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Abstract. Formal concept analysis (FCA) provides a theoretical frame-
work for learning hierarchies of knowledge clusters. This paper is devoted
to the study of the fuzzy concept in FCA. We propose a fuzzy relation
on the universe to characterize the similarity of the objects. Based on
fuzzy rough set model, we present a kind of approximation operators to
characterize the fuzzy concept and its accuracy degree in FCA. The basic
properties of these operators are investigated.
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1 Introduction

Formal concept analysis (FCA) was independently introduced by Wille in the
1980’s [1]. FCA deals with relational information structures (formal contexts)
and provides a theoretical framework for learning hierarchies of knowledge clus-
ters called formal concepts. As an efficient tool of data analysis and knowledge
processing, FCA has been applied in many fields, such as knowledge engineer-
ing, data mining, information searches, and software engineering [1,2]. It has
become increasingly popular among various methods of conceptual data analy-
sis and knowledge representation. Most of the researches on FCA concentrate on
such topics as: construction of the concept lattice [3,4], pruning of the concept
lattice [5,6], acquisition of rules [7], relationship between the concept lattice and
rough set [8-11], and applications [12,13]. The combination of FCA and fuzzy
set theory is another important issue.

In FCA, formal concept is a key notion. It is defined by an (set of objects, set
of attributes) pair. From extent point of view, these sets of objects are (exact)
concepts. Yang and Qin[14] proposed the notion of uncertain concept in a for-
mal context. Based on covering rough set approach, the uncertain concept was
characterized by approximation operators. In this approach, each subset of the
universe may be a concept, but with different accuracy degrees. Qin and Meng
[15] conduct a further study on the uncertainty in a formal context. It is pointed
out that some covering approximation operators are not suitable to character-
ize uncertain concept in a formal context. Furthermore, some new approxima-
tion operators are employed to study the accuracy degree of uncertain concept.
© Springer International Publishing Switzerland 2015

Y. Tan et al. (Eds.): ICSI-CCI 2015, Part III, LNCS 9142, pp. 61-67, 2015.
DOI: 10.1007/978-3-319-20469-7 8



62 L. Meng and K. Qin

This paper is devoted to the discussion of fuzzy concepts in a formal context.
Based on the formal (exact) concepts, a fuzzy similarity relation between objects
is presented. The fuzzy concept and its accuracy degree are characterized by
fuzzy rough approximation operators. The paper is organized as follows: In
Section 2, we recall some notions and properties of FCA. In Section 3, we propose
a fuzzy similarity relation associated with a formal context. Its basic properties
are analyzed. Furthermore, we present an approach to characterizing the fuzzy
concepts by using fuzzy approximation operators. The paper is completed with
some concluding remarks.

2 Preliminaries

Formal Concept Analysis [1] provides a theoretical framework for learning hier-
archies of knowledge clusters called formal concepts. A basic notion in FCA is
the formal context. Given a set G of objects and a set M of attributes (also
called properties), a formal context consists of a triple k¥ = {G, M, I} where
I specifies (Boolean) relationships between objects of G and attributes of M,
i.e.,] C G x M. Usually, formal contexts are given under the form of a table that
formalizes these relationships. A table entry indicates whether an object has the
attribute (this is denoted by 1), or not (it is often indicated by 0).

Letk = (G, M, I) be a formal context. The set-valued operators T: P(G) —
P(M) and |: P(M) — P(G) are defined as [1]:for each A € P(G) and B €
P(M),

Al = {m € M;VYa € A((a,m) € I)} (1)
B! ={ge G;vbe B((g.b) € )} (2)

A formal concept of k is defined as a pair (A, B) with AT = B,B} = A.
A is called the extent of the formal concept (A, B), whereas B is called the
intent. The main problem in formal concept analysis is that of extracting formal
concepts from object /attribute relations. The set of all formal concepts equipped
with a partial order (denoted by <) defined as:(X1, Y1) < (X2, Y2) if and only if
X1 C X, or equivalently, Y7 C Y3)), forms a complete lattice, called the concept
lattice of k and denoted by L(k). Its structure is given by the following theorem.

Theorem 1. [1] The concept lattice L(k) is a complete lattice in which infimum
and supremum are given by:

Nier (X5,Y5) = (Njes X, (Ujes Y (3)
Vies (X5,Y;) = (Ujes X;)M, NjesY)) (4)

Ezample 1. [16] We consider the following formal context k = {G, M, I}, where
G = {xla T2,T3,T4,T5,T6, L7, l‘g}, M = {a’a b7 ) da 6, faga h7 Z} and [ is repre-
sented in the following table.
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Table 1. The formal context k = (G, M, I)

abcdefghi
1110000100
2110000110
3111000110
4101000111
25110101000
6111101000
z7101110000
2101101000

The formal concepts in this formal context are listed as follows:

(®7 {a7 b’ C? d? e’ f’ g? h’ i})? ({1'3}7 {a7 b7 C’ 97 h})’ ({x4}7 {a7 C’ g’ h’ 7:})7

({(EG}, {a’v ba & d, f})’ ({(E7}, {a7 C, d7 6}), ({‘TQa (Eg,}, {av ba g, h})7

({$37 .%'4}7 {a7 ¢ 9, h}>7 ({.%'3,, LL‘@}, {a7 b, C})7 ({1‘5, x6}7 {a7 b,d, f})7 ({3367 '758}’
{a’ C, d7 f}))

({331, L2, x3}7 {a7 b, g})a ({'rQ’ 3, .134}, {avga h}): ({3:5’ Lo, 'rS}v {a7 d, f})v
({Iﬁa Z7, Ig}, {a7 ) d})v ({1‘1, L2, T3, I4}, {av g})?

