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Abstract— Multiview intelligent data analysis explores data
from different perspectives to reveal various types of structures
and knowledge embedded in the data. Granular computing
provides a general methodology for problem solving and
information processing. Its application to data analysis results
in hierarchical knowledge structures. In this paper, the funda-
mental issues of granulations and granular structures for data
analysis are discussed based on modal-style data operators.
The results provide a basis for establishing a framework of
multiview intelligent data analysis.

I. I NTRODUCTION

Techniques and models of data mining, machine learning,
knowledge discovery, and statistics can be applied to intel-
ligent data analysis [12]. Typically, each model and method
presents a particular and single view of data or discovers
a specific type of knowledge embedded in the data. By
combining existing studies, it is possible to investigate a data
set from multiple views. This leads to the introduction of
multiview intelligent data analysis. It explores different types
of knowledge, different features of data, and different inter-
pretations of data. Multiple aspects of data understanding,
multiple angles of data summarizations or data descriptions,
and multiple types of discovered knowledge are crucial for
satisfying a wide range of needs of a large diversity of users.

Granular computing has emerged as a multi-disciplinary
study of problem solving and information processing [16],
[17], [24], [27], [30]. It provides a general, systematic and
natural way to analyze, understand, represent, and solve
real world problems. Its methodologies can be applied to
intelligent data analysis. Granulations and granular structures
are two fundamental issues in granular computing. Different
types of granulations and granular structures reflect multiple
aspects of data [27]. Granulation involves the construction
of granules. The structures of all granules illustrate the
relationships or connections among the granules. Different
granular structures describe different characteristics of data
or knowledge embedded in data.

Many researchers studied modal-style data operators for
data analysis [8], [10], [11], [21], [22], [25], [26]. In this
paper, we use those operators to form granules and granular
views. Multiview intelligent data analysis is modeled as the
investigation of multiple types of granulations and granular
structures.
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II. M OTIVATIONS

Multiple view strategies and approaches have been pro-
posed and studied in many fields, including social sciences,
software design, machine learning, and data analysis [1], [2],
[14], [18], [32]

Jeffries and Ransford argued that the study of social
stratification should not focus on isolated and fragmented
views, but holistic and unified views [14]. They proposed a
multiple hierarchy model to integrate ethnicity, sex, and age
hierarchies for social stratification analysis.

Belkhouche and Lemus-Olalde studied the formal foun-
dations of an abstract interpretation of multiple views at the
software design stage [1], [2]. Each view is a design that
describes specific features of a system and is represented
by one or more design notations. The multiple view anal-
ysis framework is used to compare views and identify the
discrepancies among different views.

Several researchers proposed frameworks of multistrategy
learning to integrate a wide range of learning strategies [18].
They argued that the research on multistrategy systems
is significantly relevant to study on human learning since
human learning is clearly multistrategy, and multistrategy
systems have a potential to be more versatile and more
powerful to solve a much wider range of learning problems
than monostrategy systems.

Zhong proposed an approach of multiple aspect analysis
of human brain data for investigating human information
processing [31], [32]. They argued that every method of data
analysis has its own strength and weakness, and analyzing
the data from multiple aspects for discovering new models
of human information processing is necessary.

A multiple view approach would be more suitable for
intelligent data analysis. An integrated and unified frame-
work that allows a multiple view approach on the under-
standing, computation, and interpretation of data is needed.
Furthermore, studies of different views, their connections and
transformations are also important.

III. OVERVIEW OF GRANULAR COMPUTING

Basic notions of granular computing are subsets, classes
and clusters of universe [24], [30]. Granulation of the uni-
verse, relationships of granules and computing with granules
are three fundamental issues of granular computing.

Granulation of a universe involves the grouping of individ-
ual elements into classes and decomposition and combination
of granules. It provides a granulated view of the universe.
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Elements in a granule are grouped together by indistinguisha-
bility, similarity, proximity or functionality [30]. One needs
a semantic interpretation of why two objects are put into
the same granule and how two objects are related with each
other. Algorithms for a granulation should define how to
put two objects into the same granule. The granules in a
granulated view can be either disjoint or overlapping and
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
of granules can be defined based on the relationships between
granules. The relationships can be interpreted as ordering,
closeness, dependency or association between granules.

