191 | 4197 | 4206 | 4295 [ 4322 | 4373 | 4433 | 4449 | 4561
—o— Symmetric difference | 48.95 | 49.29 | 4975 | 49.76 | 4980 | 49.82 | 5007 50.36 | $4.2
| —=— Local Similarity 4830 | 4964 | 5040 | s0.60 | 5102 | 5201 | 5233 | s2e1 | 5538
—e— Global Similarity 56.37 | 5765 | 58.18 | 5868 | 59.04 | 5981 | 6431 | 6459 | 6465

Training (%)

Fig. 4. A comparison of our method and others for balance-scale data set.

{Plane, Skiing, Winter, New York}. We can read from Table 3 that
C,3 is retrieved so that we suggest case2. Now, implications be-
tween problem descriptions can be used to suggest solution from
dependency inside this concept lattice. More detail of implications
and its creation can be found in Pattaraintakorn et al. (2008). Our
proposed concept similarity and concept lattice format can assist
to identify an initial point to suggest informative solution as bot-
tom-up search approach. After we retrieved C;3, we obtain Ski-
ing A Winter — Plane, Skiing — Winter, New York — Plane. We can
interpret that if travelers want to go skiing, then they should travel
during winter season and they should go to New York by plane.

5. A case study: classification CBR

In this section, we implement a part of classification CBR system
based on concept lattice knowledge base. Afterwards, we use our
similarity measure and other similarity measures (Eqs. (1)-(5) in

€
£
40
~4— Our Similarity 9111 | 93.75 | 95.00 | 9500 | 96.00 | 96.67 | 96.67 | 98.57 | 100.00
—8— Sorenesen coefficient | 85.56 | 90.00 | 93.75 | 9667 | 97.50 | 98.33 | 98.57 | 100.00 | 100.00
—e— Jaccard 413) | 4220 | 4230 | 4270 | 4582 | 4992 | S0.13 | 50.24 | 76.50
—— Sym difference | 19.79 | 22.60 | 25.10 | 2535 | 2653 | 2685 | 2828 | 2852 | 4050
—w— Local Similarity 9000 | 9222 | 9625 | 9667 | 97.50 | 9833 | 98.57 | 100.00 | 100.00
—=— Global Simi larit 8000 | 87.50 | 90.00 | 9250 | 9333 | 9500 | 95.71 | 98.00 | 100.00
Training (%)

Fig. 5. A comparison of our method and others for Zoo data set.

Car data set

Accuracy (%)
3

10 20 0 40 0 L 0 0 %0
——Our Similarity 91.86 95.54 9151 9167 9182 98.37 w47 9871
—a— Sorenesen cocflicient | 73.26 7L 2198 84.07 8.6 8870 9.9 8983 100.00

—o— Jaccard 4620 | 462 4863 56.18 36.40 5760 | 6045 60.53 6104

—e— Symmetric difference | $443 5455 55.10 3543 5548 $5.56 55.58 S5.68 585

—s— Local Similarity 91.47 9186 9212 9230 291 93.60 94.19 9455 100.00

| —a— Gilobal i 8.2 R 97 8048 80.81 81.40 8295 .07 100.00
Training (%)

Fig. 6. A comparison of our method and others for Car data set.

Section 3) to retrieve previous experience in concept lattice for solv-
ing new problem. We use four benchmark data sets from the UCI
repository Asuncion and Newman (2007): Balance-Scale, Zoo, Car
and Hayes-Roth. These data sets are divided into two groups that
are hierarchical data structure i.e., Zoo and Car, and non-hierarchical
data structure i.e., Balance-Scale and Hayes-Roth. We randomly di-
vide each data set into two sets: training and test sets. Experiments
are done on different proportions of these sets e.g., 10% for training
set and the rest (90%) for test set and so on. Then, 10-fold cross val-
idation is performed to validate classification accuracy.

Figs. 4-7 show a comparison of obtained classification accuracy
for four data sets. Unlike other 5 similarity measures depicted in
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Hayes-Roth data set Alqadah, F. (2010). Similarity measures in formal concept analysis. In Workshops of
100 the eleventh international symposium on artificial intelligence and mathematics
%0 (ISIAM2010), Fort Lauderdale, Florida.
e % Asuncion, A, & Newman, D. J. (2007). UCI Machine Learning Repository. University
] of California, School of Information and Computer Science, Irvine, CA. <http://
! 60 www.ics.uci.edu/mlearn/MLRepository.html>.
§ 50 Belen, D., & Pedro, A. (2001). Formal concept analysis as a support technique for
- S CBR. International Journal in Knowledge-based Systems, 14(1), 163-171.
Champin, P. A., & Solnon, C. (2003). Measuring the similarity of labeled graphs. In
30 Proceedings of the fifth international conference on case-based reasoning
“letslsTolaTolslolo Cher ¥ R B Viory, V. (3005} Formal lysis based on hierarchical cl
— n Y.H, & Yao, Y. Y. rmal concept analysis based on hierarchical class
—#—Our Sirilarity 897 | 7692 | %2 | 7mss | ww | w6 | s | 9231 | 9 P 3 5 o "
-~ Sorencsen coefficien | 4612 | 4629 | 536 | sam2 | 142 | 5188 | ss | $955 | si0e :"r};g::&;"(m;eg'ngf the 4th IEEE inter o e on cog
-_:_- o litomsecs :ﬁ ;z: :j; :: i: :: ::; ;’; :z Cunningham, P. (2008). A taxonomy of similarity mechanisms for case-based
:’m’&f FrTy m %0 | %n | 7o | 26 | an «m b reasoning. IEEE Transactions on Knowledge and Data Engineering.
yp— 5% | %5 | w» | om | o5 | @aw | e | e | xn Dau, F., Ducrou, ., & Eklund, P. (2008). In Concept Similarity and Related Categories in

Training (%)
Fig. 7. A comparison of our method and others for Hayes-Roth data set.

Figs. 4-7, our similarity measure is outperformed the others. Other
similarity measures are based on binary relation and deteriorate
classification accuracy whereas our similarity measure is based
on vector model and enhances it. Let us observe Figs. 5 and 6 (hier-
archical data) that maximum accuracies are 100%. This result sug-
gest that using our similarity measure to FCA knowledge base
supports hierarchical data structure better than non-hierarchical
data structure.

6. Conclusion

This paper proposes a construction of better knowledge base
and new concept similarity measure. Firstly, FCA is applied to build
a better knowledge base in CBR system. Secondly, we propose a
new similarity method based on vector model to retrieve previous
cases. We compare our similarity measure and existing measures
with the UCI data sets by implementing a part of classification
CBR system. Our results indicate that (1) we obtain high improve-
ment of classification accuracy for hierarchical data structure when
comparing with non-hierarchical data structure, (2) our similarity
measure can be applied successfully for both classification and
problem-solving tasks, and (3) our similarity measure can classify
data sets better than existing similarity measures.
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Abstract base [4,12] depending on type of the data, learning

A significant open problem of case based reasoning
system is a construction of better knowledge base. We
propose a new framework for constructing alternative
knowledge base in case based reasoning system based on
rough sets and formal concept analysis. Our framework
first applies rough set theory for discovering reduced
cases required in a case based reasoning system. We then
achieve further hierarchical structure of knowledge base
using formal concept analysis. The resull is the concept
lattice knowledge base embedded to our proposed case
based reasoning system. A part of case based reasoning
system is developed with an example throughout. We also
discuss how our proposed framework can be beneficial
for a case based reasoning system.

1. Introduction

|

; A case based reasoning (CBR) [1,8,9,12] is a method
to problem solving that learns from prior experience,
stored in the case form. A single case represents specific
knowledge tie to a context. Several cases are stored in the
case base. The case base (after several leamning
experiences) will be constructed as the knowledge base. A
CBR system uses this knowledge base for the future
problem solving. Traditional CBR processes are ®
retrieving from previous cases, (ii) reusing the
information in that case, (iii) revising the solution and (iv)
retaining a new experience into the knowledge base
{1,12). In order to develop a proper CBR system, we
require knowledge base supporting the four processes
above which can be achieved by suitable knowledge
construction i.e., knowledge representation, knowledge
acquisition and knowledge organization. F irst, single case
can be represented by various forms in the knowledge

1-4244-1500-4/07/$25.00 ©2007 IEEE
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experience and etc. Second, knowledge acquisition is
obtained from the initial knowledge modeling and/or
successive knowledge maintenance [3,12]. Finally,
knowledge organization is a technique to rearrange
knowledge base to be helpful for retrieving previous case
process. Therefore, approaches to construct knowledge
base are key successes for a CBR system.

The tasks of CBR system are often divided into;
interpretive CBR and problem-solving CBR [3.8,9].
Interpretive CBR uses previous cases as reference points
for new situation. In contrast, problem-solving CBR uses
previous cases to only suggest the most applicable
solutions to new situation. Both tasks store objects that
are the properties as well as problem descriptions in
knowledge base for reusing in the future. However,
storing too many cases can result in very sizeable memory
requirements and slow execution speed. In addition,
knowledge base that comprises large number of objects
causes oversensitivity to noise so called overfitting. Thus,
we propose to alleviate this overfitting problem using
rough set theory (RST) and formal concept analysis
(FCA).

RST was introduced by Pawlak in 1982 [19,20]. Itis a
mathematical approach broadly used for classification and
data analysis [20]. Several researchers applied RST
approaches for knowledge acquisition in CBR systems
[10,11,17]. RST can be applied to CBR systems for the
problems involved hierarchical structure attributes 6],
finding weighting of attributes and reducing objects
technique [10]. The advantages of RST are finding
minimal sets of data, evaluating significance of data and
providing efficient algorithms for finding hidden patterns
in data [19]. According to several strengths of RST, our
framework uses RST for finding reduced cases and
alleviating overfitting challenging CBR researchers.



