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Information granules and entropy theory in
information systems
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Information granulation and entropy theory are two main approaches to research
uncertainty of an information system, which have been widely applied in many
practical issues. In this paper, the characterizations and representations of infor-
mation granules under various binary relations are investigated in information
systems, an axiom definition of information granulation is presented, and some
existing definitions of information granulation become its special forms. Entropy
theory in information systems is further developed and the granulation monoton-
icity of each of them is proved. Moreover, the complement relationship between
information granulation and entropy is established. This investigation unifies the
results of measures for uncertainties in complete information systems and incom-
plete information systems.

information systems, information granule, information granulation, entropy, rough set

1 Introduction

Granular computing (GrC) was presented by Zadeh in 19961, He identified three basic concepts
that underline the process of human cognition, namely, granulation, organization, and causation.
“Granulation involves decomposition of whole into parts, organization involves integration of
parts into whole, and causation involves association of causes and effects”. GrC is an umbrella
term to cover any theories, methodologies, techniques, and tools that make use of granules in
problem soIving[Z*“]. As an effective tool for complex problem solving, it has potential applica-
tions in rough set theory, concept lattice, knowledge engineering, data mining, artificial intelli-
gence, machine learning, etc., and has become an important research issue in information sci-
ences field® 2.

Granular computing has three important models: 1) computing with words™ 2, 2) rough set
theory™*®, and 3) quotient space theory™* !,
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Information granulation is mainly used to study uncertainty of information or knowledge in
information systems. Wierman™ introduced the concept of granulation measure to measure un-
certainty of information. This concept has the same form as Shannon’s entropy under the axiom
definition presented. Liang et al.'® 2% investigated information granulation in complete/incom-
plete information systems, which have been effectively applied in measuring for attribute signifi-
cance, feature selection, decision-rule extracting, etc. Qian and Liang[21] introduced combination
granulation with intuitionistic knowledge-content nature to measure the size of information
granulation in information systems.

The concept of entropy that comes from classical energetics can be used to measure out-of-
order degree of a system. The entropy of a system as defined by Shannon??, called information
entropy, gives a measure of uncertainty about its actual structure. It has been a useful mechanism
for characterizing uncertainty in various modes and applications in many diverse fields.
Diintsch®! used Shannon’s entropy to measure for decision rules in rough set theory. In refs. [24,
25], Beaubouef and Petry introduced a variant of Shannon’s entropy to investigate uncertainty
measure in rough set theory and rough relationship database. In 1968, Zadeh defined the entropy
of a fuzzy set as a weighted Shannon’s entropy. It is the first attempt for measuring fuzzy infor-
mation. In 1972, De Luca and Termini®® formulated the axioms of fuzzy entropy, gave a dis-
tance measure and similarity measure of fuzziness of fuzzy sets, and established the relationship
between these two concepts. In ref. [27], the author gave a new fuzzy entropy and applied it for
measuring for the fuzziness of a fuzzy-rough set based partition. A new information entropy was
proposed by Liang in ref. [28] and its conditional entropy and mutual information were defined.
Unlike the logarithmic behavior of Shannon’s entropy, the gain function of Liang’s entropy pos-
sesses the complement nature. This entropy can be used to measure the fuzziness of a rough set
and a rough classification. Qian and Liang™® proposed combination entropy with intuitionistic
knowledge-content characteristic in incomplete information systems, which can be used to meas-
ure the uncertainty of an incomplete information system.

In this paper, we unify some measures for uncertainties in complete information systems and

incomplete information systems. By introducing a partial relation<’, an axiom definition of in-

formation granulation is given in information systems and some existing measures of information
granulation are all its special forms. Entropy theory is further developed in incomplete informa-
tion systems, granulation monotonicity of each of the entropies is proved, and the complement
relationship between information granulation and entropy is established. These results provide
effectual tools for studying uncertainty in information systems.

2 Information granules in information systems

2.1 Complete information systems
An information system is pairS = (U, A), where U is a non-empty finite set of objects, A is a
non-empty finite set of attributes, and a:U —V, is a mapping for ae A, where V, is called
the value set of a.

For an information system S =(U,A), if ae A andevery elementin V, isa definite value,

then S is called a complete information system{®20:2%.
Let Pc A define an equivalence relation
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IND(P) ={(u,v) eU xU |Vae P,a(u) =a(v)}.
Obviously, IND(P)= N IND({a}).

eP
U /IND(P) constitutes a partition of U. U/IND(P) is called an information on U, and

every equivalence class is called an information granule. Information granulation denotes average
measure of information granules (equivalence classes) under attributes set P.

In particular, if U/IND(P)=w={X|X ={u},ueU}, it is called identity relation; if
U/IND(P)=6={X| X ={U}}, itis called universal relation.