The study of granulations and granular structures is the
base for computing with granules. Many computational op-
erations can be performed on granules such as reasoning,
inferencing and learning.

Granular computing provides a general methodology for
problem solving. The study of intelligent data analysis can
be based on granular computing. For a data set, one can per-
form multiple granulations and construct multiple granular
structures with respect to different strategies. Each of them
provides a particular view of data and represents a specific
type of knowledge.

IV. M ULTIVIEW INTELLIGENT DATA ANALYSIS

In this section, we investigate different types of granula-
tions and granular structures. Based on modal-style data op-
erators [11], [26], various types of granules are constructed.

A. Formal Contexts and Data Operators

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 and V be any two finite sets. Elements ofU are
called objects, and elements ofV are called attributes or
properties. The relationships between objects and attributes
are described by a binary relationR betweenU and V ,
which is a subset of the Cartesian productU × V . For a
pair of elementsx ∈ U and y ∈ V , if (x, y) ∈ R, written
as xRy, we say thatx has the attributey, or the attribute
y is possessed by objectx. The triplet(U, V, R) is called a
formal context [10], [21] or a binary information table [4].
In general, a multi-valued formal context can be transformed
into a binary formal context through scaling [10]. That is,
every information table can be represented by a formal
context [3]. Table I is an example of a formal context.

Objects and attributes in a formal context are described
and determined by each other. We assume that there does
not exist an object without any attribute or an attribute not
being shared by any objects. In other words, in a formal
context, an object must have at least one attribute, and an
attribute must be associated with at least one object.

Based on the binary relationR, we associate a set of
attributes with an object. An objectx ∈ U has the set of

TABLE I

A FORMAL CONTEXT

a b c d e

1 × × × ×
2 × ×
3 × ×
4 × ×
5 ×
6 × × ×

attributes:

xR = {y ∈ V | xRy} ⊆ V.

The set of attributesxR can be viewed as a description
of the objectx. In other words, objectx is described or
characterized by the set of attributesxR.

Similarly, an attributey is possessed by the set of objects:

Ry = {x ∈ U | xRy} ⊆ U.

By extending these notations, we can establish relationships
between sets of objects and sets of attributes. This leads to
two types of modal-style data operators, one from2U to
2V and the other from2V to 2U [8], [10], [11], [21], [22],
[25], [26]. Different operators lead to different types of rules
summarizing the relationships between data. They produce
different methods to construct granules.

Definition 1: (Basic Set Assignments)The basic set as-
signment operators are defined by: for a set of objects
X ⊆ U and a set of attributesY ⊆ V ,

Xb = {y ∈ V | Ry = X},
Y b = {x ∈ U | xR = Y }.

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

Definition 2: (Sufficiency Operators) The sufficiency
operators are defined by: for a set of objectsX ⊆ U and a
set of attributesY ⊆ V ,

X∗ = {y ∈ V | X ⊆ Ry}
=

⋂

x∈X

xR, (1)

Y ∗ = {x ∈ U | Y ⊆ xR}
=

⋂

y∈Y

Ry. (2)

By definition, {x}∗ = xR is the set of attributes possessed
by the objectx, and{y}∗ = Ry is the set of objects having
attributey. For a set of objectsX, X∗ is the maximal set of
properties shared by all objects inX. Similarly, for a set of
attributesY , Y ∗ is the maximal set of objects that have all
attributes inY .

Definition 3: (Dual Sufficiency Operators)The dual suf-
ficiency operators are defined by: for a set of objectsX ⊆ U
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and a set of attributesY ⊆ V ,

X# = {y ∈ V | X ∪Ry 6= U},
Y # = {x ∈ U | Y ∪ xR 6= V }.

For a subsetX ⊆ U , an attribute inX# is not possessed by
at least one object not inX. The operators∗ and# are dual
to each other.

Definition 4: (Necessity Operators)The necessity oper-
ators are defined by: for a set of objectsX ⊆ U and a set
of attributesY ⊆ V ,

X2 = {y ∈ V | Ry ⊆ X},
Y 2 = {x ∈ U | xR ⊆ Y }.

By definition, an object having an attribute inX2 is neces-
sarily in X. The operators are referred to as the necessity
operators.

