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Multiview Intelligent Data Analysis based on
Granular Computing
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Abstract— Multiview intelligent data analysis explores data II. MOTIVATIONS
from different perspectives to reveal various types of structures ) ) )
and knowledge embedded in the data. Granular computing Multiple view strategies and approaches have been pro-

provides a general methodology for problem solving and posed and studied in many fields, including social sciences,
information processing. Its application to data analysis results software design, machine learning, and data analysis [1], [2],

in hierarchical knowledge structures. In this paper, the funda-

i - [14], [18], [32]
mental issues of granulations and granular structures for data . .
analysis are discussed based on modal-style data operators. Jeffries and Ransford argued that the study of social
The results provide a basis for establishing a framework of stratification should not focus on isolated and fragmented
multiview intelligent data analysis. views, but holistic and unified views [14]. They proposed a

multiple hierarchy model to integrate ethnicity, sex, and age
hierarchies for social stratification analysis.

|. INTRODUCTION Belkhouche and Lemus-Olalde studied the formal foun-
dations of an abstract interpretation of multiple views at the

Techniques and models of data mining, machine learning, software design stage [1], [2]. Each view is a design that
knowledge discovery, and statistics can be applied to intel- describes specific features of a system and is represented
ligent data analysis [12]. Typically, each model and method by one or more design notations. The multiple view anal-
presents a particular and single view of data or discovers ysjs framework is used to compare views and identify the
a specific type of knowledge embedded in the data. By discrepancies among different views.
combining existing studies, it is possible to investigate a data  Several researchers proposed frameworks of multistrategy
set from multiple views. This leads to the introduction of |earning to integrate a wide range of learning strategies [18].
multiview intelligent data analysis. It explores differenttypes Tnhey argued that the research on multistrategy systems
of knowledge, different features of data, and different inter- s sjgnificantly relevant to study on human learning since
pretations of data. Multiple aspects of data understanding, human learning is clearly multistrategy, and multistrategy
multiple angles of data summarizations or data descriptions, systems have a potential to be more versatile and more
and multiple types of discovered knowledge are crucial for powerful to solve a much wider range of learning problems
satisfying a wide range of needs of a large diversity of users. than monostrategy systems.

Granular computing has emerged as a multi-disciplinary  zhong proposed an approach of multiple aspect analysis
study of problem solving and information processing [16], of human brain data for investigating human information
[17], [24], [27], [30]. It provides a general, systematic and processing [31], [32]. They argued that every method of data
natural way to analyze, understand, represent, and solveanalysis has its own strength and weakness, and analyzing
real world problems. Its methodologies can be applied to the data from multiple aspects for discovering new models
intelligent data analySiS. Granulations and granular StrUCtUreSOf human information processing is necessary.
are two fundamental issues in granular computing. Different A multiple view approach would be more suitable for
types of granulations and granular structures reflect multiple jntelligent data analysis. An integrated and unified frame-
aspects of data [27]. Granulation involves the construction \york that allows a multiple view approach on the under-
of granules. The structures of all granules illustrate the standing, computation, and interpretation of data is needed.

relationships or connections among the granules. Different pythermore, studies of different views, their connections and
granular structures describe different characteristics of dataransformations are also important.

or knowledge embedded in data.

Many researchers studied modal-style data operators for
data analysis [8], [10], [11], [21], [22], [25], [26]. In this [1l. OVERVIEW OF GRANULAR COMPUTING
paper, we use those operators to form granules and granular gagic notions of granular computing are subsets, classes
views. Multiview intelligent data analysis is modeled as the 4.4 clusters of universe [24], [30]. Granulation of the uni-
investigation of multiple types of granulations and granular yerse, relationships of granules and computing with granules
structures. are three fundamental issues of granular computing.

) ) o Granulation of a universe involves the grouping of individ-
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Elements in a granule are grouped together by indistinguisha- A FORT:fLLSCJNTEXT
bility, similarity, proximity or functionality [30]. One needs CTa(b[cld] <]
a semantic interpretation of why two objects are put into R ——
the same granule and how two objects are related with each 5T x ~
other. Algorithms for a granulation should define how to 3 X X
put two objects into the same granule. The granules in a 4 X x
granulated view can be either disjoint or overlapping and 2 i = >
are regarded as a level of the subject matter of the study.