Nevertheless, stand alone RST cannot identify hierarchy
without deploying some heuristics

FCA, invented by Wille {13], is a method for data
analysis based on concept lattices. The problem of
generating the set of all concept of concept lattice is
extensively studied in the literature [14]. It is widely used
for information science [15] in order to describe a natural
attributes of information representation in hierarchical
structure model. FCA is especially well suited to identify
groups of objects with some common properties. Since
FCA and RST offer complementary approaches for data
analysis as “FCA focuses on concepts that are definable
by conjunctions of properties. Besides, RST focuses on
concepts that are definable by disconjunctions of
praperties. They produce different types of rule
summarizing knowledge embedded in data” {18]. Thus,
we combine FCA to RST in the present paper. FCA based
on formal context which is a binary relation between a set
of object and a set of attributes. In general, case base
contains several multi-value attributes. Therefore, the
transformation from multi-value attribute to binary
attributes is needed in FCA approach. Nevertheless, the
transformation creates expanded and redundant cases in
case base. RST attribute reduction is used once again to
thi§ case base. However, the expanded and redundant
case base still cause problem in retrieving process. Thus,
in our complete system, we will use latent semantic
indexing (LSI) [2] for deriving solution from previous
cases.

In this paper we focus on knowledge representation,
knowledge acquisition and knowledge organization in
CBR system. To reach the desired CBR system, we
amalgamate RST and FCA to construct knowledge base.
In Section 2, we describe related works. Section 3
provides preliminary of RST and FCA. Section 4 presents
our proposed CBR framework. Section 5 shows an
example of our propose CBR system. Section 6 concludes
the article and presents future works.

2. Related works

Wang et al. applied RST to CBR system for
knowledge representation [6]. Wierzbicki represented
cases in hierarchical structure form and extracted
dependency rules from knowledge base using the
indiscernibility relation (7]. Ziarko used RST for
derivation of predictive models from the data [16]. This
work also proposed to use hierarchical structure of
decision table for solving flat table structure.
Computation of uncertain rules and reducing the
boundary region by using rough set is studied as well.
Salamo et al. developed the classifier system called
BASTIAN based on RST [10,11]. They applied rough
sets for weighting method and reducing instances in the
case base.

228

Belen et al. [5] studied the usefulness of FCA for
supporting CBR to discover knowledge embedded in the
case base. The advantage of FCA is to automatically elicit
the attribute dependency inside the case base. In addition,
FCA is used to complete the knowledge already acquired
by other techniques of domain modeling. Unfortunately,
traditional FCA supports only binary relation in the data
table and real situation often includes multi-value
attributes. When FCA researchers faced this problem,
they simply transformed the values of attributes to be new
binary attributes. The result is loss of some information
from original attributes. In addition, this transformation
outputs large amount of new binary attributes and cases.
Thus, our proposed system architecture designs for
solving these problems using RST.

3. Primitives of FCA and RST
3.1. Rough sets

In this section, we provide some concepts of RST from
[10,16,19,20]. A data table has columns that are labeled
by attributes, rows are labeled by objects of interest and
entries of the table that are attribute values. We have
universe (U), which are non-empty finite set of N objects
{x;, X2 X3...%y}, called cases in the case base. Set of
attributes (4) in data table consists of two disjoint classes
of attributes, called condition attributes (C), described
problem  description, and decision attributes (D),
described goal or solution. Associate set of values of
attribute (¥, ), called domain.

Definition 1 (Information system). An information
system is a pair S = (U,A4), where U and 4, are non-empty
finite sets called the universe, and the set of attributes,
respectively such that a: U — ¥, , where ¥, is the set of
all values of a called the domain of a.

If we distinguish in the information system to two
disjoint classes of attributes, called condition and decision
attributes, respectively, then the system will be called a
decision table and will be denoted by S = (U,C,D), where
C and D are disjoint sets of condition and decision
attributes, respectively and CuD = 4.

Examplel. From Table 1, U= {C,, Cz, C3, C4, Cs, Cs, Cs,
Cg}, A= C UD = {a,, a, a3, 44, as} = {Destination, Type,
Trans, Region, Season}, C = {Destination, Type, Trans,
Region}, D = {Season}, Val = Vpestination = {Spain, New
York}, Vaz = Vppe = {Education, Active}, Vaj = Virans =
{Car, Train, Plane}, V, = V Region = { Sweden, France}and

V5= Veason = {Summer, Winter}.



Definition 2 (Indiscernibility relation). An equivalence
relation, referred to as indiscernibility relation, denoted
by IND(P) is associated with any subset of attribute
P c A. This relation is defined as:

IND(P) ={(x, y)e UxU : a(x) =a(y), Ya € P }.
The elements of U satisfying relation IND(P) are
indiscernible by attributes from P. U/IND(P) denotes the
equivalence class (the partition) of IND(P).

Definition 3 (Lower approximation). Let S = (U, 4) be
an information system, R < 4 and X ¢ U. We can
approximate X using only the information contained in R
by constructing the R-lower approximation of X, denoted
by RX, we define as RX = w{Y e U/ IND(R): Y < X}.

Definition 4 (Positive region). For attribute 4 = CuD, C
and D are condition and decision attributes, respectively,
and for a given set of condition attribute R < C, we can
define the P-positive region (POSg(D)) in the relation
IND(D) as: POSg(D) = U{RX : X € IND(D)}.

Definition 5 (Indispensable). Attribute ce R is a
dispensable feature in attribute subset RcC, if
POSp_y(D) = POSg(D), otherwise attribute ¢ is

inziispemable attribute.

Definition 6 (Reduct). Let R'c R. R'is a reduct of R,
if POSp (D)= POSk(D), and every attribute c: ce R'is

indispensable respectto R'.

Therefore, the reduct is minimal attribute subset of
information system, which classify capability is equal to
original attribute set of information system. It is
obviously that there may be several reducts of an
information system.

Definition 7 (Core). Core of information system S is the
intersection of all reduct of S, i.e. CORE(S) RED(S)

Where RED(S) is the reduct of information system S.

RST provides methods to choose the most important
attributes based on core (Definition 6) and reduct
(Definition 7). A reduct is essential part of information
system, which suffices to define all objects occurring in
the knowledgebase. An example of using the core and
reduct is provided in Section 4.

3.2. Formal concept analysis

FCA [6,13,14] is a mathematical approach to data
analysis based on the lattice theory. There is a binary
relation between set of objects and a set of attributes.
Form binary relation, one can construct hierarchical
structure of concept; each concept is the unification of
objects and attributes. [t realizes the relationship of
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generalization and specialization among concepts through
Hass diagram [6].

The formal context is defined as a triple (G, M, I),
(data table in RST) where there are two sets G (objects)
and M (attributes), and a binary (incidence) relation / <
GxM. Attributes can be described each object i.e.,
(g.m) el if the object g carries the attribute m (or m is a
descriptor of the objects g). An example of formal context
when it is depicted by a cross table is in Tables 3 and 4.
With a general perspective, a concept represents a group
of objects and is described by using attributes (its intent)
and objects (its extent). The extend covers all objects
belonging to the concept while the intent comprises all
attributes shared by all those objects. With 4cG and
BcM the following operator (prime) is defined as:

A'={m eM| (Vg €A): (gm)el },
B'={geG|(vm eB): (gm)el }.

A pair (4,B) where AcG and BcM is said to be a
Jormal concept of the context (G,M,[) if A’= B and B’ =
A. A and B are called extent and intent of the concept,
respectively. The set of all the formal concepts of a
context (G,M,[) is denoted by BG,M,]). The most
important structure on A(G,M.,]) is given by subconcept-
superconcept ordered relation denoted by < and is
defined as follows: (4,,B;) < (4, B;) if A; < A, (which is
equivaleat to B, < B)).

Let (G,M,]) be a context, (f(G,M,]),<) is a complete
lattice called concept lattice (Fig. 2) of the context
(G, M. 1), for which infimum and supremum are defined as:

InfAG.MY = NAq.B,) = (N 4e- (VB )],
a

v(4,,B,) = [(4,,(nB,)"].

Supf(G.M.[)

4. Our proposed CBR framework

Fig. 1 is an illustration of our proposed CBR
framework. CBR processes usually are: retrieving,
reusing, revising and retaining as mentioned in Section 1.
In a CBR system, new problems are solved by retrieving
(middle right box) previous case [1,8,12]. After that,
previous case is reused and revised (bottom right) the
solution in the case that acquires suggestion from
previous learning. Finally, derived solution is tested and
decided for retaining (top left) new case [12]. Our initial
framework presented in this paper involves three main
tasks of knowledge construction; knowledge
representation, knowledge acquisition and knowledge
organization as mentioned in Section 1 by using RST and
FCA techniques. We split tasks in our framework into
two main modules depending on the techniques used. The
first module is Reduced Case Base. We use RST to this
module to reduce size of case base. The second module is
Discovering Relationships in case base. This module uses
FCA in order to discover the relation in the case base. We



describe the first module in Section 4.1 and the second
module in Section 4.2.

Describe

ew problem

i l Initial I Reduced
a l\r}eevl\a::rs‘xse Case base Case bhase
1 +LFinding Reduced ! Iprene

Retrieve
us Cas

iv.Creating Concept|s
[

Case base ttice
| f
\
|ii.Té-qnsfon61ing lc1_.|iii.£i_ndin Reduced
Test Derive inary Data tnary Data Reuse and

Revise

Figure 1. Our proposed framework CBR system based on
RST and FCA techniques

4.1. Determining reduced cases

In a CBR system, knowledge starts from initial case
base that still requires many experiences to create proper
knowledge base. If the knowledge contains too many
cases, CBR system faces the overfitting problem which
affects the retrieval process. Therefore, we first use RST
for reducing cases. We use positive region and core
attribute (Definitions 4, 5) in RST for finding reduced
and evaluating the attributes in the case base,
respectively. Finding reduced cases in our framework is
occurred twice. The first reduced cases ((i) in Fig. 1)
occur in the initial case base process to reduce noisy cases
and overfitting. The second reduced cases ((iit) in Fig. 1)
occur when new case base is adjusted to binary form. The
results are a large number of binary attributes. Therefore,
we use rough sets for eliminating unnecessary attributes
and/or cases. We obtain reduced cases from rough sets
but we still cannot identify co-appearance of properties
for each case in the case base. A technique for alleviating
this problem is FCA as described in the next section.

