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quantification. Since the fuzzy concept is more general than classical concept in real life,
how to make decision for a fuzzy concept using relative and absolute quantitative infor-
mation is becoming a hot topic. In this paper, a couple of double-quantitative decision-
theoretic rough fuzzy set (Dq-DTRFS) models based on logical conjunction and logical dis-
junction operation are proposed. Furthermore, we discuss decision rules and the inner re-
lationship between these two models. Then, an experiment in the medical diagnosis is

studied to support the theories. Finally, to apply our methods to solve a pattern recogni-
tion problem in big data, experiments on data sets downloaded from UCI are conducted to
test the proposed models. In addition, we also offer a comparative analysis using two non-
rough set based methods. From the results obtained, one finds that the proposed method
is efficient for dealing with practical issues.

© 2016 Elsevier Inc. All rights reserved.

1. Introduction

Rough set theory was first proposed by Pawlak [26]. It is an extension of the classical set theory and could be regarded
as a mathematical and soft computing tool to handle imprecision, vagueness and uncertainty in data analysis. It is currently
one of the most promising research directions in artificial intelligence. The classical Pawlak rough set model defines a pair
of lower and upper approximations, or equivalently three pair-wise disjoint positive, negative, and boundary regions, of a
given set by using the set-inclusion relation and the set non-empty overlapping condition [27]. The three regions can be
interpreted as three-way decisions consisting of acceptance, rejection and non-commitment [37-39]. The qualitative for-
mulation ensures that both positive and negative regions are error free, namely, there is no incorrect acceptance error, nor
incorrect rejection error. Whenever there is any doubt, a decision of non-commitment is made. Such a stringent formulation,
although making an analysis of a rough set model easier, may unnecessarily restrict its applicability and flexibility. In many
situations, we are willing to allow some degree of errors in order to make an acceptance or a rejection decision for more

* Corresponding author. Tel.: +85388972136.
E-mail addresses: fanbingjiao890617@126.com (B. Fan), cctsang@must.edu.mo (E. C. C. Tsang).

http://dx.doi.org/10.1016/j.ins.2016.05.035
0020-0255/© 2016 Elsevier Inc. All rights reserved.


http://dx.doi.org/10.1016/j.ins.2016.05.035
http://www.ScienceDirect.com
http://www.elsevier.com/locate/ins
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ins.2016.05.035&domain=pdf
mailto:fanbingjiao890617@126.com
mailto:cctsang@must.edu.mo
http://dx.doi.org/10.1016/j.ins.2016.05.035

B. Fan et al./Information Sciences 378 (2017) 264-281 265

objects. To solve the limitations that the relationship between equivalence classes and the basic set are strict and there are
no fault tolerance mechanisms, several proposals of generalized quantitative rough set models have been made by using a
graded set inclusion. The PRS model [40] and GRS model [41] are two important expanded models to measure relative and
absolute quantitative information between the equivalence class and a basic concept, respectively.

In 1987, Wong and Ziarko [34,35] introduced probabilistic approximation space to rough set theory and then presented
the concept of PRS model. Subsequently, Yao et al. [42,43] proposed a more concrete PRS model called DTRS model. This
perspective was given to deal with the degree of overlapping of an equivalence class with the set to be approximated, and
an approach was presented to select the needed parameters in lower and upper approximations. As far as the probabilistic
approach to rough set theory is concerned, Pawlak and Skowron [28], proposed a method to characterize a rough set by a
single membership function. By the definition of a rough membership function, elements in the same equivalence class have
the same degree of membership. The rough membership may be interpreted as the probability of any element belonging to
a set, given that the element belongs to an equivalence class. This interpretation led to proposing PRS model [40,42]. Greco
et al. [3] introduced a new generalization of the original definition of rough set and variable precision rough set models,
named the parameterized rough set model. They aimed at modeling data relationships expressed in terms of frequency
distribution rather than in terms of a full inclusion relation, which is used in the classical definition of rough set model.
PRS model extends the applied range of classical rough set model. The major change is the consideration regarding the
probability of an element being in a set to determine inclusion in approximation regions. Two probabilistic thresholds are
used to determine the division between the boundary-positive region and boundary-negative region.