2.2 Incomplete information systems

It may happen that some of the attribute values for an object are missing. For example, in medical
information systems, there may exist a group of patients for which it is impossible to perform all
the required tests. These missing values can be represented by the set of all possible values for the
attribute or equivalence by the domain of the attribute. To indicate such a situation, a distin-
guished value, a so-called null value, is usually assigned to those attributes.

In the information system S = (U, A), if there at least exists an attribute a< A such that V,
contains a null value, then S is called an incomplete information system. Further on, we will

denote the null value by *t%2029,
Let Pc A, define a tolerance relation®®:

SIM(P) ={(u,v) eU xU |VaeP,a(u)=a(v) or a(u)=* or a(v)=*}.
Obviously, SIM(P)= 1 SIM ({a}).
aeP

Let Sp(u) denote the object set {veU |(u,v) e SIM(P)} and Sp(u) is the tolerance class

of u relative to P, called an information granule. Let P represent the classification, i.e., the fam-
ily sets{Sp(u)|ueU}. P constitutes a covering of U, i.e., Sp(u)=@ for every ueU and

U Sp(u)=U. Here, P is called an information on U and every tolerance class is called an
uelU

information granule. Information granulation denotes average measure of information granules
(tolerance classes) under attributes set P.

In particular, if P =o={Sp(u)|S,(u)={u},ueU}, itis called an identity relation; if P=¢
={Sp (u)|Sp (u) ={U},ueU}, itis called a universal relation.

Example 1. Consider the descriptions of several cars in Table 1202,
Table 1 An incomplete information system about cars?**"

Car Price Mileage Size Max-speed
Uy high low full low

Uy low * full low

Us * * compact low

U high * full high

Us * * full high

Us low high full *

This is an incomplete information system, where U={u,u,,u;,u,,U;,Us}, A={a,8,,8,8,}.
For convenience, we denote Price, Mileage, Size, and Max-speed by a;, a,, as, and a4, respec-
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tively. By computing, it follows that
A:{SA(UZL)!SA(uZ)iSA(U3)iSA(U4)vSA(US)iSA(UG)}’
where  Sa)={u},  Sa(U)={u, U},  Sals)={ts},  Sa(y)={usUs},  Sa(Us)={u,,Us,Us}, and
Sa(ug) ={u,,us, ug}.
Let S=(U,A) be a complete information system and U /IND(A)={X;,X,,---, X}, then
A={SA (), Sa(Uy), -+, Saluy)} P2 Let the set X; =fuy, Ui, -4,

is;

} where |X;|=s; and

m
D5 =U]|, then

i=1

X; = SaUn) = SalUin) == Salug ) 1%, P= D ISau) |
k=1

Hence, when we do not need to distinguish complete information systems and incomplete in-
formation systems, an information in an information system can be represented as the vector

K(A) = (Sa(Uy), Sa(uy),++,Sauy))) P*?. In particular, the identity relation can be denoted by
the vector P=w= ({u}.{u,},--- {uy}) and the universal relation can be denoted by the vector

ﬁzéz({LJ},{LJ},,{LJ})
Let S=(U,A) be acomplete information system, P,Qc A, U/IND(P)={X,,X,,---, X},

U/ZIND(Q) ={Y.,Y5,--. Yo}, K(P)=(Sp(u;),Sp(Uy).-++,Sp (Uy))), and K(Q)=(Sq(uy), Sq(uy,),
,Sq(Uy))), where X; ={uj;, U, Ui } and Y; :{ujl,ujz,---,ujtj}. Then, the relationship
between K(P) and U/IND(P) is as follows:
Si
Xi =Sp(Uyg) =Sp(Uip) =--=Sp (U ), | X; |2=Z|SP(uik)|-
k=1
Similarly, the relationship between K(Q) and U /IND(Q) is as follows:
i
Y; =Sq(Uj) =Sq(Ujp) =+ =Sq Uy ), 1Y, |2=kZ|SQ(ujk)|.
=1

These kinds of representation forms will be largely used in the proofs of many theorems in this
paper.

3 Axiom approach of information granulation
3.1 Partial relation “<'”
Let S=(U,A) be an information system, P,Qc A, K(P)=(Sp (1), Sp(U,), -+, Sp(Uy,)), and
K(Q) = (Sq (), Sq (uy),++,Sq (Uy))). We define a binary relation <
K(P)<KQ) <ifany iefL2, U}
one has Sp(U)=So(u), where Sp(u;) e K(P) and Sq(u;) € K(Q), just P<'Q.
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Further on, K(P)=K(Q) <« ifany ie{l,2,--,[U}, onehas Sp(u;)=Sy(y;), just P~Q;
K(P)<' K(Q) = K(P)<'K(Q) and K(P)=K(Q), just P<'Q.

Let S=(U,A) beaninformation system, denoted by K ={K(P)|P < A}.

Theorem 1. (K, <) isa partial set.