There are many granulated views of the same universe.
Different views of the universe can be linked together. A
structure of linked granules can be established. The linkage attributes:
of granules can be defined based on the relationships between

xR = {yeV|zRy} CV.

granules. The relationships can be interpreted as ordering,

Clo_?ﬁ ness,ddepfendencly or assoglatlon bletween granu!es.h The set of attributesctR can be viewed as a description
b efstu y o granu.:?]tlons aln granuiar structur_es IIS the of the objectz. In other words, objectr is described or
ase for computing with granules. Many computational op- . -~ tarized by the set of attributes.

.erat|ons. can be perfprmed on granules such as reasoning, Similarly, an attributey is possessed by the set of objects:
inferencing and learning.

Granular computing provides a general methodology for Ry = {zcU]|zRy} CU.
problem solving. The study of intelligent data analysis can
be based on granular computing. For a data set, one can perBy extending these notations, we can establish relationships
form multiple granulations and construct multiple granular between sets of objects and sets of attributes. This leads to
structures with respect to different strategies. Each of them two types of modal-style data operators, one frafh to
provides a particular view of data and represents a specific 2" and the other fron2"" to 2V [8], [10], [11], [21], [22],

type of knowledge. [25], [26]. Different operators lead to different types of rules
summarizing the relationships between data. They produce
IV. MULTIVIEW INTELLIGENT DATA ANALYSIS different methods to construct granules.

In this section, we investigate different types of granula-  pefinition 1: (Basic Set Assignments)he basic set as-

tions and granular structures. Based on modal-style data op-signment operators are defined by: for a set of objects
erators [11], [26], various types of granules are constructed. x c (7 and a set of attribute¥ C V,

X'={yeV|Ry=X},

A. Formal Contexts and Data Operators
Y'={zeU|2zR=Y}.

We assume that a data set is given in terms of a formal
context [21] or a binary table [20]. It provides a convenient
way to describe a finite set of objects by a finite set of
attributes [20].

Let U andV be any two finite sets. Elements &f are

For simplicity, the same symbol is used for both operators.
The operators’ associate a set of objects with a set of
attributes, and a set of attributes with a set of objects.

called objects, and elements &f are called attributes or Definition 2: (Sufficiency Operators) The sufficiency
properties. The relationships betWeen ObjeCtS and attributeSOperators are defined by for a set Of ObJeth_ U and a
are described by a binary relatioR betweenU and V, set of attribute” C V,

which is a subset of the Cartesian prodéctx V. For a B

pair of elementst € U andy € V, if (z,y) € R, written X* = {yeV|XCRy}

as xRy, we say thatr has the attribute;, or the attribute _ ﬂ zR, 1)
y is possessed by object The triplet(U, V, R) is called a zEX

formal context [10], [21] or a binary information table [4]. Y* = {z€U|Y CzR}

In general, a multi-valued formal context can be transformed

into a binary formal context through scaling [10]. That is, - ﬂ Ry. @

every information table can be represented by a formal vey

context [3]. Table I is an example of a formal context. By definition, {z}* = =R is the set of attributes possessed
Objects and attributes in a formal context are described py the objectz, and{y}* = Ry is the set of objects having

and determined by each other. We assume that there doesttributey. For a set of objects(, X* is the maximal set of

not exist an ObjeCt without any attribute or an attribute not properties shared by all Objects . S|m||ar|y, for a set of

being shared by any objects. In other words, in a formal attributesy’, Y* is the maximal set of objects that have all
context, an object must have at least one attribute, and angtriputes iny'.

attribute must be associated with at least one object.
Based on the binary relatio®®, we associate a set of Definition 3: (Dual Sufficiency Operators)The dual suf-
attributes with an object. An objeat € U has the set of  ficiency operators are defined by: for a set of obje¢ts U



Chen, Y.H. and Yao, Y.Y., Multiview intelligent data analysis based on granular computing
Proceedings of 2006 IEEE International Conference on Granular Computing, pp. 281-286, 2006.

and a set of attribute¥ C V, each other. This type of relation is defined by: ior’ € U,

X#*={yeV|XURy#U}, ¢ ~ o <= 'RNzR %0,
Y#={xcU|YUzR#V}.