4.2. Discovering relationships

!

To make FCA applicable, we have to transform the
case base containing several multi-value aftributes to
binary attributes by Transformed Binary Relation ((ii) in
Fig. 1). The output is the new case base in binary relation
form. The resulting case base is expanded both attributes
and objects that why we apply rough sets once again (as
mentioned in Section 4.1). Finally ((iv) in Fig. 1), FCA

can identify co-appearance in case base with Creafte -

Concept Lattice.

5. An example

, Our framework in Fig. 1 includes four main
processes: (i) finding reduced case base, (ii) transforming
case base to binary data table, (iii) finding reduce binary
data table, and (iv) creating concept lattice. Initially, we
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have the initial case base (data table that store several
cases) as in Table 1.

We describe details of our methodology to the case
base in Table 1 as follows: .
(i) Finding reduced case base ((i) in Fig. 1). We can
apply RST to the Table 1 with the following four sub-
processes to obtain reduced set of cases.

a. Find indiscernibility relation (/ND(P)) with respect to
decision attribute: D = {Season} (refer to Definitions 1,
2). We obtain indiscernibility relations:

U/IND (Season) = {{C[, C3, CG}, {Cz, C4, C5, C7, Cg}}
where X; = U/IND[Season = Summer] = {C,, C3, Cs}, and
X, = U/IND[Season=Winter] = {C,, C4, Cs, C7, Cs}.

b. Find core attributes. We begin with consider
condition attributes (C) and create lower approximation
(RX) of each condition attribute and then find core
attributes  (Definitions 3-3). We first consider
{Destination} and assign C = R = {Destination, Type,
Trans, Region}, and R, = {Type, Trans, Region}. Hence,
U/IND(R)={{C1,Cs}, {Ca.Cs}, { C3}, {Ca}, {Cs}, {Ca}}.
Lower approximations: R.X;= {({C\,Cs} < {C), C3, Cs})

U ({Gy, Cs} € {C1, G, Co}) v ({C3}{Cy, G5, Ce})
U({Ca} < {C1, C3, Cs}) U ({Cs} = {Cy, C3, Co}) U ({C7}
c {Cla C3s C6})} 0 {Cls C31 CG}’ %= {C23 C4s CS) C73

Cs}. Positive regions: POSp (D) = RX, U RX,= {C,
CZ’ C]: C4, CS: C69 C7, Cs}: POSRI(D) = R_l/\l URI_/YZ =

{Ch CZ: C3, C41 CSa C6’ C7s C3}
Because of POSy(D) = POSy (D) thus {Destination} is

not a core attribute. We repeat this b. step to the rest
condition attributes. Only one core obtained from Table 1
is {Trans}.

¢. Find reduct attributes. We refer to Definition 6 and
explain this step using Tablel, we set the reduct attribute
from selected core and dispensable attributes as {Trans,
Type}.

d. Eliminate dispensable attribute and redundant objects
by using reduct attributes. The reduced of initial case base
results are in Table 2.

(ii) Transforming to binary data table ((ii) in Fig. 1).
We use FCA technique for transforming data in Table 2
to binary data as in Table 3 by transforming each value in
Table 2 to new attributes in Table 3.

(iii) Finding reduced binary data table ((iii) in Fig.1).
We use RST again to reduce binary data table in Table 3.
We repeat processes (i)a-b to Table 3. We create sets of
core and reduct attributes. Dispensable attributes as well
as redundant objects are eliminated to retain reduced
initial case base as shown in Table 4.



Table 1. An example of decision table or case base

Destination Type Trans Region Season
C1 Spain Education Car Sweden  Summer
C2 NewYork Active Car France Winter
C3 NewYork Education Train Sweden  Summer
C4 Spain Education Plane France - Winter
C5 NewYork Education Plane Sweden  Winter
C6 NewYork Education Car Sweden Summer
C7 NewYork Active Plane France Winter
C8 Spain Active Car France Winter

Table 2. A Reduced case base

Type Trans  Season
C1 Education Car  Summer
C2 Active Car Winter
C3 Education Train Summer
C4 Education Plane Winter
C7 Active Plane Winter

(iv) Creating concept lattice ((iv) in Fig 1.). After
transformed (ii) and reduced case base (iii), we use FCA
technique again to create formal concept as in Table 5.
We create the relation with concept lattice for Table 4 as
in Fig. 2. We can use this concept lattice, which is
hierarchical structure, in order to reuse and revise solution
for solving new problem.

Table 3. Transformed binary relation in new case base
‘ E::::a Active| Car | Train | Plane | Summer | Winter
C1 1 0 1 0 0 1 0
C2 0 1 1 0 0 0 1
C3 1 0 0 1 0 1 0
C4 1 0 0 0 4 0 1
Cc7 0 1 0 0 1 (4} 1
Table 4. Reduced binary data table using RST
Educ Active [Car| Train [Summer|Winter
ation
Ci1[ 1 0 1 0 1 0
pjc2 | 0 1 1 0 0 1
PiC3 [ 1 0 0 1 1 0
[ [ca 3 0 0 0 0 1
C7] 0 1 0 0 0 1

Figure 2 illustrates a structure of concept lattices
associated to Table 4 by Hasse diagrams [5,6] that is a
graphical representation of formal context. Each node
represents a formal concept (Table 5) of formal context
(Table 4). Each edge between nodes represents the
subconcept-superconcept relation. The label of each node
are intent (inside [ ]) and extent (inside {}). The intent is
derived from union of the attributes in label [ ]. Similarly,
the extent is derived from union of the cases in label {}.
Besides, a structure of concept lattice provides
de]pendence knowledge inside in case base. Namely, if
label [ ] consists of several attributes, then there is a
co-appearance of all these attributes for all the cases in
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case base. In addition, the lower node is dependent to the
upper node for each edge.

This example illustrated two advantages of our
proposed framework. The first advantage is our proposed
system always retains the reduced (necessary) case base.
Thus, reducing in space and time of computation is
obtained (helpful for very large data). This reduced case
also solved overfitting problem. The second advantage is
the creation of hierarchical structure of case base that
results in better knowledge base. We can summarize that
Table 5 and Fig. 2 are new knowledge base that provide
better support processes of retrieving, reusing, and
revising for CBR system when comparing to Table 1. The
attribute dependency knowledge is extracted e.g., the
edges between winter and active or between education
and summer. For example, from Fig. 2, we can suggest
the new solution, if travel occurs in summer then holiday
type is education.

Table 5. Formal concept from Table 4

(B(G,M.l): set of formal concept
Formal | Extent Intent
concept|Case No.
Top (12347 |0

A 24,7 Winter

B 1,34 Education

C 2,7 Active, Winter

D 1.2 Car

E 1.3 Education, Summer

G 4 Education, Winter

H 3 Education, Train, Summer

| 2 Active, Car, Winter

J 1 Education, Car, Summer

Education, Active, Car

Bottom |& Train, Summer, Winter

Top

Bottom

Figure 2. A structure of concept lattices by Hasse diagram



6. Conclusion and future work

We proposed novel framework based rough set theory
and formal concept analysis for applying in a CBR
system. We used RST for alleviating overfitting problem
in case base. We also used FCA as an automatic
technique to elicit the attribute dependency knowledge
insilde the case base. In addition, FCA can identify the
relation in the hierarchy of concept in concept lattice and
prevent the redundancy of information in the case base.

In the future, we will use fuzzy sets for knowledge
representation and LSI for achieving the solution. LSI
will use to map new problem description with previous
case for retrieving process. The expected result of our
complete framework with LSI is the most similar case
retrieving from new large case base. An open problem is
the knowledge maintenance for retaining process that
remains complicated for inserting new case base.

|
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Abstract substantial new attributes. Such new attributes lead to

In this paper, we propose a new hybrid case based
reasoning system based on rough set theory, formal
concept analysis and fuzzy sets. This system applies rough
set theory to assure minimally sufficient cases in its case
base. It uses formal concept analysis to reveal knowledge
of attribute dependencies in terms of concept lattices.
Numeric attributes are transformed to be suitable for
Jormal concept analysis using fuzzy sets.

1. Introduction

A case based reasoning (CBR) [7,11] is a method to
problem solving using prior experience. Its process
includes retrieving from previous cases, reusing the
information in that case, revising the solution and
retaining a new experience into the knowledge base. The
brocess requires suitable knowledge construction [2,11]
ie, knowledge representation, acquisition and
organization. Thus, construction of knowledge base is a
key success for a CBR system. Since the CBR system
solve a new problem using previous solved cases, it may
store a number of redundant previous cases. This causes
oversensitivity to noise so called overfitting problem.
Therefore, rough set theory (RST) is proposed to solve
the problem [5,10,16]. Nevertheless, RST alone cannot
reveal hierarchical structures and co-appearance of case
properties. However, formal concept analysis (FCA) is
especially well suited to identify groups of cases sharing
common properties [12,14]. Therefore, we combined
FCA to fulfill RST for extracting hidden relations among
values of attributes. Unfortunately, the FCA
transformation  for numeric  attributes introduces
|

more space and time requirements for the CBR process
mentioned above. These attributes also form less useful
formal concept and concept lattice. Thus, we propose to
transform numeric attributes using fuzzy sets. Since both
FCA and fuzzy sets transformations might give an
overwhelming number of case attributes, RST is used
once again to assure minimally sufficient cases. Finally,
we propose to form concept lattices from reduced
transformed cases.

This article is organized as follows. Section 2 provides
details of rough sets, FCA and fuzzy sets. We present our
proposed CBR system as well as its illustrative example
in Section 3. Section 4 concludes the article.