Proof. Let P,Q.Rc A K(P)=(Sp(uy),Sp(Uy), - Sp(Uy))), K(Q)=(Sq(u,),Sq(u,),
,Sq(Uy))) and K(R)=(Sg(uy), Sg(u,),-++, Sg (Uy)))-

1) It is obvious that |Sp(u) || Sp(u)|, ueU, hence P<'P.

2) Suppose P<'Q and Q<'P. From the above definitions, we can obtain that

P<Qe Sp(Ui) = So(u;), 1€{l,2,--,|U[}, where Sp(u;)eK(P) and S, (u;) e K(Q);

Q<'P < So(U) = Sp (), iefl,2,+,|U[}, where Sy(u)eK(Q) and Sp(u) e K(P).

Therefore, we have Sp(U;) < Sq (U;) < Sp (U;), i-e., Sp(U;) =Sy ()

Hence, we have Sp(u;) =So(y;), Vu; €U, ie, P=Q.

3) Suppose P<'Q and Q<'R. From the above definitions, we can obtain that

P<'Q < Sp(u) = So(u;), iefl,2,++|U [} where Sp(u)eK(P) and Sy(u) e K(Q);

Q<R So () = Sg(W), ie{l2+,|U[}, where Sy(u)eK(Q) and Sg(u;)eK(R).

Thus, we have Sp(u;) <= So(U) < Sp(y;), iefl2,--|U[}, i, Sp(u) < Sp(y;). Hence,
P<'R.

Therefore, (K,<') isa partial set.

3.2 Axiom definition of information granulation and its properties

Definition 1. Let S=(U,A) be an information system, P < A and G be a mapping from
the power set of A to the set of real numbers. We say that G is an information granulation in an
information system if G satisfies the following conditions:

1) G(P)=0; (Non-negativity)

2) VP,Qc A, if P~Q, then G(P)=G(Q); (Invariability)

3) VP,Qc A if P<'Q, then G(P)<G(Q). (Monotonicity)

Theorem 2 (Extremum). Let S=(U,A) be an information system and P c A, then if
K(P)=w, G(P) achieves its minimum value; if K(P)=¢5, G(P) achieves its maximum
value.

Proof. Let K(w)=({u},{u},---{uy}) and K(5)=({U}{U},---{U}). Hence, for any

’

Rc A K(R)=(Sg(u),Sg(Uy),+~,Sp(uy))), we have {u}cSg(y) (ueU) ie, o<R

Similarly, we have Sg(u;)cU (u; €U), i.e., R<'6.
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From (2) and (3) in Definition 1, we know that G(w) < G(R) < G(9). QED

In the following, we prove that some of existing definitions are all various special forms of in-
formation granulation.

Definition 21", et S=(U,A) be a complete information system, U /IND(A)={X,, X,,
X,}. Information granulation of A is defined as

1 & 2
> |

GK(A) =

. (1)

U "=

m m
where Z| X; |* is the number of elements in the equivalence relation induced by U(Xi x X;).
i=1 i=1

If U/IND(A)=w, then the information granulation of A achieves its minimum value
|U|/|U[P=1/|U].

If U/IND(A)=0, then the information granulation of A achieves its maximum value
U /U [P=1

Theorem 3. GK in Definition 2 is an information granulation under Definition 1.

Proof.

1) Obviously, its hon-negativity holds.

2) Let P,Qc A,, then the information U/IND(P)={X,, X,,---
U/IND(Q) ={Y,.Y,,---,Y,} in complete information systems can be represented as the informa-
tion  K(P)=(Sp(U),Sp(Uy), -, Sp(uy))) and the information K(Q)=(Sq(W),Sq(Uy), -,
Sq(Uy))), respectively.

If P~Q, then we have Sp(u)=So(y;), iefl,2,---[U[}, e, [Sp(u)[=Sq(u)].
Therefore, we have that

1 m
GK(P)—|U2§|Xi |U|ZZ|S( D= |U|ZZ|SQ( I U

3) Let PQc A with P<'Q, then we have that Sp(u)cSy(y;) and

, X} and the information

1|2 SV, [ =GK(Q).
=1

|Sp (U) IS Sq (i), U €U, and there exists u, €U such that Sp(uy) =Sy(uy) and
| Sp (Up) [<| Sq (Up) | Therefore,

GK(P) = 2ZI “IUP: ZI Sp(U) = I I{ Z | Sp (U) 1 Sp (Up) |
i=1

i=1,u; #Uy
l ] s s | o
“UF _g;uol o(U) [+ 1S (W) | |= OF .Z_lll SoU)|= 0 22| 2=GK(Q).

Hence, GK in Definition 2 is an information granulation under Deflnltlon 1.
Definition 3%, Let S= (U, A) be an incomplete information system and K(A) = (S, (u,),

Sa(Uyp),...,Sa(Uy))). Information granulation of A is defined as
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1 U
GK(A) =——> [S(u) | (2
1SN =t

If K(A)=w, then the information granulation of A achieves its minimum value |U |/|U =
1/|U].