. . ) which is reflective and symmetric.
For a subsefX C U, an attribute inX# is not possessed by

at least one object not i . The operator$ and# are dual Negative Similarity Relation: For two objects: andz’, if
to each other. the union of their attributes is not the whole set of attributes,
we can consider them as being negatively similar. This type

Definition 4: (Necessity Operators)The necessity oper- of relation is defined by: for, 2’ € U

ators are defined by: for a set of objecfsC U and a set

of attributesY C V, r < & <= zR°N2’R°#(
XDZ{yEV‘Rng}, < IERULE,R#V,

Yo={zeU|zRCY} L . :
which is symmetric, whereRc is the complement of the

By definition, an object having an attribute X" is neces-  relation R.
sarily in X. The operators are referred to as the necessity A binary relation® over a universd/ is a subset of the
operators. Cartesian produd x U. Based on a binary relation between

objects, al-neighborhood system can be constructed [28].
Definition 5: (Possibility Operators) The possibility op- For two objectz,x’ € U, if 2Rz’, we say thatz is a
erators are defined by: for a set of objedfsC U and a set  predecessor of’/, and z’ is a successor of. The set of

of attributesY” C V/, predecessors aof is called predecessor neighborhood and
o _ denoted asitz = {2’ € U | a’Rz}, and the set of
X0 o= yeVikynX #£0} successors af is called successor neighborhood and denoted
= U TR, aszR= {2’ €U | zRz'} .
o reX An object may have different types of predecessor and
Y° = {zcUlzRNY #0} successor neighborhoods based on different types of binary
= U Ry. relations. If a neighborhood for an object is considered as a
yey granule, different binary relations induce different types of

granules.

With equivalence relation=, an object has the same
predecessor and successor neighborhood. For an abject
U, the equivalence class containimgs given by:

An object having an attribute i © is only possibly inX.
The operators are referred to as the possibility operators. The
operators” and© are dual operators.

B. Granulations =zx = {2 e€U|a = z},

Many types of binary relations among the objects have = {2 eU|x = 2},
been studied [19], [28]. The relations between objects can be — =
defined based on the relations between their sets of attributes. 2] ’
= xX|.

We consider four types of relations: equivalence relation, par-
tial order relation, similarity relation and negative similarity
relation, which can be formally defined by modal-style data
operators.

An equivalence class is viewed as a granule. This type
of granule can be re-expressed by using modal-style data
operators.

Equivalence Relation. Two objects may be viewed as
being equivalent if they have the same description [20]. An
equivalence relation can be defined by: fou’ € U,

Definition 6: In a formal context(U, V, R), for an object
x € U, its equivalence class can be re-expressed by:

{a' eU |2’ =a},
{2 €U | 2R = 2'R},

= {eU|a'R={z}"},
Partial Order Relation. A partial order relation on e
objects can be defined by set inclusion: fou’ € U,

z = 2/ < 2R =2'R, (2]

which is reflective, symmetric and transitive.

A partial order relation is not symmetric. In this case, we
have different predecessor and successor neighborhoods for
which is reflective and transitive. an object. This leads to two different types of granules.

z = 2/ < 2R C 2'R,

Similarity Relation: If two objectsz and 2z’ have some Definition 7: In a formal context{U, V, R), for an object
overlapping attributes, they are regarded as being similar to x € U, the granule defined by the successor neighborhood
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is given by: For an objectz’ in {z}*#, there must exist at least one
attribute that is possessed by battand 2.
= = {d'eUlz < 2}, These types of granules induce different types of gran-
= {2’ €U|zR C2'R}, ulated views of the universe. They can be considered as
— (' eU|{z)} C/'R), different types of strategies to divide the universe or classify
o the objects.
= {a3 Based on the connections among various types of modal-

style data operators [26], the connections among different
types of granules can also be established. In fact, the
equivalence classes can be used to re-express other types
of granules.