2. Primitives of FCA, RST and Fuzzy sets
2.1. Rough sets

In this section, we provide RST concepts from [15,17].
An information system is a data table, whose columns are
labeled by attributes, rows are labeled by objects and
entries of the table are attribute values. We define
universe (U), which are finite (not null) set of N objects
{xn X3 x3...,xy}, called cases in the case base. Set of
attributes (4) in data table consists of two disjoint classes
of attributes: condition attributes (C) describing problem
description and decision attribute (D) describing goal or
solution. Associated set of values of attribute (V) is called
domain of V. The function mapped from objects to
attribute values is called information function f.

Information system is a data table. A data table is T =
(U AV, f), where 4 = CUD (CLD =@), V = Uy Vo
then /- Ux4— V is an information function such that
fxa)eV,VxeU,a €A.

i r,u,
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Examplel. From Table |, U/ = {C1, Cy, G5, Cy, Cs, G, C,
Cs}, A=C UD = {a,, a,, a,, a,, as, a5, a73 = {Destination,
Type, Trans, Region, Age, Price, Season}, C =
{Destination, Type, Trans, Region, Age, Price }, D =
{Season}, V; = Vpesination = {Spain, New York}, ¥,
Viyge = {Educstion, Active}, V,; = Virans = {Car, Train,
P‘lane}, Va4 = Vseason = {Summer, Winter}, /C}, a,} = f(C,,
Destination) = {Spain}.

The indiscernibility relation is an equivalence relation
over U. VP < A determines an indiscernibility relation
IND(P)={(x; x)) : (x, x)eUxU, ae P, fix; a) = S a)},
where x; x; are objects i and j where Lje(l, 2, .., N},
i#j, respectively. All indiscernibility relation in P
represented by U/IND(P).

In an information system 7, for each subset X' < Uand
an equivalence relation R < A, lower approximation is
defined as follows:

RX = U{Y e U/INDR): Y c X}.

For attribute 4 = CLD, C and D are condition and
decision attributes, respectively, and for a given set of
condition attribute R < C, we can define the positive
region (POSg(D)) in the relation IND(D) as:

POS(D) = U {RX : X € IND(R)}.

An attribute GieC is a dispensable attribute in C with
respect to D if POS-(D) = POSC_Cj (D).

An attribute C;eC is a core attribute in C with respect
to D if POS.(D) # POSC_Cj (D).

An attribute Cye C is a reduct attribute if C;is partof a
dispensable and/or core attributes (a reduced set of
attributes) where POS,(D) = POSCj_ (D).

2.2. Formal concept analysis

FCA [1,3,5,12] is a mathematical approach to data
analysis based on the lattice theory. The formal context is
defined as a triple (G, M, I), (data table) where there are
two sets G (objects) and M (attributes), and a binary
(incidence) relation / < GxM. Attributes can describe
each object ie., (g.m)el if the object g carries the
attribute m. Concept represents a group of objects and is
described by using attributes (its intent) and objects (its
extent). The extent covers all objects belonging to the
concept while the intent comprises all attributes shared by
all those objects. With AcG and BcM, following
operator (prime) is defined as: 4’ = fm e M| (Vge A):
(gm)el }, B’= {ge G | (Vm e B): (gm)el 4. A pair
(A,|B) where AcG and BcM is said to be a formal concept
of the context (G,M,I) if A“= B and B’ = A where A, Bare
extent and intent of concept, respectively. The set of all
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the formal concepts of a context (G,MI) is denoted by
B(G.M.I). The most important structure on LG M) is
given by subconcept-superconcept ordered relation ()
and is defined as: (4,B) < (A.B;) if Ay c A, Let
(G,.M,) be a context, (BG.MD),<) is a complete lattice
called concept lattice of the context (G.M.I), for which
infimum and supremum are defined as: Infg(G,. M)
=4 (B,)], SUp(G, M) = [ Ay (B, Y],
a a

Real world data table consists of multi-value attributes.
Thus, FCA researchers developed formal context that can
describe multi-value attributes (1,14]. In [1,3], formal
context (for multi-value attributes) is defined
as (G, M,(W,)ieas» 1) where G is a set of object, M is a
set of attribute, each W, is a set of possible values for
attribute me M, and I c Gx{(m,w) | me M ,we w,} is

a relation that (gmw)el(gmm) elow=w.(g,mw)el.
2.3 Fuzzy sets

Given a universe set, X, and a membership function,
M :X2[0,1], a fuzzy set [8,13] is a collection of pairs:
{(x, gx): x in X}. The example of membership
functions are piecewise-linear membership function [4],
n-membership function [6,9], and etc. Figure 1 is the
triangular membership functions defined over a universe
set of real numbers. Therefore, there are S fuzzy sets
defined: MIN, LMD, MDM, HMD, and MAX.

Degtee of membership

= — Atrribute vale
Min W+ Min w w + Max Max
2 2

Figure 1. An example of triangular membership function.
3. Our proposed hybrid CBR system

Our proposed hybrid CBR system assures minimally
sufficient cases and provides attribute dependency
knowledge in term of concept lattices in four steps. The
first step it uses RST to reduce size of case base. Next, it
transforms the case base containing several multi-value
attributes to binary attributes. Descriptive and numeric
attributes are transformed using FCA and fuzzy sets,
respectively. The output is new transformation case base
that expand both attributes and objects. Thus, in the third
we apply RST once again to obtain reduced case base. In
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the final step, FCA is applied to create concept lattice.
The following example illustrates our proposed system.

Suppose the initial case base is as shown in Table 1.
For simplicity, we use {E, A} for Education and Active of
{Trans}, {C, T, P} for Car, Train and Plane of {Type},
and {S, W} for Summer and Winter of {Season}.

Table 1. An example of decision table or case base

Destination | Type Trans [Region |Age |Price |Season
C1_[Spain Education |Car weden 20 {120 [Summer
C2 New York ctive ICar France 45 {350 |Winter
IC3_New York Education [Train  Sweden 50 (280 [Summer
IC4 [Spain Education Plane France [15 |200 MWinter
C5 New York Education Plane Sweden P5 450 WMWinter
C6 New York Education [Car Sweden [0 |550 [Summer
IC7 New York IActive Plane |[France 135 [330 |winter
C8 [Spain Active [Car rance R0 1120 Winter

) Table 2. A reduced case base

i Type Trans | Age | Price Season
C1 Education Car 20 120 Summer
c2 Active Car 45 350 Winter

C3 Education Train 50 280 Summer
C4 Education Plane 15 200 Winter

C5 Education Plane 25 450 Summer
C6 Education Car 30 550 Winter

C7 Active Plane 35 330 Winter

|

! Table 3. Transformed relation in new case base

. [Trans| Type Age Price Season

E[AIC|T] P IMINILMD|MDM [HMD [MAX [MIN[LMD[MDMHMBIMAX S |w
C1]1]0]1j0] 0 02|08} O 0 0J]1]0 0 0 0 1 0
ic2lof1f1fojoj o 0 0 [02]08|0([04[{06] O 4] 4] 1
&. ojoj1jofo} o 0 0 1 ]10[02{08{ 0 Q 1 0
1C4 0 jofo 1 0 ] 0 0 |o.1l08] O 0 [1] 0 1
[C5{1] 0 ]0[0 0107 0 0]0j0] 0 /f05]05 0 1
ce/1{0]1jo]jo | 0 [o0.1 0 lofJoJololo 1 1 ]0
c7io]1fojol 1 [o [ 0 04] 0lo[ojoslo2] o 0 [1

Table 4. Reduced data table using RST

1__[Trans{Type Age Price Season

E{ A |C| T [MIN|LMD{MDM|HMD| MAX [ MIN [LMD| MDM [HMD| MAX] S | W
cij1|/o0{1]/0f02]|08] 0 Q 0 1 0 a 0 4] 110
c2l0j1jtjoj 0] O 0 02} 08 0 |04 ] 06 0 0 011
C3 0[1] o]0 0 0 1 0 02|08 0] 0[]0
CA4 0 1 0 0 0 0.1{09 0 0 o] (U IR
CS 0 ]07]0. 0 0 0 0 05[05730] 1
C 0 ]01] 0. 0 0 0 0 0 0 1 1]0
C7[fc|l 1]0]0j{ 0| O | O. 0.4 0 0 0 08 102} O 0411

Using RST to determine sets of core attributes and
reduct attributes, we obtain core = {Trans} and reduct =
{Trans, Type, Age, Price}. Dispensable attributes as well
as redundant objects are eliminated to retain reduced
initial case base as shown in Table 2. Next we use FCA to
transform descriptive attributes: Trans, Type, and Season
and fuzzy sets to transform numeric attributes: Age and
Price. The later transformation- uses triangular
membership function defined in Figure 1. Table 3 shows
the result of these transformations. Table 4 is reduced
version of Table 3 using RST. The last step, we use four
predefined relationship intervals ([0.3, 0.5], (0.5, 0.7),
[0.7,0.9], and [1] ) over the linguistic variables {Age,
I;’rice} in Table 4 to create four concept lattices as shown
in Figure 2. Each node represents a formal concept of
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formal context (Table 4). Each edge represents
subconcept-superconcept relation. Labels of each node
are intent (inside [ ]) and extent (inside {}). Intent is
derived from union of the attributes in label { ]. Similarly,
extent is derived from union of the cases in label {}.
Structure of concept lattice provides dependence
knowledge in case base. If label [ ] consists of several
attributes, then there is a co-appearance of such attributes
for all the cases in case base. In addition, lower node is
dependent on the upper node for each edge.

b) 0.9, 0.7] Concept lattice ¢} (0.5, 0.7) Concept lattice d) (0.3, 0.5] Concept fattice

Figure 2. Concept lattices generated from Table 4

4. Conclusion

We propose a hybrid CBR system based on RST, FCA
and fuzzy sets to achieve minimally sufficient case base
while well supporting CBR process. RST is used to solve
overfitting problem. FCA is used as an automatic
technique to discover attribute dependency knowledge
from case base based on predefined intervals of
relationship values. Numeric attributes are transformed
into predefined fuzzy sets to be suitable for FCA. This
way this CBR system assures minimally sufficient cases
and provides attribute dependency knowledge in terms of
concept lattices. However, effectiveness of this new CBR
system relies on predefined fuzzy sets associated with
numeric attributes and predefined intervals of relationship
values.
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Abstract [2,9,10]. The output of such matching process in the