Definition 5: (Possibility Operators) The possibility op-
erators are defined by: for a set of objectsX ⊆ U and a set
of attributesY ⊆ V ,

X3 = {y ∈ V | Ry ∩X 6= ∅}
=

⋃

x∈X

xR,

Y 3 = {x ∈ U | xR ∩ Y 6= ∅}
=

⋃

y∈Y

Ry.

An object having an attribute inX3 is only possibly inX.
The operators are referred to as the possibility operators. The
operators2 and3 are dual operators.

B. Granulations

Many types of binary relations among the objects have
been studied [19], [28]. The relations between objects can be
defined based on the relations between their sets of attributes.
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.

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

x ≡ x′ ⇐⇒ xR = x′R,

which is reflective, symmetric and transitive.

Partial Order Relation. A partial order relation on
objects can be defined by set inclusion: forx, x′ ∈ U ,

x ¹ x′ ⇐⇒ xR ⊆ x′R,

which is reflective and transitive.

Similarity Relation: If two objectsx and x′ have some
overlapping attributes, they are regarded as being similar to

each other. This type of relation is defined by: forx, x′ ∈ U ,

x ≈ x′ ⇐⇒ x′R ∩ xR 6= ∅,

which is reflective and symmetric.

Negative Similarity Relation: For two objectsx andx′, if
the union of their attributes is not the whole set of attributes,
we can consider them as being negatively similar. This type
of relation is defined by: forx, x′ ∈ U ,

x ³ x′ ⇐⇒ xRc ∩ x′Rc 6= ∅,
⇐⇒ xR ∪ x′R 6= V,

which is symmetric, whereRc is the complement of the
relationR.

A binary relation< over a universeU is a subset of the
Cartesian productU×U . Based on a binary relation between
objects, a1-neighborhood system can be constructed [28].
For two objectx, x′ ∈ U , if x<x′, we say thatx is a
predecessor ofx′, and x′ is a successor ofx. The set of
predecessors ofx is called predecessor neighborhood and
denoted as<x = {x′ ∈ U | x′Rx}, and the set of
successors ofx is called successor neighborhood and denoted
asx< = {x′ ∈ U | xRx′} .

An object may have different types of predecessor and
successor neighborhoods based on different types of binary
relations. If a neighborhood for an object is considered as a
granule, different binary relations induce different types of
granules.

With equivalence relation≡, an object has the same
predecessor and successor neighborhood. For an objectx ∈
U , the equivalence class containingx is given by:

≡x = {x′ ∈ U | x′ ≡ x},
= {x′ ∈ U | x ≡ x′},
= x≡,

= [x].

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

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

[x] = {x′ ∈ U | x′ ≡ x},
= {x′ ∈ U | xR = x′R},
= {x′ ∈ U | x′R = {x}∗},
= {x}∗b.

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

Definition 7: In a formal context(U, V, R), for an object
x ∈ U , the granule defined by the¹ successor neighborhood
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is given by:

x¹ = {x′ ∈ U | x ¹ x′},
= {x′ ∈ U | xR ⊆ x′R},
= {x′ ∈ U | {x}∗ ⊆ x′R},
= {x}∗∗.

The set{x}∗∗ is the maximal set of objects that haveall
attributes in{x}∗. In other words, any objects in{x}∗∗ has
at least all attributes ofx. The set of objects in{x}∗∗ is
in fact the extension of an object concept in formal concept
analysis [10], [21].

Definition 8: In a formal context(U, V, R), for an object
x ∈ U , the granule defined by the¹ predecessor neighbor-
hood is given by:

¹x = {x′ ∈ U | x′ ¹ x},
= {x′ ∈ U | x′R ⊆ xR},
= {x′ ∈ U | x′R ⊆ {x}∗},
= {x}∗2.

The set{x}∗2 is themaximalset of objects whose attributes
are subsets of{x}∗. In other words, any object in{x}∗2 has
at most all attributes ofx.

Based on the similarity relation≈, for an object, its prede-
cessor and successor neighborhoods are the same because of
the symmetric property of≈. Given a similarity relation, we
can define a granule by using the predecessor or successor
neighborhood of an object.