If K(A)=06, then the information granulation of A achieves its maximum value
UP/IUf=1

Theorem 4. GK in Definition 3 is an information granulation under Definition 1.
Proof.
1) Obviously, its non-negativity holds.

2) Let P,Qc A  K(P)=(Sp(u),Sp(uy), -, Sp(uy))) and  K(Q)=(Sq(u), Sq(uy)....,
Sq (Uy))-

If P~Q, we have that Sp(u;)=Sq(u;), T1efl,2,---|U}, ie, [Sp(u)l=Sq(u;)]. Hence,
we can obtain that

GK(P)— 2ZI p(U)]= Iv 2ZIS (U;) | =GK(Q).
i=1 i=1

3) Let P,Qc A with P<'Q, we know that Sp(u;) = Sq(y;) and |Sp(U;) S| Sq(u) ],
u; €U, and there exists u, eU suchthat Sp(uy) = Sq(up) and |Sp(Uy) <l Sq(Ug)|. Thus,

vl
( > |SP(ui)|+|SP(u0)|J

i=1,u; Uy

GK(P)— ZZI p(U)]= P
i=1

ul
12[ > |SQ(ui)|+|SQ(u0)|J |U|ZZ'S o (U) [= GK(Q).

<
|U | i=1,u;#U, i=1
Therefore, GK in Definition 3 is an information granulation under Definition 1.
Definition 4. et S=(U,A) be a complete information system, U /IND(A)={X,, X,,
X} Combination granulation of A is defined as

CG(A) = le |G |X|

©)
7lulch’
X, | . . " . Cix,
where m represents the probability of equivalence class X; within the universe U; —=
(]

denotes the probability of pairs of elements on equivalence class X; within the whole pairs of
elements on the universe U.
If U/IND(A)=w, then the combination granulation of A achieves its minimum value

2
If U/IND(A)=5, then the combination granulation of A achieves its maximum value
2 2
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Theorem 5.
Proof.

1) Obviously, its non-negativity holds.

CG in Definition 4 is an information granulation under Definition 1.

2) Let P,Qc A then the information U/IND(P)={X;,X,,---,X,} and the information
U/IND(Q) ={Y,.Y,,---,Y,} in complete information systems can be represented as the informa-

tion K(P)=(Sp(Uy),Sp(U,),--+,Sp(uy))) and the information K(Q)=(Sy(Uy), Sq(Uy), " Sq (Uy)))

m
respectively. Suppose  X; ={uj;,Ujp,--- Ui}, 1€{L2,---,m}, where [X;|=s; and Zsi =|U|,

i=1
then the relationship between K(P) and U/IND(P) is as follows:
Xi =Sp(Uy) =Sp(Upp) =+--= SP(UisI )
| Xi [H Sp (Uin) H Sp (Ui2) |5 - Sp (Uis ) = 8-
Similarly, [Y; [= Sq (Uj) [ Sq(Uja) |5+ = Sq (uy ) = ¢
Therefore, we have that

2 . 2
| X; |X%: S. X Clxil —SZIC|SP(Uik)|
I L

Ch  CH i@ G
2 2
Y, |XC|Y| C|Y| < C|SQ(u,k)|
o C|U| @ G

If P~Q, one has Sp(u;)=Sq(u;), Tef{L2,--|U[} i

e, |Sp(u) = Sq(u;)[. Hence, we
can obtain that

2

|X;1C%s & Ciy Chu 2 1 G

CG( ) S- P \Mik p \Yi

Z|U| C,U| 21 Co |U|§k2_1 Y §|U| CJ,

vl Y, |C
|sQ () Clowy) i
= =CG(Q).

|—1|U| C|u| Jz_lé C|U| Z_;|U|C|U|

3) Let P,Qc A with P<'Q, then we have Sp(u;)=Sqy(u;) and |Sp(u;) S| Sq(y;)]

u; €U, and there exists uer such that Sp(ug) = Sq(Ug) and [Sp(Ug) <] Sq(ug)|. Hence,

2 2 2
CG(P) = le 1€ 'i':iqsp(um: 'i': 1 S, 1 G
|U|C|U| —1|U| C|12J| i=lu;=u0|U| C|12J| |U| C|12J|
2
U C|sQ(u)| 1 Cisgu _ &1 C|sQ(u)| ZlYl i
—lu¢uO|U| C|U| |U| C|6| _1|U| C|u| :1|U|C|U|

=CG(Q).

Thus, CG in Definition 4 is an information granulation under Definition 1.

Definition 5. Let S=(U,A) be an incomplete information system and K (A) = (S, (u,)

Sa(Uy),--+,Sa(Uy))). Combination granulation of A is defined as
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1 YCs )
Com =>4 @
i-1 |U|

2
where C'SA—Z(“)' denotes the probability of pairs of elements on the tolerance class S, (u;) within
Ul

the whole pairs of elements on the universe U.