Rough set theory and formal concept analysis were
invented by Pawlak and Wille in the 1980s and have
been applied successfully in several domains. In this
paper, we propose a new case-based classifier system
based on an integrated rough set theory and Sformal
concept analysis technique.

iWe focus on the construction of a better knowledge
base to produce the classification rules. Our system
employs rough set theory to discover reduced cases.
We then formulate a knowledge base with hierarchical
structure by using formal concept analysis. The result
is a concept lattice knowledge base embedded in our
case-based classifier. We can generate classification
rules from implications and subconcept-superconcept
relations inside the obtained concept lattice. An
illustrative example and a case study are provided to
demonstrate the feasibility and applicability of our
system. The advantages of our system are thus a better
knowledge base for new problem classification and the
flexibility to learn new rules.

|
1. Introduction

Case-based reasoning (CBR) is a method for
problem solving that learns from prior experience and
uses a knowledge base for future problem solving.
When considering the tasks of a CBR system, they are
often divided into classification and problem-solving
CBR [IL,15]. In this initial study, we focus on
classification CBR. Classification CBR (case-based
classifier) uses the previous cases as a reference point
for new situations. Performance of CBR depends on
the competence of learning and size of the case base.
Traditional case base classifiers focus on matching
pfocess by using similarity and difference measures
between the new situation and the previous ones

978-0-7695-3407-7/08 $25.00 © 2008 IEEE
DOI 10.1109/1CCIT.2008.343
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classification system provides a solution to the input
problem, and thus does not require additional reasoning
[10]. However, previous experiences should be added
and considered for all cases to achieve knowledge in
terms of classification rules. In order to hybridize these
rule-based techniques and cases in CBR, the supporting
structure of the knowledge base is required. Hence, we
propose a new case-based classifier with more
supportive knowledge base construction.

Our previous studies applied rough set theory
(RST) in a CBR framework to obtain reduced cases
[6,7). We use RST in the present paper to enhance
performance of knowledge construction. Nevertheless,
stand alone RST cannot identify hierarchical structures
and co-appearance of attributes for each case in the
case base unless some heuristics are applied. Hence, we
include  formal concept analysis (FCA) in our
proposed system. FCA can elicit the attribute
dependency inside the case base in concept lattice
form. FCA identifies the subconcept-superconcept
relation in the concept lattice and prevents redundancy
[6,7]. In this study, we apply the obtained concept
lattice to derive classification rules for our case-based
classifier system. These rules are then used to classify
new problems into an appropriate class.

This article is organized as follows. In Section 2,
we describe related works. Section 3 provides
mathematical details of RST and FCA with discussion.
Section 4 presents our proposed case-based classifier
system followed by an illustrative example and case
study in the subsequent section. Finally, we conclude
the paper and list our future works.

2. Related works

In this section, we briefly review interesting
previous works of FCA and RST in CBR systems.

B co[r%EEuter
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Practically, FCA and RST offer related and
complementary approaches for data analysis.

Rule-based classifier systems were developed by
several researchers [2,10,12,14]. Its classification
accuracy depends significantly on coverage of the case
base. Usually, the system requires a very large case
base to obtain desirable accuracy. This large case base
degrades the speed of case retrieval. Thus, the goal of
case-based classifier systems is to build a minimal and
sufficient knowledge base. There are two approaches to
case-based classification problems: a similarity-based
approach and a rule-based approach. In this study, we
focus on the latter. A rule based classifier uses
extracted [F-THEN rules (decision rule) in
classification. Gupta et al. proposed an approach to
integrate association and classification rules based on a
concept lattice [2]. In [14], Xiong et al. built a fuzzy
classification system and used genetic algorithms to
achieve general rules from all possible rules. Current
issues of rule-based classifiers are (i) develop a system
with a sufficient number of rules and (ii) generate more
suitable knowledge bases.

Pawlak introduced RST and developed several RST
approaches in order to support a wide range of
applications [19]. RST is a promising method to CBR
systems because CBR involves large scale data that
RST can be applied to efficiently. In [8], Wierzbicki
derived the dependency rules by using the
indiscernibility relation in RST to solve complex
problems efficiently. Salamo et al. developed the case-
based classifier system called BASTIAN based on RST
[13]. They applied RST to weight and reduce cases in
the case base and can retrieve the nearest similar case.
RST was used to reduce the initial case base by several
researchers. Sankar et al. [9) used fuzzy sets to
represent cases to support similarity measure methods
after they applied RST to reduce the case base. The
advantage was that it supported numeric data very well.
Following these successes of RST in CBR, we apply
RST for case reduction in our case base classifier.

Belen et al. [4,5] used FCA to discover knowledge
embedded in the case base. It is used to complement
the knowledge already acquired by other techniques
[5]. However, traditional FCA supports only binary
data tables and real situations often include multi-value
attributes. When FCA researchers faced this problem,
they simply transformed the values of attributes to new
binary attributes. This new formal context can be used
to build rules with its implications. However, this
process was found to be NP-hard [17]. To alleviate this
problem, we apply RST to reduce the new formal
context. Concept lattices generated by FCA were
apblied very successfully in several studies (cf. [17]).
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We thus use FCA to generate concept lattices as a new
form of knowledge base.

3. Primitives of FCA and RST

3.1 Rough set theory

Mathematical rough set theory (RST) was
introduced by Zdzislaw Pawlak [19]. Its major function
is to automatically transform data into knowledge
[6,7,13]. This section provides some theoretical
concepts of RST taken from {19].

A data table contains columns, rows and entries that
represent attributes, objects and attribute values,
respectively. This data table can be viewed as an
information system which is a pair S = (U, A) where U
is a finite non-empty set of N cases {x, x ceuXn}
called the universe, and A is the set of attributes in the
data table such that a: U — V,, where V, is the set of

all values of a called the domain of a. We distinguish
the information system to two disjoint classes of
attributes. Condition attributes (C), describe properties
of the problem, and decision attribute (D), describe the
goal or solution The system will be called a decision
table and will be denoted by S = (U, C, D), where
CUD = A. An equivalence relation, referred to as
indiscernibility relation, IND(P), is associated with any
subset PcA. This relation is defined as:
IND(P) =((x, y)e UxU: a(x) = a(y), Ya € P).

It is the most important relation considered in rough
set theory. The elements of U satisfying relation
IND(P) are called indiscernible by attributes from P.
U/IND(P) denotes the equivalence classes (partition) of
IND(P). In most of the problems considered in the
literature, data contains vagueness and uncertainty.
RST is very efficient to deal with this type of data by
approximating the given data set. We can approximate
X, using the information contained in R by constructing
the R-lower approximation of X:

RX = |J{Y €U/ INDR):Y c X,
where Rc A and Xc U.

We can define the positive region POSg(D), in the

relation IND(D) as POSg(D) =|J{ RX : X e IND(D)} .

Attribute ceR is a dispensable attribute in attribute
subset RC, if POSg_/(D)=POSg(D), otherwise ¢ is an

indispensable attribute. Let R c R. R'is a reduct R
(RED), if POSg(D) =POSg(D). Intuitively, a reduct
can be understood as the minimal attribute subset of the
information system in which its classification ability is
as same as the original attribute set. Obviously, there
may be several reducts for an information system.
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Next, the core of the information system S is defined as
CORE(S) =NRED(S) where RED(S) is the reduct of

information system §. From the abeve principles, RST
is able to extract necessary condition attributes based
on core and reduct.

3'.2 Formal concept analysis

" Formal concept analysis (FCA), invented by Wille
(3,16,18], is a method for data analysis based on
concept lattices. It is widely used for information
science [18] to describe attributes of information
represented in the hierarchical structure model. We are
able to formulate the relationship of generalization and
specialization among concepts through a data
represeatation in FCA called Hass diagram [5).

The formal context is defined as a triple (G, M, I),
(data table in RST) where there are two sets G (objects)
and M (astributes), and a binary incidence relation I <
G x M. Attributes describe each object, (g, m) e I if the
object g carries the attribute m (or m is a descriptor of
the objects g). A representation of a formal context is
called a cross table. With a general perspective, a
concept represents a group of objects and is described
by attributes and objects. The extend covers all objects
belonging to the concept while the intenr comprises all
attributes shared by all those objects. With a set of
objects A < G and a set of attributes B < M, the
derivation operators are defined as:

A'=(meM|(Vg eA) (g, m)el),
B'={g eGl(Vm eB): (g, m)el)

In other words, a pair (A, B) where AcG and BcM
is said to be a formal concept of (G, M, I)if A’= B and
B’= A. A and B are called extenr (extension) and intent
(intension) of the concept, respectively. The set of all
formal concepts of a formal context (G,M,]) is denoted
b)\l B(G,M,I). The most important structure on BGMI)
is given by the subconcept-superconcept ordered
relation denoted by < defined as follows:

(ALB1) < (A3B:) & A CA; (& B, CB)).
(BGM,I),L) is called the concept lattice of the
context (G,M,1), for which the infimum and supremum
are defined as

InfAGM,I) = ‘_/E\I(A,-,Bi) = [_r;(A,-,(i:J,Bi)"],

Supﬂ(GrM»I) ‘_\E/,(Ai’Bi) = [U(Al’(ler) B[)"])

iel

where ((4.B)liel} c B(G,M,I).

. In our proposed system, we build concept lattices
fx;om the case base in reduced and binary form. This
concept lattice can provide classification rules by its

implications. An implication between a set of condition
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attributes C and a decision attribute D is a pair of
subsets of all attributes in an information system,
denoted by C —> D. The set C is the premise of the
implication and D is conclusion. C — D holds in a
context (G,M,]) if each case that has all the attributes in
C also has all the attributes in D. Thus, new
classification rules can be generated more efficiently by
this implication.