Definition 9: In a formal context(U, V, R), for an object
x ∈ U , the granule defined by the≈ predecessor or successor
neighborhood is given by:

≈x = x≈,

= {x′ ∈ U | x ≈ x′},
= {x′ ∈ U | x′ ≈ x},
= {x′ ∈ U | x′R ∩ xR 6= ∅},
= {x}∗3.

The objects in{x}∗3 must share some attributes ofx.
For the negative similarity relation³, the predecessor

and successor neighborhoods for an object are the same.
Therefore, a granule can be defined by using the predecessor
or successor neighborhood.

Definition 10: In a formal context(U, V,R), for an object
x ∈ U , the granule defined by the³ predecessor or successor
is:

³x = x³,

= {x′ ∈ U | x ³ x′},
= {x′ ∈ U | x′ ³ x},
= {x′ ∈ U | xR ∪ x′R 6= V },
= {x}∗#.

For an objectx′ in {x}∗#, there must exist at least one
attribute that is possessed by bothx andx′.

These types of granules induce different types of gran-
ulated views of the universe. They can be considered as
different types of strategies to divide the universe or classify
the objects.

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.

{x}∗∗ =
⋃
{[x′] | xR ⊆ x′R},

{x}∗# =
⋃
{[x′] | xR ∪ x′R 6= V },

{x}∗2 =
⋃
{[x′] | xR ⊇ x′R},

{x}∗3 =
⋃
{[x′] | xR ∩ x′R 6= ∅}.

One can define operations on the granules to generate larger
granules or smaller granules. Two basic operations on gran-
ules are combination and decomposition. The combination
operation is to combine smaller granules into larger granules.
The decomposition operation is to divide larger granules into
smaller granules.

Larger granules can be expressed by smaller granules.
For example, the following various types of granules can
be expressed by equivalence classes.

X∗∗ =
⋃
{[x] | X∗ ⊆ xR},

X## =
⋃
{[x] | X# ∪ xR 6= V },

X23 =
⋃
{[x] | X2 ∩ xR 6= ∅},

X32 =
⋃
{[x] | xR ⊆ X3}.

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
different levels are related to each other. The granules and
the relationships between them provide a whole picture of
knowledge of data in a formal context.

The relationships between granules can be expressed in the
form of rules. Quantitative measures can be associated with
rules to indicate their strength. These rules and associated
measures define many types of knowledge. Yao and Zhong
analyzed and modeled various types of rules for data mining
and knowledge discovery [29].

C. Granular Structures

Hierarchy and lattice of granules are two typical structures.
Rough set analysis, hierarchical class analysis and formal
concept analysis are three approaches of data analysis in
which different hierarchical granular structures are proposed.

Rough Set Analysis:The objects in[x] are considered
to be indistinguishable fromx. One is therefore forced to
consider[x] as a whole. In other words, under an equivalence
relation, equivalence classes are the smallest non-empty
observable, measurable, or definable disjoint subsets ofU .
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[1] [6]

[2]

[5] [3,4]

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

[a] [e]

[c]

[d] [b]

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

The family of pair-wise disjoint equivalence classes is
called the partition of a universe and denoted byU/ ≡.
We can construct a larger definable set by taking a union
of some equivalence classes. A definable set is viewed as a
granule. The family of all definable sets contains the empty
set ∅ and is closed under set complement, intersection and
union. It is anσ-algebraσ(U/ ≡) ⊆ 2U with basisU/ ≡,
where2U is the power set ofU .

The intersection and union of definable sets inσ(U/ ≡)
are still definable sets. The systemσ(U/ ≡) under union (∪)
and intersection (∩) 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 granules[x] and [x′], the partial
order relation between them is defined by:

[x] ¹ [x′] ⇐⇒ x ¹ x′.

Based on the partial order relation¹ 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 I is illustrated in Figure 2.

Formal Concept Analysis:Formal concept analysis is an

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].

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

In fact, a formal concept can be expressed by(X∗∗, X∗),
X ⊆ U . The partial order relation between concepts can be
defined based on either the extensions or the intensions.

Definition 13: For two formal concepts(X1, Y1) and
(X2, Y2), (X1, Y1) is a sub-concept of(X2, Y2), written
(X1, Y1) ¹ (X2, Y2), and (X2, Y2) is a super-concept of
(X1, Y1), if and only if X1 ⊆ X2, or equivalently, if and
only if Y2 ⊆ Y1.