If K(A)=w, then the combination granulation of A achieves its minimum value
|U|x0/|U |=0.

If K(A)=0, then the combination granulation of A achieves its maximum value
|U|/|U =1

Theorem 6. CG in Definition 5 is an information granulation under Definition 1.

Proof.

1) Obviously, its non-negativity holds.

2) Let P,Qc A  K(P)=(Sp(u),Sp(uy), -, Sp(uy))) and K(Q)=(Sq (W), Sq(U,).---,
S (Uy))-

If P~Q, we know that Sp(u;)=Sq(y;), i€f{L2,--,|U}, ie, [Sp(u)HSq(y;)[. Thus,
we have that

Ul
C|S(u)| li C|so(u)| CeQ).

CG(P) = U =
| || =1 C|U| C|U|
3) Let P,Qc A with P<'Q, we have that Sp(u;) = So(u;) and |Sp(u;) S| Sq(u)l,

u; €U, and there exists u, €U suchthat Sp(uy) = Sq(up) and |Sp(Ug) <] Sq(ug)|. Hence,

co(P) =L Z Céptut _ 'i': Cor , S
|U| i=1 C|U| i=1,u;#Ug C|L2,|| CIEJI
ul Cc2 C2
ISp (ui)] 1Sp (Ug)l _ IS )l _
< + CG(Q).
i:l%‘;uo C|6| C|6| |U ||21: C|U|
Therefore, CG in Definition 5 is an information granulation under Definition 1.
Definition 6182, Let S=(U,A) be a complete information system and U /IND(A)

={X;, X,,~--,X,}. Rough entropy of A is defined as
| Xil, 1
E (A)= ()
Z:|U| 1% 1
If U/IND(A)=w, then the rough entropy of A achieves its minimum value 0.

If U/IND(A)=45, then the rough entropy of A achieves its maximum value log, |U |.

Theorem 7. E, in Definition 6 is an information granulation under Definition 1.
Proof.
1) Obviously, its non-negativity holds.

2) Let P,Qc A U/IND(P)={X;, X+, X}, U/IND(@Q)={Y,,Y,,---,Y,} and K(P)=
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(Sp(u), Sp(uy), -+, Sp(uy))),  K(Q)=(Sq(uy), Sq(Uy),-++,Sq(Uy)))- If P~Q, we have that
Sp(Ui) =S (), Te{l,2,-|U[} e, [Sp(u)[=Sq(u;)|. Therefore,

_ Xl LSS ;:_'U'i| 1
& (P)= Z|U| 21X | ZEM sl Zi01°% s @)

i=1 i=1

bl 1 Y 1
=-) —log =-> —Llog, —=E,(Q).
U | ISQ(U)I TV 1Yl

3) Let P,Qc A with P<"Q, we have that Sp(u;) = So(u;) and 1< Sp(u;) || Sq(u;)l,
u €U, and there exists u, eU such that Sp(uy) =Sg(Uy) and 1<5|Sp(Up) < So(Up)|-

Hence,
m | 1
E.(P) = z,—u Iru
% 1 1 1 1 1
=Y | —log,———+-—Ilog, ————+---+——Ilog, ————
= IUI S| 10T 2 S, (uy)| U1 1 Sp (uis)
> L % 1Sp ()|
=) — = log, | Sp (y;
SIVNAE (i |U| S
1 Y|
== > log,|S; (U)|+ log, | Sp (Uo) |
|U |i:1,uI #Uy | I
L I 1 S L I S
U] 9, _Euol p(U) | U] 9, | Sp (Ug) |
1 U]
<r==log, [T [Sq)l+—= |092|SQ(U0)|
|U| i=1,u; #Ug | |
Mg
|ngl_[| So(up) = Z log, [ Sq (ui)
IUI i1 iz |U]
1 1Y 1
—1k—1|U| |SP(ujk)| iU | Y5
=E Q)
thatis E,(P)<E,(Q).
Thus, E, in Definition 6 is an information granulation under Definition 1.

Definition 7. Let S=(U,A) be an incomplete information system and K (A) = (Sa(uy),
Sa(Uy),+,Sa(Uy))). Rough entropy of A is defined as

E (A) 'i"‘ L ! (6)
=—» —log, ——.

' SO ISaW)]

If K(A)=uw, then the rough entropy of A achieves its minimum value 0.

If K(A)=0, then the rough entropy of A achieves its maximum value log, |U |.

Theorem 8. Let S=(U,A) be a complete information system and U/IND(A)=
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{X;, X5+, Xn}. Then, the rough entropy of A degenerates into

| X 1
&A= Z“IUI 1% 1

Proof. Suppose that K(A)=(S,(U),Sa(Uy),+,Sa(Uy))) and X ={ujy,Ujp, -, Uig },

m
where | X;|=s; and Zsi =|U | Then, the relationship between them is as follows
i=1

Xi =Sa(Uy) =Sa(Up) == SA(uiSi )
Therefore,
1

o X
Z|U| 21X

1 1 1 1 1
= z — t+—log,————+---+—log,————
(|U | |SA(uil)| [UT " Saltip)| U] |SA(uisi)|]

[109 R U SO IO J
NGO |U| 2| Saluy)|
S 1

= |

— 2 s

=E,(A).