4. Our proposed case-based classifier

Our proposed case-based classifier system is
divided into three main phases: knowledge base (Figure
1), rule learning (Figure 2), and classification (Figure
3). Phase 1 involves construction of a knowledge base
to generate initial rules. Phase 2 performs rule learning
to initial rules that can improve the performance of
classification. Finally, Phase 3 classifies new problems
using all of rules from Phases 1 and 2.

? Initial rules

Create Initial
Rules

Training
Data Set

+ Cases base Concept lattice
Find Reduced
Case Base
‘Reded Y ? Concept lattice
ase

Create Concept
Lattice

Transform to Bi";’)?;:ase
Binary Data |——————

Figure 1. Phase 1: Knowledge base

In the knowledge base phase, we begin by using an
initial case base to build a new structure of knowledge
base. High dimensional data can cause inefficient time
and space complexities, thus to obtain a reduced case
base, we first apply RST to reduce irrelevant attributes
and redundant cases. Next, we transform each attribute
value in the reduced case base into new attributes.
These new attribute values are represented in the binary
relation form (e.g., Table 3, for more information the
reader is referred to [6,7]). Next, we use RST once
again to assure the sufficiently reduced number of
cases. Afterwards, we use the FCA technique to
construct a concept lattice. We then consider
implications in the formulated concept lattice to build
initial rules. In this phase we finally obtain a concept
lattice and initial rules.
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Condition
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Classification
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Rules |

Decision
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Consider
Lower Level

Rules
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Figure 2. Phase 2: Rule learning

In Phase 2, to enhance the covering capability of
rules, we evaluate initial rules with the training data set.
If they can classify correctly, we output the obtained
class. Otherwise, if these initial rules cannot classify
the training data set, we generate more rules from the
subconcept-superconcept relation stored in the concept
}attice. We end this phase by updating new rules and
repeat the processes. These rules are used to classify
new problem more accurately.

No

New
Problem
Yes @

\

Probl P
Srolvi‘:;1 Classifiable Classification
CBR
Class

Retain and
Interaction

1 New experience

Figure 3. Phase 3: Classification

The last phase is classification, depicted in Figure
3. We use the acquired rules from the Phases 1 and 2
for classifying new problems. If it is not a new case, we
will consider its classification ability by our existing
rules. Its proper class will be provided as a result for
classifiable problems. Otherwise, our system requires
interaction with users in the retain and interaction
processes. The new experience will then be added to
ithe problem solving CBR module. On the other hand, if
a new case is input, we will send it to the problem
isolving CBR. Phases 1 and 2 will be completed in our
‘future works.
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S. Illustrative example and case study

Table 1. An example of initial case base

D Welight Door Size Cylinder Class
1 Low 2 Compact 4 High
2 Low 4 Sub 6 Low
3 Med 4 Compact 4 High
4 High 2 Compact 6 Low
5 High 4 Compact 4 Low
6 Low 4 Compact 4 High
7 High 4 Sub 6 Low
8 Low 2 Sub 6 Low

Initially, we demonstrate details of our method in
Phase 1 to the given case base in Table 1. Condition
attributes are Weight, Door, Size, and Cylinder. The
final column, decision attribute, is Class. We apply
RST attribute reduction to this initial case base to
reduce the size of the case base. We obtained the core
attributes and reducts from our previous studies [6,7] as

core attribute = { Weight},
reducts = { Weight, Size}.

Table 2. A reduced case bases

D Weight Size Class
1 Low Compact High
2 Low Sub Low
3 Med Compact High
4 High Compact Low
7 High Sub Low

The new case base in Table 1 is reduced according
to these reducts as shown in Table 2. Afterwards, we
transform this reduced case base to have binary
attributes by using FCA as shown in Table 3.
Obviously, this new case base is expanded in both
attributes and objects. Thus, we apply RST once again
to reduce this new case base. Please note that Table 3 is
in the reduced form already.

Table 3. A formal context

D Weight Size Class
Low Med High | Compact Sub Low High
1 1 0 0 1 0 0 1
2 1 0 0 0 1 1 0
3 0 1 0 1 0 0 1
4 0 0 1 1 0 1 4]
7 0 0 1 0 1 1 0

We use the FCA technique again here to create a
formal concept (Table 4). From this formal concept, we
extract the new relation in concept lattice form as in
Figure 4. It depicts the knowledge base in hierarchical
structure which is better than traditional case base
(Tables 1, 4) in both retrieval and further rule learning
processes. Each node represents a formal concept, each
edge is the subconcept—superconcept relation.



Table 4. Formal concept from Table 3

B(G,M,I): set of formal concept

Formal Extent Intent
pt Case No.

Top 12347 ©
A 247 Class.Low

'8 134 Size.Compact
c 21 Weight.Low
D 27 Class.Low,Size.Sub
E 47 Class.Low,Weight.High
F 31 Class.High, Size.Compact
G 2 Class.Low, Weight.Low, Size.Sub

‘'H 1 Class.High, Size.Compact, Weight. Low
I 4 Class.Low,Weight.High,Size.Compact
J 3 Class.High, Size.Compact, Weight.Med
K 7 Class.Low,Weight.High,Size.Sub

Class.Low, Class.High, Weight.High,
Weight.Med, Weight. Low, Size.Compact,
Size.Sub

Bottom @

Figure 4. Knowledge base in the structure of concept lattice

The representation in Figure 4 gives another view
of the knowledge base since it visualizes inherent
s{tructure existing in the given data clearly without
expert knowledge.

We consider class nodes from top to bottom of this
concept lattice and use implications to create rules.
Then, we build the initial rules as shown in Table 5.
The classification accuracy of the initial rules is 100%.
Thus, we not only obtained the decision rules but also
the concept lattice knowledge base.

Table 5. The initial rules

! Rule

Antecedent Consequent

' order
© T 1 1t (Size=Sub)
If (Weight=High)

3 If (Weight= Low and Size=Sub)

4 If (Weight= Low and Size= Compact)
5 If (Weight= High and Size= Compact)
6
7

Then Class = Low
Then Class = Low
Then Class = Low
Then Class = High
Then Class = Low
Then Class = High
Then Class = Low

If (Weight= Med and Size= Compact)
If (Weight= High and Size= Sub)
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We also ran an experiment on a real-world machine
learning problem from UCI repository: LENSES [1].
The goal is to predict whether people require soft, hard
or no contact lenses. There are 4 condition attributes (1
tertiary) and 24 examples cover all cases. The
documentation for this data set concluded that the
correct number of rules to cover all examples is 9 (cf.
[1]). The following are the portions of initial case base,
formal context and a full obtained rule set, respectively.

Table 6. A case study: LENSES data set

tearProduc-

age spectacle astigm-atic tlon Class
young myope no reduced noContact
young myope no normal softContact
presbyopi ~ hypermetro
> pe yes normal noContact

Table 7. A formal context for LENSES data set

age.prepr age. spect... Class Class.
age. esbyopic presbyopl acle. Class. soltCtlmta Hard
young c myop noContact ot Contac
e t
1 0 0 1 e 1 0 0
1 0 0 i Cz- 0 1 0
e, o 1 0 &Y % \b i
Table 8. A full obtained rule set
Rule Rule
order
1 1t (tearPraduction=reduced) Then (Class= noContact)
2 If (astigmatic=no and spectacle=myope and

age=presbyopic) Then (Class= noContact)
If (astigmatic=yes and spectacle=hypermetrope and

3 age=pre-presbyopic) Then (Class= noContact}

4 If (astigmatic=yes and spectacle=hypermetrope and
age=presbyopic) Then (Class= noContact)

5 If (tearProduction=normal and astigmatic=no and
spectacle=hypermetrope) Then (Class= softContact)

6 It (tearProduction=normal and astigmatic=no and
age=young) Then (Class= softContact)

7 If (tearProduction=normal and astigmatic=no and age=pre-
presbyopic) Then (Class= softContact)

8 It (tearProduction=normal and astigmatic=yes and
spectacle=myope) Then (Class= hardContact)

9 if (tearPraduction=normal and astigmatic=yes and

age=young) Then (Class= hardContact)

Due to space limitation, we do not depict the
concept lattice knowledge base (used to derive the
rules). Essentially, we create 9 initial rules successfully
for this real-world data. The accuracy is 100% as in our
example. However, the accuracy rate of the rules could
be reduced proportionally to the size of the data set.
Thus, the rule learning phase should be added to learn
these obtained rules. The problem solving CBR should
also be attached to our system to be able to perform
both classification and problem solving from the
knowledge base.
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6. Conclusion

We propose a new CBR classifier framework based
on FCA and RST. This integrated technique leads us to
satisfactory knowledge base construction. The
formulated knowledge base is in the structure of a
concept lattice. Its implications provide classification
rules efficiently where the time and space complexities
are reduced.

Our system constructs a better knowledge base
which best suits the inherent data structure for new
problem classification and has the flexibility to learn
new rules. In our complete research, a rule learning
phase will be added to improve the classification
ability. The problem solving CBR module will also be
constructed based on our proposed knowledge base.
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ABSTRACT

The focus of this paper is a construction of better knowledge base
in case-based classifier system. Our knowledge base structure is
based on concept lattice where rules are built from its subconcept-
superconcept relation. Since the lattice can only be constructed
from inputs with binary attributes, descriptive and numeric
attributes must be transformed to binary attributes. In this paper,
we propose the transformation of numeric attributes to descriptive

Veera Boonjing
Software Systems Engineering
Laboratory, Department of
Mathematics and Computer Science,
King Mongkut's Institute of
Technology Ladkrabang,
Bangkok, Thailand 10520

kbveera@kmitl.ac.th

attributes using fuzzy set theory. We experiment on benchmark:

data sets, Car and Iris, to determine the performance in term of
number of rules used and classification precision. The results
show that trend of accuracy is proportional to the size of learning
inputs. The number of rules used is relatively small compared
with size of training data. Our case-based classifier produces very
promising results in practice and can classify the new problem
more accurate than traditional classifiers.