The super-concepts are more general than the sub-concepts
because the super-concepts have less attributes and more
objects (i.e. instances) than the sub-concepts. Conversely, the
sub-concepts are more specific than the super-concepts.

The meet and join operations on formal concepts can be
defined based on the meet and join operations in lattice
theory [21].

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

∧

t∈T

(Xt, Yt) = (
⋂

t∈T

Xt, (
⋃

t∈T

Yt)∗∗),

∨

t∈T

(Xt, Yt) = ((
⋃

t∈T

Xt)∗∗,
⋂

t∈T

Yt),

whereT is an index set and for everyt ∈ T , (Xt, Yt) is a
formal concept.

The extensions of formal concepts are considered as gran-
ules. Namely,X∗∗, X ⊆ U , is a granule. All formal concepts
can be expressed by granules. That is, the family of all formal
concepts, denoted asL(U, V, R), is defined by:

L(U, V,R) = {(X∗∗, X∗) | X ⊆ U}.
The family of all formal conceptsL(U, V,R) under the meet
(∧) and join (∨) operations is a complete lattice. The concept
lattice derived from Table I 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 concept(X, Y ),

X =
∨

x∈X

{x}∗∗,

= (
⋃

x∈X

{x}∗∗)∗∗,

=
⋃

X∗⊆xR

[x].

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.



(1,2,3,4,5,6;)

(1,2,5,6;a)

(3,4,6;b,e)

(6;a,b,e)

(1,2;a,c)

(;a,b,c,d,e)

(1;a,c,d,e)

(1,3,4,6;e)

(1,6;a,e)

Fig. 3. Concept lattice for the context of Table 1, pro-
duced by “Formal Concept Calculator” (developed by Sören Auer,
http://www.advis.de/soeren/fca/).

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

V. CONCLUSION

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
intelligent data analysis. The integration of these multiple
views may provide more useful data analysis tools.

REFERENCES

[1] Belkhouche, B. and Lemus-Olalde, C. Multiple veiw analysis of
designs,Foundations of Software Engineering, Joint proceedings of
the 2nd international software architecture workshop (ISAW-2) and
international workshop on multiple perspectives in software develop-
ment, (SIGSOFT’96) workshop, 159 - 161, 1996.

[2] Belkhouche, B. and Lemus-Olalde, C. Multiple views analysis of
softweare designs,International Journal of Software Engineering and
Knowledge Engineering, 10, 557-579, 2000.

[3] Buszkowski, W. Approximation spaces and definability for incomplete
information systems,Rough Sets and Current Trends in Computing,
Proceedings of the 1st International Conference (RSCTC’98), 115-
122, 1998.

[4] Chen, Y.H. and Yao, Y.Y. Formal concept analysis based on hier-
archical class analysis.Proceedings of the 4th IEEE International
Conference on Cognitive Informatics (ICCI’05), 285-292, 2005.

[5] De Boeck, P. and Rosenberg, S. Hierarchical classes: model and data
analysis,Psychometrika, 53, 361-381, 1988.

[6] De Boeck, P. and Van Mechelen, I. Traits and taxonomies: a hierar-
chical classes approach,European Journal of Personality, 4, 147-156,
1990.

[7] De Boeck, P., Rosenberg, S., and Van Mechelen, I. The hierarchical
classes approach: a review, in: I. Van Mechelen, J. Hampton, R.S.
Michalski, and P. Theuns (Eds.)Categories and Concepts: Theoretical
Views and Inductive Data Analysis, Academic Press, New York, 265-
286, 1993.

[8] Düntsch, I. and Gediga, G. Approximation operators in qualitative
data analysis, in:Theory and Application of Relational Structures as
Knowledge Instruments, de Swart, H., Orlowska, E., Schmidt, G. and
Roubens, M. (Eds.), Springer, Heidelberg, 216-233, 2003.

[9] Feger, H. and De Boeck, P. Categories and concepts: introduction
to data analysis, in: I. Van Mechelen, J. Hampton, R.S. Michalski,
and P. Theuns (Eds.)Categories and Concepts: Theoretical Views and
Inductive Data Analysis, Academic Press, New York, 203-224, 1993.