Decision making is an important issue in our daily life. Pedrycz [29] proposed the collaborative and linguistic mod-
els of decision making based on granular computing. Chen and Zhao [1] discussed the local reduction of decision system
with fuzzy rough set. Yao et al. [43] proposed the DTRS model by using the Bayesian decision theory. Herbet et al. studied
the game-theoretic rough set [5,6]. The DTRS model as a concrete PRS model, has aroused interests of many scholars and
obtained great achievements in recent years. Herbert and Yao [4,5] studied the combination of the DTRS model and the
game-theoretic rough set model. Qian et al. studied the multi-granulation decision-theoretic rough set model [30]. Li et al.
proposed the multi-granulation decision-theoretic rough set model in an ordered information system [22]. Li and Zhou
[11,12] presented a multi-perspective explanation of the DTRS model and discussed attribute reduction and its application
for the DTRS model. Jia et al. [7] also discussed the attribute reduction problem for the DTRS theory. Liu et al. [13-15] dis-
cussed multiple-category classification with DTRS model and its applications in management science. In [9,10,16], both Li
and Lingras used the DTRS theory to discuss the clustering analysis. Yang [44] studied the multi-agent DTRS model. Li et al.
and Liang et al. [17,18] discussed information retrieval and filtering by using the DTRS theory. With the aid of multi-attribute
group decision making, Liang et al. proposed three-way decisions by extending DTRS model to the qualitative environment
[19]. Greco and Slowinski [4] combined the DTRS model with the dominance-based rough set model and then gave a new
generalized rough set model. Based on the basic idea of the DTRS model, Zhou [52] presented a new description of this
model. Ma and Sun [23,24] studied the DTRS theory over two universes based on the idea of the classical DTRS theory. Ju
et al. proposed a moderate attribute reduction approach in DTRS [8]. Sun et al. investigated the decision-theoretic rough
fuzzy set (DTRFS) model and application [32]. Zhang and Min applied three-way decision to recommender systems [46].

The GRS model based on graded modal logics exploring the relationships between rough set and modal logics was pro-
posed by Yao and Lin [41]. The GRS model primarily considered the absolute quantitative information regarding the basic
concepts and knowledge granules and was a generalization of the Pawlak model. The regions of the GRS model were ex-
tensions of grade approximations. Since the inclusion relation of the grade approximations did not hold any longer, positive
and negative regions, upper and lower boundary regions were naturally proposed. Obviously, regions of the GRS model also
extended the corresponding notions of the classical rough set model. Also Yao and Lin studied the graded rough set approx-
imations based on nested neighborhood systems. Xu et al. investigated the GRS model based on rough membership function
[36]. Liu et al. researched the GRS model based on two universes and its properties were discussed [20]. They classified the
universe more precisely and had their own logical meanings related to the grade quantitative index. In addition, GRS model
also considered absolute quantitative information between equivalence classes and the basic concept [49]. By defining the
upper approximation number, Wang et al. constructed the quantitative analysis for covering-based rough set model [33].
Zhang and Miao constructed the double-quantitative approximation space, and then they proposed two double-quantitative
rough set models [47,48]. Later, they investigated the attribute reduction of the proposed rough set models [50,51].