Categories and Subject Descriptors
1.5.2 [Design Methodology]: Classifier design and evaluation.

Geqeral Terms
Algqrithms, Design, Experimentation.

Keywords
Formal concept analysis, Concept lattice, Fuzzy sets, Case-based
classifier, Knowledge acquisition.

1. INTRODUCTION
Case based reasoning (CBR) [2,10] is a method to problem
solving that leamns from prior experience and uses knowledge base

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
notimadc or distributed for profit or commercial advantage and that
copies bear this notice and the full citation on the first page. To copy
otherwise, or republish, to post on servers or to redistribute to lists,
requires prior specific permission and/or a fee.

CSTST 2008, October 27-31, 2008, Cergy-Pontoise, France.

Copyright 2008 ACM 978-1-60558-046-3/08/0003.$5.00.

-13-

Puntip Pattaraintakorn
Department of Mathematics
and Computer Science,
Faculty of Science,
King Mongkut’s Institute of
Technology Ladkrabang,
Bangkak, Thailand 10520

kppuntip@kmitl.ac.th

for the future problem solving. A single case represents specific
obtained knowledge, stored in the case base. CBR system that
intends to classify new problems is referred to as a case-based
classifier. In practice, case-based classifier uses the knowledge
base from case base to determine an appropriate class for a new
problem. To identify class of the new problem, the tradition case-
based classifier focuses on similarity retrieval of previous cases to
solve the new problem [7,9,13]. Nevertheless, the previous
experiences should also be processed for all cases to achieve the
knowledge. One of such techniques to achieve knowledge is the
usage of rule-based. In order to hybridize the rule-based technique
and cases in CBR, the supporting structure of the knowiedge base
is required.

Intuitively, rules represent general knowledge of domain whereas
cases specify knowledge. This general knowledge gives more
accurate results than specific knowledge for problem solving task.
Thus, we propose to build new case-based classifier using formal
concept analysis (FCA) in the general rules acquisition.

FCA [4,17,19] is a method for data analysis based on concept
lattice. It is widely used for information science [19] to describe
attributes and objects of information that can be represented in
hierarchical structure. FCA provides relationship of generalization
and specialization among concepts in concept lattice form.
Representing a case base in concept lattice form is very useful.
From a practical point of view, we can directly elicit the attribute
dependency inside the case base. Furthermore, we can identifies
the relation in concept lattice which gives redundancy prevention
in the case base [4,17]. Thus, FCA will be used to construct
knowledge base. We apply the obtained concept lattice from FCA
to build rules for our case-based classifier. Next, these rules are
used to classify new problem into an appropriate class.

Unfortunately, traditional FCA supports only binary relation and
real situations often include multi-value attributes. The numeric
attributes transformation in FCA technique also generates a great
number of new attributes. Such new attributes lead to more space



and time requirements. They also affect qualities of formal
concept and concept lattice. To avoid these troubles, we transform
numeric attributes using fuzzy set theory (FST). FST is a
mathematical concept proposed by Zadeh [11,15]. The usage of
FST can change numeric attributes to more flexible degree and
thus reduce size of the case base. The salient advantage of FST is
to de?cribe an elastic relation between attributes and objects. The
result is new case base in which its values are in the interval {0,1].
We use this interval to predefine layer to support the FCA in
knowledge base structure.

This article is organized as follows. In Section 2, we describe
related works. Section 3 provides mathematical details of FCA
and FST. Section 4 presents our proposed case-based classifier
system follows by the experimental results in the next section.
Finally, section 6 gives conclusion.

2. BELATED WORKS

In this section, we brief interesting previous works of traditional
classifier systems follows by traditional classifier systems based
on rule-based and case-based classitier system.

FST was applied successfully to support numeric attributes on
clasgiﬁcation problems. Xiong et al. {16] built fuzzy classification
systém and used genetic algorithms (GA) to achieve the general
rules. These rules had average accuracy 96.70 % for cross-
validation using training data 96.00% for Iris data set. For Cancer
data set, the accuracy is 91.00 % for cross-validation using
training data 85.40%. Their system required many training data
set for achieving correctly classification. Fakhrahmad et al. [18]
proposed a method for rule generation and rule weighting from
numeric input data by using fuzzy sets. They used a learning
mechanism to find weight of specific and general rules which can
prevent overfitting. Their system can deal with high dimension
data sets. Its performance is more effective in reducing the error
rate of the classifier than those systems with traditional weighting
metrics and C4.5. Pach et al. [6] used fuzzy association rules to
enhance efficiency of classification. The associate rules often
causle a superfluous number of rules. From these studies, FST
support the numeric attributes, which provide its interpretability.
In other word, the performance of classification model is not only
considerable its interpretability, but extend to its accuracy. The
addition of association rules to classification rules is an
interpretation. Gupta et al. [3] proposed an approach to integrate
association and classification rules based on concept lattice. The
advantage of concept lattice in this system was its ability to
increase the incoming input data.

Furthermore, the lattice is successfully used in classifier systems.
In [12], Sahami used training data to build Galois lattice. This
lattice was used to induce classification rules and support
des"criptivc attributes or binary data. In addition, users are able to
spe}cify and configure the system to induce classification rules.
Wang et al. [20] proposed Classification Rule Acquisition Based
on' Extended Concept Lattice (CAECL) that improved their
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previous work called LACS. The authors employed rule novelty
to prune rule sets. The comparisons of CAECL and LACS for Iris
and Car data sets were given as shown in Table 1.

Next, we consider interesting case-based classifiers. Traditional
similar-based classifier systems were developed by several
researchers. The goal of similar-based classifier is to retrieve
previous cases to solve the new problem. Jurisica et al. [7]
proposed the case-based classifier system called T43. They used
context-based similarity to retrieve relevant cases and then used
them for the classification task. Salamo et al. [13,14] developed
the case-based classifier system called BASTIAN with three
methods: the original method (without weight), the weighting
rough set method, and the sample correlation method. They
applied RST for weighting method and reducing attributes in the
case base. In addition, their system used sample correlation to
compute weights. Their system represents previous case with
attribute-value description and its solution. The authors retrieved
solution using different similarity metrics such as Minkowsky’s
metric, Clark’s distance and the Cosine distance.  Their
experiment results show that performance of weight methods is
better than original method as shown in Table 2.

Table 1. The results for Iris and Car data sets' from [20].

Car Iris
Algorithm | Accuracy { Number | Accuracy | Number
(%) of rules (%) of rules
LACS 64.00 9.00 90.70 10.00
CAECL 64.00 6.00 89.3 12.00

Table 2. The accuracy mean for the Iris data set” from [13,14]

o Methods
Training

%) Without Rough sets Sample

< Weight and Weight | Correlation
40 96.22 96.00 96.22
60 95.33 95.50 96.16
70 95.11 95.33 95.77
80 97.00 97.00 97.33
90 96.66 96.66 97.33

FCA also was applied to support case-based classifier. Belen et al.
[5] used FCA as a complementary technique to enrich the domain
taxonomy which provided an alternative organization of case
base. Luke et al. [9] introduced case-based collective
classification. Collective classification is a methodology that
simultaneously classifies cases which may be interrelated. The
author used k-nearest neighbor (k-NN) rule for case-based
classification. Moreover, our initial study [8] proposed a

! They used 50% data for training and 50% data for testing.
2 They used 10-fold cross-validation.



framework for constructing knowledge base in CBR system based
on rough sets, FST and FCA. The advantages are alleviation of
overfitting problem, reduce cases and elicit attribute dependency
knowledge base. However, usage of rough sets in our previous
work leads to slowly speed of our system. Thus, in this paper we
drop the rough sets technique to achieve the faster speed.

3. PRELIMINARIES

3.1 Formal Concept Analysis

Definition 1. [17] The formal context is a triple (G, M, I), where
G denotes cases, M denotes attributes, and I < GxM denotes a
binary incidence relation where (g,m) €l if m is a descriptor of the
objects g.

Definition 2. [4] A pair (4.B) is a formal concept of (G, M, I) if
and only if 4cG,BcM, A'=Band4 = B’

when A'={meM|(vg €A4):(gmel},

| B'={geG|(vm €B):(gm)el }.
The set 4 is called the extent and the set B is called the intent of
concept.

Each formal concept includes a pair of the extent and the intent.
The extent consists of all cases that have intersection of attributes
and the intent consists of all attributes corresponding to the
extent. '

Definition 3. {4] Let S(G.M,I) be the set ot all formal concept in
formal context (G.MI). The concepts of given context are
naturally ordered by the subconcept-superconcepl ordered

relation denoted by < and is defined as follows:
(A1.B) < (A2B) < A, cA; (< B,B)).

Definition 4. [17] Let (GM,1} be a formal context, then

(BG.MI),<) is a complete lattice called concept lattice of the
context (G,M.1), for which infimum and supremum are defined as:

WBGMY) = A4y, By) = [N(4g:(V B, )],
a a a

SupBGM.l) = V(A,,By) = [U(4y,(0 B, )]
a « a

|

In our proposed system we build concept lattice from initial case
base. This concept lattice can provide classification rules from
subconcept-superconcept ordered relations.

3.2 Fuzzy Set Theory

Fuzzy set theory is a mathematical knowledge representation
based on degrees of membership (degree of truth) rather than crisp
membership of binary logic [7,15]. It uses the continuum of logic
value between 0 (completely false) and 1 (completely true). We
use fuzzy sets to transform numeric attributes into continuum of
logic values.

Definition 5. [15] Let F be numeric attributes which defined by
F={A,A,..., A} where 4, is k-th numeric attributes in a

cas;t: base. The membership function of set A; is defined by
,uA', (v):¥; > [0,1], where value of x, (v) is 1 if v is totally

inA4;, 0ifvisnotin .4 and 0< (v) <l ifvis partly in 4;.
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In this paper, we use the triangular membership function in Figure
1 to transform numeric attribute to be new linguistic variables. We
set linguistic values to be {MIN, MDM, MAX} which refer to
minimum attribute value, medium attribute value, and maximum
attribute value, respectively.
MIN

MDM MAX

Degree of nembership

1T 17

Attribute Value

avg max

Figure 1. A triangular membership function.