({£U5, Zg, T, xS}a {(l, d})a ({xlv Z2,T3,Ts, xﬁ}v {av b})a

({x3, x4, x6, 27,28}, {a,c}), {21, 22, 23, T4, T5, X6, T7, 28}, {a}).

3 Uncertain Concepts in a Formal Context

Let k = {G, M, I} be a formal context. Every formal concept can be described
from extent point of view and L(k) = {(XT}, XT); X C G}. In what follows, we
denote L(k') = {X'}; X C G}. L(k') can be looked upon the set of all formal
concepts with respect to k. Let C € L(k') and z,y € G. If z € C and y € C,
then 2 and y have all the attributes from CT . In this case, we may think that =
and y are similar with respect to the concept C. On the contrary, if x € C,y ¢ C
orxz ¢ C,y € C, x and y may be looked upon discernible with respect to C' .
Based on this observation, we define a similarity relation R on the universe as
follows: for any x,y € G,

{C € L(k); {=,y} C C}|
R(x,y) = 5
@9 = (o e Lt} nC 0] )
Intuitively speaking, R(z,y) represents similarity degree of objects = and y.
Furthermore, for each C € L(k'), we know that {x,y} C C if and only if

{x,y}T | € C. Thus, R(z,y) can be equivalently represented as

Ce LK) {z,y}t cC
Rioy) — MO L ) S ) o
HC € L(K');{=z}1} CC Vv {y}ll CC}
The theory of fuzzy sets initiated by Zadeh [17] provides an appropriate
framework for representing and processing vague concepts by allowing partial
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memberships. Let U be a nonempty set, called universe. A fuzzy subset of U is
defined by a membership function px : U — [0, 1]. For any « € U, the member-
ship value p(x) essentially specifies the degree to which x belongs to the fuzzy
subset p. There are many different definitions for fuzzy subset operations. With
the min-max system proposed by Zadeh [17], fuzzy set intersection, union and
complement are defined as follows:

(1N v)(@) = plx) A via) (7)
(U V) (@) = pla) V v(a) (8)
ne (@) = 1 - () (9)

where p and v are fuzzy subsets of U and « € U. We denote by F'(U) the set of
all fuzzy subsets of U. The following theorem is trivial.

Theorem 2. Let k = {G, M, I} be a formal context.
(1) R(z,y) is a fuzzy relation on G, i.e., R: G x G — [0,1].
(2) R(x,y) is reflexive, i.e., R(z,x) =1 for each v € G.
(3) R(x,y) is symmetric, i.e., R(x,y) = R(y,x) for each z,y € G.

Dubois and Prade [18] first introduced the concept of fuzzy rough sets by com-
bining fuzzy set and rough set. For a fuzzy relationR on a universe U, (U, R) is
called a fuzzy approximation space. The fuzzy rough approximations of a fuzzy
set are constructed. Based on fuzzy rough set model, we propose the following
definition.

Definition 1. Let x = (G, M,I) be a formal context. For any p € F(G),the
lower approximation R(u) and upper approzimation R(u) of p are fuzzy subsets
of G, and defined as: for each x € G,

B(p)(x) = Nuev (1 = R(z,u)) V p(u)) (10)

R(p)(2) = Vuev (R(z, u) A p(w)) (11)

In this definition, if X C G is a subset of G, then
R(X)(z) = Auev((1 = R(z,u)) V X(u)) = Aue~nx (1 — R(z,u)),

R(X)(x) = Vuev (R(z)(u) A X(u)) = Vuex R(z, ).

Ezample 2. We consider the the formal context k = (G, M, I) given in Example
1. By routine computation, we have

{C € L(K);{x2, 23} N C # 0}
= {{z3}, {w2, 23}, {w3, w4}, {w3, w6}, {w1, T2, 23}, {2, 23, 24}, {21, w2, w3, 24},
{23, 24,76, 7, 28}, {21, 22, ¥3, 75, T6 }, {T1, T2, T3, T4, T5, Ts, T7, T8} },

= H{CEL(w)i{az,a3)NCEBY] — 10 ~ 5°
R(z,y) for any z,y € G can be calculated similarly. It is represented in the
following table:

R((EQ’;U?)) [{CeL(x);{z2,23}CC}| 6 _ 3
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Table 2. The similarity relation

L1 X2 3 T4 T5 Te L7 T8

LS|
[§
|
[§
|
|
|

{E11 7777777
3
T T O T A A
2 3 5 3 9 7 10 11
p. 203 1 521 271
35 5 11 13 4 13 7
o, ¥ L5 7 L 1 21
44511 07 9 3
e 22217 113
57 9 13 10 2 4 8
g L1 T T 17 13
66 7 12 7 2 R
e L L2 21 49 4
7§1013 1 11 7
pe i L 11 3 3 49
8 9 11 7 5 8 5 7