The set{z}** is the maximal set of objects that havall
attributes in{z}*. In other words, any objects ifi:}** has
at least all attributes of. The set of objects i{x}** is
in fact the extension of an object concept in formal concept

analysis [10], [21]. {a}* = U{[x’] | zR C 2'R},
Definition 8: In a formal contex{U, V, R), for an object {x}* = U{[m'] |zRUZ'R # V},
x € U, the granule defined by the predecessor neighbor- o , ,
hood is given by: {237 = ('] [ 2R 2 'R},
]

<z

(eUla = 2}, {z} = | {11 2RN 'R # 0}.

(¢! €U | 2'R C R}, One can define operations on the gran.ules to g_enerate larger
, , N granules or smaller granules. Two basic operations on gran-

= {'eU[2'RC {z}"}, ules are combination and decomposition. The combination

= {z}*". operation is to combine smaller granules into larger granules.

] ] ) ] The decomposition operation is to divide larger granules into
The set{z}*” is themaximalset of objects whose attributes  gqjjer granules.

* H H *0
are subsets ofx}". In other words, any object ifw} " has Larger granules can be expressed by smaller granules.

at most all attributes of. _ o For example, the following various types of granules can
Based on the similarity relatios, for an object, its prede-  pe expressed by equivalence classes.

cessor and successor neighborhoods are the same because of

the symmetric property of. Given a similarity relation, we x= = | Jlz]| X* C 2R},
can define a granule by using the predecessor or successor XHE x#
neighborhood of an object. U{ = VzR £V},

Definition 9: In a formal contex{U, V, R), for an object ob o
x € U, the granule defined by the predecessor or successor X = U{ a] |[aRC XV}
neighborhood is given by:

[]
[]

X% = | Jlal | X° nzR # 0},
[]

In fact they are the subjects of studying of formal concept
analysis [25], [26]. All granules in a particular level pro-
vide a particular granulated view of data. The granules in

Rr = IR,

= {P'eUlz = 2a'}, different levels are related to each other. The granules and
= {2 €U = z}, the relationships between them provide a whole picture of
_ / / knowledge of data in a formal context.

{z/ €U |2’RNaR # 0}, _ ) .
— {2 The relationships between granules can be expressed in the

form of rules. Quantitative measures can be associated with
The objects in{z}*® must share some attributes of rules to indicate their strength. These rules and associated
measures define many types of knowledge. Yao and Zhong

For the negative similarity relatiorx, the predecessor s e
and successor neighborhoods for an object are the same2n@lyzed and modeled various types of rules for data mining

Therefore, a granule can be defined by using the predecessofnd knowledge discovery [29].

or successor neighborhood.
C. Granular Structures

Definition 10 In a formal contextU, V, k), for an object Hierarchy and lattice of granules are two typical structures.
z € U, the granule defined by the predecessor or successor  Roygh set analysis, hierarchical class analysis and formal
IS: concept analysis are three approaches of data analysis in
oy~ ae which different hierarchical granular structures are proposed.
= {eU|x x 2}, Rough Set Analysis: The objects in[z] are considered
(' €U |2 = z}, to be indistinguishable fronx. One is therefore forced to

, , considerz] as a whole. In other words, under an equivalence
{z E#U |eRUZ'R#V}, relation, equivalence classes are the smallest non-empty
= {a}7. observable, measurable, or definable disjoint subsets. of



Chen, Y.H. and Yao, Y.Y., Multiview intelligent data analysis based on granular computing
Proceedings of 2006 IEEE International Conference on Granular Computing, pp. 281-286, 2006.

(1 (6] approach to deal with a visual presentation and analysis of
data [10], [21]. It follows the traditional notion of concept.
Namely, a concept is defined jointly by an extension and an
intension. The extension is a set of objects that are instances
of a concept. The intension is a set of attributes that are
possessed by instances of a concept. The extension and
intension of a concept must uniquely determine each other.
This leads to the notion of formal concept [10], [21].

(2]

[34]

(9]

Fig. 1. Hierarchy of object classes for the context of Table |

Definition 12: A pair (X,Y), X C U, Y C V, is called
a formal concept of the contexV,V, R), if X* =Y and
Y*=X.