4. OUR PROPOSED CASE-BASED
CLASSIFIER SYSTEM

Figure 2 illustrates our proposed case-based classifier system
architecture. It is divided to three main phases: knowledge base
(Figure 3(a)), rule learning (Figure 3(b)), and classification
(Figure 3(c)). Phase | produces new structure of knowledge base
for achieving initial rules. Phase 2 uses initial rules from Phase 1
to enhance performance of classification with rule leaming.
Finally, Phase 3 classifies new problem using all of rules from
Phases 1 and 2. In addition, this phase also suggests the solution
for the new problem and reorganization for retaining by user. -

Phase 1: Knowledge base.

The detail of this phase is shown in Figure 3(a). We begin with
using an initial case base to build a new structure of knowledge
base. FCA and FST are used to transform descriptive and numeric
attributes, respectively. The result is that the new attributes consist
of value in the interval [0,1]. However, traditional lattice can only
be constructed from input with binary attributes. Thus, we require
the formal context like to binary. Predefined layers are provided
to transform new input to traditional formal context to support
concept lattice construction. We predefine 4 layers® : Layer | for
the value 1, Layer 2 for the values in [0.7,1), Layer 3 for the
values in (0.5,0.7) and Layer 4 for the values in (0,0.5]. These
predefined layers are defined like to traditional formal context to
transform formal concept (Definition 2) in concept lattices
creation. Afterwards, we create 4 concept lattices (Definition 4)
then we use subconcept-superconcept relation referring to
(Definition 3) to achieve initial rules from its relation inside each
concept lattice.

3 These layers can be defined with other intervals.
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Figure 3. Three phases of case-based classifier system

For example, Table 3 is an initial case base. We use (E,A} for
Education and Active of {Type}, {C,T,P} for Car, Train and
Plane of {Trans}, and {S,W} for Summer and Winter of {Class}.
FCA is used to transform descriptive attributes {Trans, Type,
Class} whereas FST is used to transform numeric attributes {Age,
Price} where triangular membership function in Figure 1 is used
to obtain membership values. The result of attributes
transformation is shown in Table 4. We use four predefined
relationship intervals ((0, 0.5], (0.5, 0.7), [0.7,1), and [1] ) over
the linguistic variables {Age, Price} in Table 2 to create four
concept lattices as shown in Figure 4.

A portion of our generated lattice as in Figure 4. Each node
represents a formal concept of like to formal context (Table 4).
Each edge represents subconcept-superconcept relation. The more
detail of concept lattice creation can see in [8]. We consider class
nodes from top to bottom of concept lattice. For instance, the
rules acquisition from Figure 4(a) derive from subconcept-
superconcept relation such as If 7ran=A4 then Class=W, If
Age=MDM then Class=S, etc. This phase provide the set of rules
that derive from each class of concept lattice.

(b) Layer 2: [0.7,1) concept lattice
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Table 3. An example of initial case base

Case Type Trans | Age | Price Class
Cl Education Car 20 120 Summer
C2 Active Car 45 350 Winter
C3 Education Train 50 280 Summer
C4 Education Plane 15 200 Winter
C5 Education Plane 25 450 Summer
C6 Education Car 30 550 Winter
C7 Active Plane 35 330 Winter

Table 4. Transformed relation in new case base

Type Tran Age Price Class
Case|E[ A C| T | P |MIN|MDM|MAX|MINJMDM|MAX]| S | W
Cl f1Jof1}0]0]0700030f 0 | 1 0 0 f1}jo0
C2 o0yt fy1]0}Jo0of0]073{027]0]011f089]0]1
c3fijofojrjojo | 0 0221078 0 {1]0
C4 f1JOojojo]1]1 0 0 j061§039] 0 O] I
C5 {1}ojojoj1]039061) 0 |0 ]055/045{0] 1
C6 {1 OfJ1]0]OJ0094091] 0 | O 1 0 J1]0
C710f110J0}1]0/]019]081] 0 0.02{098{0] 11

[Class W)
I¢]
(Class S]
8}
(
cs)
(Age MIn]
ic4)

{Age MAX
Price MAX]
4
(a) Layer 1: (1] concept lattice

(Class.S]

(c) Layer 4: (0, 0.5] concept lattice

Figure 4. Concept lattices generated from Table 4

Phase 2: Rule learning.

We use training data set to achieve general rules to classify
unknown class data in this phase as shown in Figure 3(b). The
goal of this phase is to acquire general rules. Intuitively, the
general rules are the reduced number of rules that can use to
classify the biggest number of incoming cases in case based. The
summarily process of rule learning is shown as follow:



Stepl: Using training data set for building rules from each
concept lattice. This step uses the set of rules from knowledge
base to training data set for classification testing,

Step2: Evaluating set of rules. The co-appearances and
subconcept—superconcept relation of concept lattice are
considered for evaluating general rules acquisition. If the rules
from phase I cannot decide the actual class of training data (or
misclassification), we then consider lower level of concept lattice
and next rules. We will obtain the general rules that correctly
classify for training test.

Step3: Collecting general rules. The rules obtained from above
evaluating set of rules are collected for classifying new cases.

For example, Figure 4 represents each layer of concept lattice.
Firstly, we find the set of rules considering Figure 4(a). This new
set of rules is derived from subconcept—superconcept relation of
considered class node in Phase 1. We use the set of rules from
Phase 1 to evaluate training data in order to correctly classify
100%. Otherwise, we consider the lower nodes to build the new
rules; such as If Price=MIN then Class =S or If Price=MDM then
Class =S, which will be added to general rules.

Phase 3: Classification.

We use general rules obtained from Phase 2 to classify new
problems as shown in Figure 3(c). If a new problem is an unseen
case and cannot decide its class, it will be stored into initial case
baselfor using in the future. Thus, incoming cases interact with
users to obtain their classes in initial case base. They are then
added to case base as rule update. In contrast, if a new problem is
a seen case, the general rules are applied to classify an appropriate
class. Thus, we achieve the solution for new problem. However, if
the new problem cannot use the general rule for classifying class
label, the new problem will be suggested and retained into initial
case base. These new problems, new experience, shall be retained
to use in the future while the general rules are updated (when
reorganizing knowledge of an existing case base).

5. EXPERIMENT RESULTS

To illustrate the applicability of our processed system, we use our
system to experiment on the benchmark data sets: Car and Iris
from] the UCI repository [1]. The Car data set contains 1,728
samples described by 6 attributes (descriptive attributes). The Iris
data' set contains 150 samples and described by 4 attributes
(numeric attributes). We randomly divide each data set into two
sets: training and test sets. We experiment on different proportion
of these sets e.g., 10% of the data set for the training set and the
rest (90%) for the test set, 20 % for the training set and the rest
(80%) for the test set and so on.

The results of our experiments on each data set in terms of
classification accuracy and the percentage of rules used on test
sets are shown in Table 5. The average accuracy of Car data is
91.89 and the average accuracy of Iris data is 94.66. We obtained
the highest accuracy for Car and Iris data sets as 99.13 and 98.00,
respectively. These results are comparable to the results reported
in literature (cf. [13].[14],[20]).

Figﬁre 5 shows classification accuracy of our classifier on Car and
Iris data sets with different proportions of training sets. We found
that Car data set (with descriptive attributes) has the trend of
accuracy increase better than Iris data set (with numeric
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attributes). The reason is that the main structure of our system is
constructed from FCA, thus the descriptive attributes will be
supported by this structure better than numeric attributes.
Furthermore, the percentage of rules used by our proposed system
is relatively small compared with the size of training data. From
the results of our experiments, when we use all cases (or previous
experience) to achieve the knowledge or general rules, our system
can correctly solve the new problem corresponding to Table 5 and
Figure 5.

Table 5. The results of our proposed case-based classifier on Car
and Iris data sets

Car Iris
Training
(%) Accuracy | Percentage Accuracy Percentage
(%) of rules (%) of rules
10 82.75 543 86.66 14.00
20 84.37 8.68 91.33 17.33
30 87.73 9.31 94.00 22.00
40 90.68 12.03 94.66 20.66
50 92.93 13.83 9533 20.66
60 94.79 15.21 96.66 19.33
70 96.64 16.20 97.33 24.66
80 97.97 16.95 98.00 2533
90 99.13 15.74 98.00 24.00
100 oy
25
3 %
P / ——Car
LR v 4 —8— s
Zow
3
0
0 10 20 30 40 30 60 70 80 9 100
Traiming datz (°2)

Figure 5. The trend of the result for our classification
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Figure 6. The comparison of our system and other methods



We further compare accuracy of our results in Table 5 with the
other techniques (cf. [13,14] in Table 2) as shown in Figure 6.
This figure shows that our proposed system outperforms other
methods in classification accuracy at the same percentage of
training data. Furthermore, accuracy of our results with 50%
training data in Table 5 is better than of other methods (cf [20])
shown in Table | with the same percentage of training data.

6. CONCLUSION

We propose a new case-based classifier system to support suitable
knowledge base construction using formal concept analysis. The
suitable knowledge structure leads into the simply rule
acquisition. We use FCA as an automatic technique to elicit
attributes dependency knowledge and create hierarchical structure
of a case. The transformation of multi-value attributes lead to new
large size attributes in case base. We solved this problem and
changed numeric attributes to more flexible degree by FST.
Transformation results were the reduced case base which better
than stand alone FCA. [n addition, we set predefined layer formal
concept that provide degree of relationships to support FCA
technique. For rule acquisition, we consider the class attributes
from the subconcept—superconcept relation inside concept lattice.
We performed our system with the benchmark data sets,
successfully. The results show that trend of accuracy increased
when increasing leamning inputs and number of rules used is
relatively small compared with the size of training data Our case-
based classifier produce very promising results in practice and can
classify the new problem more accurate than traditional classifier
systems.
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