This completes the proof.
Theorem 9. E, in Definition 7 is an information granulation under Definition 1.
Proof. The proof is similar to that of Theorem 7.

4 Entropy theory in information systems

Entropy is always used to measure out-of-order degree of a system. The bigger entropy value is,
the higher our-of-order of a system. Shannon introduced the concept of entropy in physics to in-
formation theory for measuring uncertainty of the structure of a system.

Definition 802, Let S=(U,A) be a complete information system, U/IND(A)=

{X4, Xy, X} and pi=w, we call

U]
m
H(A) = _Z pi 10g, p; (7
i=1
information entropy of the information system S. When some p; equals O, then 0-log, 0=0.
Theorem 10. Let S=(U,A) beacomplete information systemand P,Qc A If P<'Q,
then H(Q) <H(P).

Proof. Let U/IND(P)={X;,X,,---,X,} and U/IND(Q)={Y;,Y,,---,Y,}. Suppose that

m
Xi ={ujp, Ui, Ui} and Yy ={ujy,ujp,--,u Jt} where | X;|=s;, |Y;[=t;, and Zsi:|U|,
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th =|U|. They can be uniformly expressed as K(P)=(Sp(u),Sp(U,),,Sp(Uy)} and
j=1

K(Q) ={Sq (U1), Sq (Uy),-++,Sq (Uy))- Hence, the relationship between K(P) and U/IND(P)

can be established as follows:
Xi =Sp(Uy) =Sp(Up) =---=Sp (U5 ),

| % H S U H SoUz) 1=+ = Sa U, ) =

Similarly, we have |Y; = Sq (Uj1) H Sq (Uj2) =+ =1 Sq (Uy, ) I t;.
Therefore,
wlo Zw—ilo 2|SP(uil)|+i|o 2|SP(ui2)|+“_+ilogzlsP(uisi)|,
Ul 2ul U Ul U] U | U U|
|Y|0 M_i |SQ(uj1)|+i| |SQ(Uj2)|+m 1 |SQ(ujtJ)|.
Ul 2l Ul Ul Ul U Ul U

Since P<'Q, thus one has Sp(u;) <= So(u) and 1<5|Sp(u)[<lSq(y;)], u;eU, and
there exists U, €U suchthat Sp(Uy) = Sq(Uy) and 15| Sy (Ug) |< Sq(Up) |-

Hence,
[ Xiljoq. 1%l
H(P)= ISR
Z|U| 2|U|
_ Oy A S 1Se(u)]
.,1k1|U| U | U | U |
o i g, 1Sl 1 1Se ()|
- 2
.1M0|U| Ul U] U |
T £ X (T ) B T N (T |
- > d2 ~——log,
-_1U¢UO|U| Ul U] U|
_'”'im |Sq ()| _ iZ' ENI
21U %o 5] TV
SN
log H(Q).
E=I'Inalln
Obviously, H(Q) < H(P). QED

For convenience, the monotonicity of entropy value induced by the partial relation <’ is
called granulation monotonicity.
Definition 9. Let S=(U,A) be an incomplete information system and K(A)= (S, (u,),

Sa(Uyp),-..,Sa(Uy)). Information entropy of A is defined as

Yl [ SA(U;) ]
A A , 8
H(A) = §|U| 09, ———— U (8)

where H:A—[0, «).
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If K(A)=w, then the information entropy of A achieves its maximum value log, |U |.

If K(A)=0, then the information entropy of A achieves its minimum value 0.

Theorem 11. Let S=(U,A) be an incomplete information system and P,Qc A If
P<"Q, then H(Q)<H(P).

Proof. The proof is similar to that of Theorem 10.

Liang presented a new method for measuring uncertainty in complete information systems,
which can be used to measure both uncertainty and fuzziness in rough set theory.

Definition 10, Let S=(U,A) be a complete information system and U /IND(A) =

{X, X5+, X} New information entropy of A is defined as
Xi |1 X7 ]

| | | X |
(A= Z|U||U| Z|U|( |U|)’ ©

. X;
where X{ denotes the complement set of X;, i.e, XS=U-X;, ﬁ represents the

probability of X; within the universe U and is the probability of the complement set of

|U |
X; within the universe U.
m X Y Y =X

Further on, we gave its condition entropy E(Q|P)=> > U1 Ul '~ and mutual
i=1 j=1

| Xi A Y] X . .
information E(P;Q) = ZZ Ul T The relationship between these three con-
i=1 j=1

ceptsis E(P;Q)=E(Q)-E(Q]|P) ¥

Unlike Shannon’s entropy, this entropy can measure not only uncertainty in information sys-
tems, but also fuzziness of a rough set and a rough classification.