As two useful expanded rough set models, DTRS and GRS can respectively reflect relative and absolute quantitative in-
formation about the degree of overlapping between equivalence classes and a basic set. The relative and absolute quanti-
tative information are two distinctive objective sides that describe approximate space, and each has its own virtues and
application environments, so none can be neglected. Relative quantitative information and absolute quantitative information
are two kinds of quantification methodologies in certain applications. Usually, most researchers prefer to use the relative
quantitative information [11,13,14,23-25,35,47]. However, the absolute quantitative information is more important than or
as important as the relative quantitative information in some specific fields or special cases. Many related examples can
be found in practice. Zhang investigated the double-quantitative rough set model of precision and grade using granular
computing [48]. Recently, Zhang and Miao did researches on an expanded double-quantitative model regarding probabilities
and grades and its hierarchical double-quantitative attribute [50,51]. Li discussed the double-quantitative decision-theoretic
rough set model based on assembling the lower and upper approximations of DTRS and GRS models [21]. However, there is
no research on incorporating fuzzy concept in double-quantitative models.
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So far, none of these proposed double-quantitative rough set models could deal with problems with fuzzy concept. For
example, when dealing with the cold patients’ medical diagnosis, we find that some patients have a serious cold. So they
should be treated as cold patients. However, other patients may have a mild fever or headache, that is to say, they are not
necessarily catching a cold. They may need to do other examinations to determine whether they have other diseases or
not. The motivation of this study is to combine DTRS model with GRS model by using logical operators and incorporating
a fuzzy concept. We introduce the absolute quantitative information to DTRS model in order to significantly improve the
results obtained by DTRS model. We construct the rough set model which considers the relative and absolute quantitative
information about the degree of overlapping between equivalence classes and a concept set. Two new double-quantitative
decision-theoretic rough fuzzy set models (/\-Dq-DTRFS and \/-Dg-DTRES ) based on logical conjunction and logical disjunc-
tion operation are proposed, respectively. Moreover, some important properties of these models are investigated thoroughly.
After further studies to discuss decision rules and the inner relationship between these two models, we introduce an illus-
trative case study in the medical diagnosis to interpret and support the theories. Experiments on real-life big data sets are
proposed to demonstrate our model could deal with practical problems.

The rest of this paper is organized as follows. In Section 2, some basic concepts of rough set theory, GRS and DTRS
models, and some related necessary preliminaries are briefly introduced. We propose two kinds of Dq-DTRFS models, and
some important properties of these models are investigated in Section 3. In Section 4, comparisons and analyses of A-Dg-
DTRFS and \/-Dq-DTRFS are done, we also discuss the basic relation among these two models and the classical rough set
model. In Section 5, an illustrative example is presented. Then experiments about real-life big data sets are conducted and
analyzed in Section 6. Finally, the paper ends with conclusions.

2. Preliminaries

In this section, some basic preliminaries and necessary concepts are briefly introduced. More details can be found in
[2,26,28,31,32,40-42,45].

Throughout this paper, we assume that the universe U is a non-empty finite set, and the class of all subsets of U is
denoted by P(U), the class of all fuzzy subsets of U is denoted by F(U), the complementary set of X is denoted by X°.

2.1. Pawlak rough set

For a non-empty set U, we call it the universe of discourse. The class of all subsets of U is denoted by P(U). For X € P(U),
the equivalence relation R in a Pawlak approximation space (U, R) partitions the universe U into disjoint subsets. Such
a partition of the universe is a quotient set of U and is denoted by U/R = {[x]g|x € U}, where [x]g = {y e U|(x,y) € R} is
the equivalence class containing x with respect to R. In the view of granular computing, equivalence classes are the basic
building blocks for the representation and approximation of any subset of the universe of discourse. Each equivalence class
may be viewed as a granule consisting of indistinguishable elements. In the basic concept X € P(U), one can characterize X
by a pair of upper and lower approximations which are

RX) ={xeU|[xlrnX # 0} = U{[x]g | [X]gN X # 0};
RX) ={xeU|[x]r € X} = U{[x]r | [x]r < X}.

Here, pos(X) = R(X), neg(X) = (R(X)), bn(X) = R(X) — R(X) are called the positive region, negative region, and boundary
region of X, respectively [26].

2.2. Fuzzy set

Zadeh introduced the fuzzy set [45] in which a fuzzy subset A of U is defined as a function assigning to each element x
of U. The value A(x) € [0, 1] and A(x) is referred to as the membership degree of x to the fuzzy set A. Let F(U) denotes all
fuzzy subsets of U. For any fuzzy concept A B € F(U), we say that A is contained in B, denoted by AcCB, 1fA(x) < B(x) for
all x € U, we say that A=Bif and only if AcBand A2 B. given that A, B e F(U) and Vx e U. The basic computing rules of
fuzzy set are described as follows.