(€]

(@]

In fact, a formal concept can be expressed (By*, X*),
X CU. The partial order relation between concepts can be
defined based on either the extensions or the intensions.

Definition 13: For two formal concepts(X;,Y;) and
(X2,Y2), (X1,Y1) is a sub-concept of X»,Y>), written
(X1,Y7) 2 (X2,Y3), and (X»,Y3) is a super-concept of
(X1,Y1), if and only if X; C X5, or equivalently, if and
only if Y5 C ;.

b]

(d]

Fig. 2. Hierarchy of attribute classes for the context of Table |

The super-concepts are more general than the sub-concepts
The family of pair-wise disjoint equivalence classes is pecause the super-concepts have less attributes and more
called the partition of a universe and denoted by =. objects (i.e. instances) than the sub-concepts. Conversely, the
We can construct a larger definable set by taking a union gyp-concepts are more specific than the super-concepts.
of some equivalence classes. A definable set is viewed as @ The meet and join operations on formal concepts can be

set() and is closed under set complement, intersection and theory [21].

union. It is anc-algebrac(U/ =) C 2V with basisU/ =,

where2Y is the power set ot/.

The intersection and union of definable setssift// =)
are still definable sets. The syster(i// =) under union ()
and intersectionr{) is a complete lattice [13].

Hierarchical Class Analysis: Hierarchical class analysis
is an approach on data analysis by studying hierarchical
structures of data [4], [5], [6], [7], [9]. Granules (equivalence
classes) in different levels can be linked by using the partial
order relation.

The partial order relation among the granules is defined
based on the partial order relation among the objects.

Definition 11: For two granulegz] and [z'], the partial
order relation between them is defined by:

[7] < [2] <= x < 2.

Based on the partial order relatiol over the family of
granulesU/ =, a hierarchical structure can be constructed.
An example of granular hierarchy is illustrated in Figure 1. It

is derived from Table I. Each rectangle represents a granule.

Moreover, the equivalence relation over the universe of

attributes can produce the equivalence classes of attributes. A

hierarchical structure of attribute granules can be built based
on the similar partial order relation among the equivalence
classes of attributes. The hierarchy of attribute granules
derived from Table | is illustrated in Figure 2.

Formal Concept Analysis: Formal concept analysis is an

Theorem 1:The meet and join among the formal concepts
are given by:

A X ) = () X (U Y™,

teT teT teT
\ (v = (U X0, N Yo,
teT teT teT

whereT is an index set and for evertye T, (X;,Y;) is a
formal concept.

The extensions of formal concepts are considered as gran-
ules. NamelyX**, X C U, is a granule. All formal concepts
can be expressed by granules. That is, the family of all formal
concepts, denoted d9U, V, R), is defined by:

LUV, R) ={(X™, X") [ X CU}.

The family of all formal concept& (U, V, R) under the meet
(n) and join (/) operations is a complete lattice. The concept
lattice derived from Table | is illustrated in Figure 3.

A granule of objects can be expressed as a join of some
small granules or a union of some equivalence classes of
objects [10], [15]. For a formal concepi,Y"),

V {2},

rzeX

(U a3,

reX

X
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(71

(1,3,4,?z \

(1,-2\,5,6;&) [8]
/ \ / \ !
(3,4,6:}),9) (1*,\6:3&) (1\\2;a,0)
[10]
\ / \ / (11]
(6\'\al,b/,.e) (l;e{,c,/d,e) [12]
[13]
(;a,l{,c,/d,e) [15]
[16]
Fig. 3. Concept lattice for the context of Table 1, pro- [17]
duced by “Formal Concept Calculator” (developed byreéh Auer,
http://www.advis.de/soeren/fca/). [18]
[19]

The meet and join operations in the lattice implement [5q
combination and decomposition of granules. In other words,
meets of granules generates smaller granules, and joins off21]
granules produces larger granules.

(22]

V. CONCLUSION [23]

We investigate multiview intelligent data analysis based
on granular computing. Different types of granulation and
granular structure represent different aspects of data and
provide different types of knowledge embedded in data. The
results of this work produce a basis for research on multiview [25]
intelligent data analysis. The integration of these multiple
views may provide more useful data analysis tools.

(24]

(26]
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