Theorem 12. Let S=(U,A) beacomplete information systemand P,Qc A If P<'Q,

then E(Q) < E(P).
Proof. Similar to Theorem 10, we can obtain that

@(l_wjzi(l_|sp(ui1>|]+i[l_|sp(ui2>|j+m+i[l_lSp(uisﬁlj
I qu) oo JTuic o il ol )

Y] I{ Y] Ij 1 [ | Sp(u ,1)|J 1 (1 ISp(sz)IJ 1 [, ISeug)l
— |+t — |l
UL Ul U] U] U | U] U | |U |

Since P< Q, one can obtain Sp(U;) = Sq(u;) and | Sp(u;) [l Sq(u;) |, u; €U, and there

exists Uy eU suchthat Sp(Uy) = Sq(Ug) and |Sp(ug) < So(Up)|. Hence,

=)= Z||>L(J||( ll)t(ulj iiljl( lSTt(Ju]k)lJ

i=1 k=1
Z( 1 [ |s,,(uil)|]+i[l_|sp(ui2)|j+m+i[l_lSp(uisi)ln
|U| U | |U | |U| U] |U |
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:'U'i(l_lsp(ui)llz 'i': i(l_ls (U)|j+i[1_|3p(uo)|]
= U | [U | it e, U |U | |U | [U |
uioog [Sou)l) 1 | Sq (Ug) |
.12 |U|[ [U | j U ( U | j
uiq |SQ(ui)|j Ui { |SQ(ui)|J Ny [ |SQ(ujk)|j
L T - 2 g2/l
i Ul( U | Z U [U | éélw U |

= ZY—"'(l—M] =EQ).
AUl U
Obviously, E(Q) < E(P).
Definition 11. Let S=(U,A) be an incomplete information system and K(A)= (S, (u,),

Sa(Uy),++,Sa(Uy))).  Information entropy of A is defined as

RN
ol 50

If K(A)=uw, then the information entropy of A achieves its maximum value 1-1/|U |.

If K(A)=6, then the information entropy of A achieves its minimum value 0.
Theorem 13. Let S=(U,A) be a complete information system, U/IND(A)={X,, X,,
Xpn} and  K(A)=(Sa(u),Sa(Uy), -, Sa(uy))). Information entropy of A degenerates into

=N=Y 0] ||[ o ||j

A= %ﬁ( lsﬁguf)lj Z'li(”'[ llﬁillj'

Proof. The proof is similar to that of Theorem 12.

Theorem 13 shows that the information entropy in complete information systems is a special
form of the information entropy in incomplete information systems.

Theorem 14. Let S=(U,A) be an incomplete information system and P,Qc A If

P<'Q, then E(Q)<E(P).
Proof. The proof is similar to that of Theorem 12.
Definition 123, Let S=(U,A) be an incomplete information system and K(A)=

(Sa(Uy), Sa(uy), -+, Sa(uy))). Combination entropy of A is defined as

u| C3, —C2
CE(A) = Zw, (12)
U | Cy

2 2
Cu = Cis,w)
2
Ul

guishable to each other within the whole number of pairs of the elements on the universe U.

where denotes the probability of pairs of the elements which are probably distin-
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If K(A)=w, thenthe combination entropy of A achieves its maximum value 1.

If K(A)=0, thenthe combination entropy of A achieves its minimum value 0.

Theorem 15. Let S=(U,A) be an incomplete information system and P,Qc A If
P <'Q, then CE(Q)<CE(P).

Proof.  Suppose K(P)=(Sp(U),Sp (), Sp(Uy)) and K(Q) = (Sq(Uy), Sq(Uz), -, Sq (Uy)))-
Since P<'Q, we have that Sp(u;) = So(u;) and |Sp(u;) || Sq ()|, u; €U, and there ex-
ists Uy eU suchthat Sp(Uy) = Sq(Uy) and |Sp(Ug) < Sq(Up) |-

Therefore,
1 vl c2 _c2 1 M| c2 1 M 2 1 C2
CE(P) =Ly oy L §Eser S Sl 1S5 ()
|U|—1 C|EJ| |U|—1 C|U| |U||—1u¢uo C|U| |U| C|Ej|
2
1 U Chwy 1 Chun 1 LLCH -Gl w
SPTE ol TCVRE SOV N il T BP0

Uliem, CH IUI C4  IUIE C),
Obviously, CE(Q) < CE(P).
Theorem 16. Let S=(U,A) be a complete information system and U/IND(A)=
{X{, X5+, X,}. Then, the combination entropy of A degenerates into

| X; 1 G —Cix
CE(A — 12
(A) = Z Ul o (12)
CH—Ck,
where —2 denotes the probability of pairs of the elements which are distinguishable