(1) Let p € F(G) be given by

p=l 4+ 2+ 20400 4 2 4 08 4 D 4 05,

The lower approxunatlon E( ) and upper approximation R(u) of pu can be
calculated as follows:

B(p)(z1) = Auev ((1 = R(zy,u)) V p(u)) = 0.1,
R(p)(z1) = Vuev (R(z1,u)) A pu(
Similarly, we have R(u)(z2) =

B(p)(zs) = 0, R(p)(we )=0~61,

R(p)(x2) = 0.6, R(p)(w3) h 0.9, R(u)(ws) = 0.5,

R(p)(w) = 0.8, R(p)(w7) = 1y, R()(vs) = 0.6

(2)Let X C G is given by X = {x3,23,z6}. It follows that

R(X)(22) = Nuenx (1 — R(z2,u)) = (1 — R(z2,21))) A (1 — R(z2,24))
(1 = R(w2,24)) A (1 R(T2,75)) 1

N >

1- x5 (1 — R(z2,27)) A (1 — R(x2,x3))
( ) (1*%)/\(1*%/\(1*110)/\(1*111)7%
R(X)(ml) = Vuex (R(z1,u)) =
Similarly, R(X)(z1) = 0, R(X)(z
R(X)(z6) = 0.4, R(X)(z7) =0,

2
3

R(X)(z2) = 1, R(X)(x3
R(X)(xz6) = 1, R(X)(

Theorem 3. Let k = gG M,
(1) B(p ) (R(M))}R(/f = (B(w)".
(2) R(G) =0. B B B
@)RWHV) R(u) NR(v), R(pUv) = R(p) U R(v).
(4) B(n)  po S R(p). _ _

(5) If u C v, then R(u) C R(v), R(n) € R(v).

I) be a formal context, p,v € F(Q).
)

Definition 2. Let k = {G, M, I} be a formal context. For any pn € F(G), the

accuracy degree Ad(u) of p is defined as Ad(p) = %.

Clearly, this definition is generalization of the accuracy degree for classical
subset in rough set theory.
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Ezample 3. For u € F(G) and X C G in Example 2, we have

IR(u)] =20 R(u) () =01 4+0+04+06+0+04+0+03=18.
Similarly, [R(p)| = Y23, R(w)(x:) = 4.76, |[R(X)| = zi-;lﬂ(X)( ) = L2
R(X)| = X%, R(X)(2;) = 5.58. Thus we have Ad(u) = EWl — 18 _ (38

|R(X)| _ Rl
Fas 1.2
Ad(X) = ROl ~ 5 —0.23.

Based on generalized fuzzy rough approximation operators, we propose
another kind of approximations.

Definition 3. Let k = (G, M, I) be a formal context. If X C G is a subset of
G the lower approzimation apr(X) and upper approximation apr(X) of X are
fuzzy subsets of G, and defined as

apr(X)(@) = ¥y x R, y),
apr(X)(@) =1~ i Xy R, 9).

Clear,we have

Corollary 1. Let k = {G, M, I} be a formal context. If X C G is a subset of
G, then apr(X©) = (apr(X))*, apr(X*) = (apr(X))*.

Ezample 4. We consider X C G in example 2 given by X = {x5,x3,26}. It
follows that

apr(X)(@1) = o Xy ex Rlary) =
apr(X)(21) = 1~ iy e Rla,

ol
@ —~

~— win
_l’_
= o
+
NI
~—
I
o
=
—

” U\\»—\

Similarly, apr(X)(z2) = 0.58, apr(X )(xg)
apr(X)(xs) = 0.29, apr(X)(zs) = 0.46, apr(X)(z7) 0 21, apr(X)(zs) = 0.28
apr(X)(z2) = 0.72, apr(X)(zs) = 0.7, apr(X)(z4) = 0.65, apr(X)(zs) = 0.6
apr(X)(s) = 0.69, apr(X) (x7) = 0.57, apr(X)(s) = 0.55

Thus |apr(X)| = Y0, apr(X)(z:) = 3.16, [apr(X)| = Yoo, apr(X)(w;) =

5.13, and Ad(X) = 22001 = 216 — 0 62.

Remark: There are different approaches to characterizing the similarity rela-
tion of objects with respect to a formal context. For example, it can be defined
by: R(x,y) = ‘CEL(”/);{x"‘l’gi,c;‘v{x’y}mczm. We can conduct relative study based
on this similarity relation.

4 Concluding Remarks

Fuzzy set theory, soft set theory and rough set theory are all mathematical
tools for dealing with uncertainties. This paper is devoted to the discussion of
the combinations of fuzzy set, rough set and soft set. The notions of similarity
measures induced by soft set and soft fuzzy set are presented. Based on these
similarity measures, some new soft fuzzy rough set models are proposed and
their properties are surveyed.

In further research, the axiomatization of the approximation operators is an
important and interesting issue to be addressed.
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