[10] Ganter, B. and Wille, R.Formal Concept Analysis: Mathematical
Foundations, Springer-Verlag, New York, 1999.

[11] Gediga, G. and D̈untsch, I. Modal-style operators in qualitative data
analysis,Proceedings of the 2002 IEEE International Conference on
Data Mining, 155-162, 2002.

[12] Hand, D.J. Intelligent data analysis: issues and opportunities,Intelli-
gent Data Analysis, 2, 67-79, 1998.

[13] Iwinski, T.B. Algebraic approach to rough sets,Bulletin of the Polish
Academy of Sciences, Mathematics, 35, 673-683, 1987.

[14] Jeffries, V. and Ransford, H.E.Social Stratification: A Multiple Hier-
archy Approach, Allyn and Bacon, Inc., Boston, 1980.

[15] Leung, Y., Wu, W.Z., and Mi, J.S. Knowledge reduction in formal
contexts, manuscript, 2006.

[16] Lin, T.Y. Granular computing,announcement of the BISC Special
Interest Group on Granular Computing, 1997.

[17] Lin, T.Y. Granular computing,LNCS 2639, Springer, Berlin, 16-24,
2003.

[18] Michalski, R. (Ed.)Multistrategy Learning, Kluwer Academic Pub-
lishers, Boston, 1993.

[19] Orlowska, E. Introduction: what you always wanted to know about
rough sets, in:Incomplete Information: Rough Set Analysis, Ewa
Orlowska (Ed.), Physica-Verlag Heidelberg, New York, 1998.

[20] Pawlak, Z. Rough sets,International Journal of Computer Information
Science, 11, 341-356, 1982.

[21] Wille, R. Restructuring lattice theory: an approach based on hierar-
chies of concepts, in:Ordered sets, Ivan Rival (Ed.), Reidel, Dordecht-
Boston, 445-470, 1982.

[22] Wolski, M. Galois connections and data analysis,Fundamenta Infor-
maticae CSP, 1-15, 2003.

[23] Yao, Y.Y. Granular computing: basic issues and possible solutions,
Proceedings of the 5th Joint Conference on Information Sciences,
Volume I, P.P. Wang (Ed.), Association for Intelligent Machinery, 186-
189, 2000.

[24] Yao, Y.Y. Granular computing,Computer Science (Ji Suan Ji Ke Xue),
Proceedings of the 4th Chinese National Conference on Rough Sets
and Soft Computing, 31, 1-5, 2004.

[25] Yao, Y.Y. Concept lattices in rough set theory,Proceedings of Annual
Meeting of the North American Fuzzy Information Processing Society
(NAFIPS’04), 796-801, 2004.

[26] Yao, Y.Y. A comparative study of formal concept analysis and rough
set theory in data analysis,Proceedings of the International Confer-
ence on Rough Sets and Current Trends in Computing (RSCTC’04),
59-68, 2004.

[27] Yao, Y.Y. Perspectives of granular computing ,IEEE Conference on
Granular Computing, 1, 85-90, 2005.

[28] Yao, Y.Y., Relational interpretations of neighborhood operators and
rough set approximation operators,Information Sciences, 111, 239-
259, 1998.

[29] Yao, Y.Y. and Zhong, N. Potential applications of granular computing
in knowledge discovery and data mining,Proceedings of World
Multiconference on Systemics, Cybernetics and Informatics, Volume
5, 573-580, 1999.

[30] Zadeh, L.A. Towards a theory of fuzzy information granulation and its
centrality in human reasoning and fuzzy logic,Fuzzy Sets and Systems,
19, 111-127, 1997.

[31] Zhong, N. Multi-aspect data analysis in brain informatics,Proceedings
of the 1st International Conference on Pattern Recognition and
Machine Intelligence, (PReMI’05), LNCS 3776, 98-107, 2005.

[32] Zhong, N., Yao, Y.Y., Wu, J.L. and Liu J. Grid based multi-aspect data
analysis in brain informatics protal,Proceedings of ICDM Workshop
on Foundation of Semantic Oriented Data and Web Mining, 130-137,
2005.

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.