Ul
each other within the whole number of pairs of the elements on the universe U.
Proof.  Suppose = U/IND(A)={X;, X;, -, Xp}, X; ={Ujp, Ui, Ui }, 1€{L,2,---,m}, where

m
[| Xi|=s; and Zsi =|U|. LetK(A)=(Sa(W),Sa(U,),"--,Sa(Uy))), then the relationship between

i=1

K(A) and U/IND(A) is as follows:

Xi =Sp (Ujy) = Sp (Ujp) =+ = Sp (Ui, ),
ie.,
| X [ Sp (Uig) [ Sp (Uig) |= -+ = Sp (U ) |-
Hence, one can obtain that
2 2 2
) Cx% i CS )
|Xi |XC|)2(|| _Si C|>2(|| =Z |CAgulk)|'
v Ul k= )
Therefore,
5 X Cu C2 %, 1 & C§<i
CE(A z || — ZI || | | zsix |2|
=l (O ot UE Co BYIE= Co
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_1 ZZ Cluwl _q L WCs,uy _ 1 ¥CY - ClsA(un
|U|| =1 k=1 C|U| |U||:1 C|u| |U| C|u|

This completes the proof.

5 The relationship between information granulation and entropy

In some sense, there exists a complement relation between entropy and information granulation.
That is to say, the bigger the entropy value is, the smaller the information granulation; the smaller
the entropy value is, the bigger the information granulation.

5.1 The relationship between information granulation and entropy in complete informa-
tion systems

Theorem 1708, Let S=(U,A) be a complete information system and U /IND(A)=
{X, X5+, X, }. Then, the relationship between the information entropy E(A) and the infor-
mation granulation GK(A) is as follows:

E(A)+GK(A) =1 (13)

Theorem 180 Let S=(U,A) be a complete information system and U /IND(A)=
{X{, X5+, X,}. Then, the relationship between Shannon’ entropy H(A) and the rough en-
tropy E,(A) is as follows:

H(A)+E,(A)=log, |U|. (14)

Theorem 19. Let S=(U,A) be a complete information system and U/IND(A)=
{X{, X5+, X,}. Then, the relationship between the rough entropy CE(A) and the combina-
tion granulation CG(A) is as follows:

CE(A)+CG(A) =1. (15)
Proof. From their definitions, one can obtain that
2 2
| X, |G~ Cix, X[, Cixi | | X; 1 Cixs
CE(A ! =1-CG(A).
W= Z|U| il Z|U| o) Z|U| il @

Clearly, CE(A)+CG(A)=1.
5.2 The relationship between information granulation and entropy in incomplete informa-
tion systems

Theorem 20. Let S=(U,A) be an incomplete information system and K(A)=(S,(u,),
Sa(Uy),++,Sa(Uy))). Then, the relationship between the information entropy E(A) and the
information granulation GK(A) is as follows:

E(A)+GK(A) =1 (16)
Proof. Let K(A)=(S5(U),Sa(Uy),,Sa(Uy)), then

U |sA(ui)|j Y1 Mis,w)l o,
E(A= Z|U|[ U §|U| Z U =i GKA,
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i.e., E(A)+GK(A)=1.
Theorem 21. Let S=(U,A) be an incomplete information system and K(A)=(S,(u,),
Sa(Uy),-+,Sa(Uy))). Then, the relationship between the information entropy H(A) and the

rough entropy E,(A) is as follows:
H(A) +E,(A)=log, [U |. 17)
Proof. It follows from Definition 7 and Definition 9 that

_ S Isaw)l o Sl _
H(A) = §|U||ng U] = §|U|(IogZ|SA(Ui)| log, |U [)

bl 4 1 ul 4
=—[—i§mlog2—| SA(Ui)JHog2 |U |i§m=—Er(A)+log2 [U].
Thatis H(A)+E,(A)=log, |U |.
Theorem 22. Let S=(U,A) be an incomplete information system and K(A)=(S,(u,),
Sa(Uy),-+,Sa(Uy))). Then, the combination entropy CE(A) and the combination granulation

CG(A) is as follows:

CE(A)+CG(A)=1. (18)
Proof. From their definitions, one know that
2 2 2
U= C|6| i=1 C|l2J|

Obviously, CE(A)+CG(A)=1.

6 Conclusions

Information granulation and entropy theory are two main approaches to research the uncertainty
of an information system, which have been widely applied in many practical issues. In this paper,
the characterizations and representations of information granules in complete information sys-
tems and incomplete information systems have been analyzed and an axiom approach to informa-
tion granulation has been presented. It has been proved that each of the existing information
granulations is a special instance of this axiom definition. Furthermore, some results of entropy
theory have been extended in information systems and the relationship between information
granulation and entropy has been established. It deserves to be pointed out that entropy measures
in information systems all satisfy granulation monotonicity. These results unify the relative con-
clusions about uncertainty measure in complete information systems and incomplete information
systems. Further research work is planned to establish an axiom approach of fuzzy information
granulation in fuzzy information systems.
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