(AUB)(x) = max{A(x), B(x)} = A(x) v B(x):
(AN B)(x) = min{A(x), B(x)} = A(x) A B(x);
A(x) =1 —-Ax).

RV N

Here and are the maximum operation and minimum operation, respectively. The AC is the complementary set of
A In [31], Sarkar proposed a rough-fuzzy membership function for any two fuzzy sets(A and B) of the universe of discourse
as:
~_|AUB|
AT TR
|B|
Here |Z| = Eﬁ(x), x € U. It is useful to construct the decision-theoretic rough fuzzy set model which is very important in
our study.

, xeUl.
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2.3. Graded rough set

Yao and Lin [41] explored the relationships between rough set theory and modal logics and proposed the GRS model
based on graded modal logics. The GRS model primarily considers the absolute quantitative information regarding the basic
concept and knowledge granules and is a generalization of the Pawlak rough set model. In the GRS model, k € N is a
non-negative integer called “grade” and the following approximations are made:

Re(X) = {x e U | [[x]g N X| > k} = U{[x]r | [[x]x N X] > k};
Re(X) ={x e U | |[x]r| — |lx]r N X| < k} = U{[x]r | [[x]r] — [[x]r N X| < k} = U{[x]r | [[X]r N X°] < K}
These two approximations are called grade k upper and lower approximations of X. Where | - | stands for the cardinality
of the objects in set, and X stands for the complementary set of X. If R, (X) = Ri(X), then X is called a definable set by
grade k; otherwise, X is called a rough set by grade k. R, and Ry are called grade k upper and lower approximation operators,

respectively. Here, R, (X) is the union of the equivalence classes which satisfy the cardinality of the intersection of X and
equivalence classes to exceed parameter k. R, (X) is the union of the equivalence classes which satisfy the cardinality of the
intersection of the complementary set of X and equivalence classes not to exceed parameter k.

Especially, if k =0, then R, (X) = R(X), R,(X) = R(X). Therefore, the classical rough set model is a special case of GRS
model. It must be pointed out that the lower approximation included in the upper approximation does not hold usually. So,
the boundary region could be defined as union of lower and upper boundary regions. Accordingly, we can get the following
regions.

pos(X) = Ri(X) N R (X):

negi(X) = (Re(X) U R (X));

Ubny (X) = Re(X) — Ri(X);

Lbny (X) = R (X) — Ri(X);

by (X) = Ubn (X) U Lbny (X) = R (X) AR (X).

Here posi(X), negy(X), Ubny(X), Lbn,(X) and bny(X) are called grade k positive region, negative region, upper boundary
region, lower boundary region, and boundary region of X, respectively. The A is the symmetric difference of the upper and
lower approximation sets. _

Moreover, if the set X is generalized to a fuzzy set A € F(U), the GRS model will be generalized to graded rough fuzzy
set (GRFS) model. The following definition can be got.

ReA) = {xeU| Z,qqA0) > k} = U{[X]r | Zyep AW > k)
R(A) ={xeU| Ty, (1 —AW)) <k} = U{[X]r | Zyep (1 —AW)) <k}

According to the above definition, the rough regions can be calculated similar to previous one.

2.4. Decision-theoretic rough set

In [28] Pawlak and Skowron suggested using a rough membership function to redefine the two approximations and the
rough membership function uy is defined by:

[[x]r N X|
[[x]r] -

Bayesian decision procedure mainly deals with making decisions have minimum risk or cost under probabilistic uncer-
tainty. The following processes can be found in [2]. In the Bayesian decision procedure, a finite set of states can be written
as Q = {wy, wy, ..., ws}, and a finite set of r possible actions can be denoted by A = {ay, ay, ..., ar}. Let P(w;|x) be the con-
ditional probability of an object x being in state w; given that the object is described by x. Let A(a;|w;) denote the loss or
the cost for taking action g; when the state is w;. The expected loss function associated with taking action g; is given by

pr(x) = P(X|[x]r) =

R(ag;|x) = Z Alaj|wj)P(wijlx).
i

With respect to the membership of an object in X, we have a set of two states and a set of three actions for each state.
The set of states is given by € = {X,X¢} indicating that an element is in X and not in X, respectively. The set of actions
with respect to a state is given by A = {ap, ag, ay}, where P, B and N represent the three actions in deciding x € pos(X), x
bn(X), and x € neg(X), respectively. The loss function regarding the risk or the cost of actions in different states is given in
the following:
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Table 1
The loss function.
X(PP)  X(N)
ap App AN
ap Agp AN
ay  Anp ANN

In Table 1, App, Agp and App denote the losses incurred for taking actions ap, ag and ay, respectively, when an object
belongs to X. And Apy, Agy and Ayy denote the losses incurred for taking the same actions when the object does not belong
to X. The expected loss R(a;|[x]g) associated with taking the individual actions can be expressed as [42].

R(ap|[x]r) = AppP(X|[X]r) + ApnP(XC|[X]R);
R(ag|[x]g) = AepP(X|[x]r) + AenP(XE[X]R):

R(an|[x]r) = AnpP(X|[X]r) + AnNP(XE|[X]R).

When App < Agp < Anp and Ayy < Agy < Apy, the Bayesian decision procedure leads to the following minimum-risk
decision rules:

(P) If P(X|[x]g) > y and P(X|[x]g) > «, decide pos(X);

(N) If P(X][x]g) < B and P(X]|[x]g) < y, decide neg(X);

(B) If B < P(X|[x]r) < «, decide bn(X).

Where the parameters «, 8 and y are defined as:

o ApN — ANN ,
(Apn — Ann) + (Anp — App)’
8- ANN — ABN )
(ANN — Agn) + (Agp — Anp)

Apy — AN

v (Apn — Agn) + (Agp — App)

If a loss function further satisfies the condition: (Apy — Ann)(Agp — Anp) > (ANN — Agn) (Anp — App), then we can get o >
y = B.

When o« > 8, we have « > y > fB. The DTRS has the decision rules:

(P) If P(X|[x]g) > o, decide pos(X);

(N) If P(X|[x]g) < B, decide neg(X);

(B) If B < P(X|[x]g) < «, decide bn(X).

Using these three decision rules, we get the probabilistic approximations, namely the upper and lower approximations
of the DTRS model:

R pyX) ={x €U | P(X|[x]r) > B} = U{[x]r | P(X|[x]r) > B};
R pyX) ={xeU | P(X|[x]r) = o} = U{[x]r | PX[[X]r) = a}.

If Rg gy (X) = R(e,p)(X), then X is a definable set, otherwise X is a rough set. Here, pos(y gy (X) =Ry gy (X), nege gy (X) =

(Ria,py X))€, bny gy(X) = Ry gy (X) — R(q,p)(X) are the positive region, negative region and boundary region, respectively.

Sun et al. introduced the PRS model and its extensions in [32]. Let U be a non-empty finite universe and R be an equiv-
alence relation of U and P be the probabilistic measure. For any A € F(U), P(A|[x]g) is called the conditional probability of
fuzzy event A given the description [x]g. The P(A|[x]r) is defined as follows:

z:ye[x]RIZO’)
|[x]xl

_ The P(Zl[x]R) can also be explained as the probability that a randomly selected object x € U belongs to the fuzzy concept
A given the description [x]z. Based on the above conditional probability of fuzzy event A, the upper and lower approxima-
tions of fuzzy set A with respect to « and § are defined as follows:

Ra.p)(A) = {x e UIP@AI[x]R) > B} = U{[xlk | PAIIXIR) > B);
Riw.p)(A) = {x € UIP(A|[x]z) = o} = U{[x]r | P(Al[x]g) = at}.

P(A|[x]g) = xeU.

According to the definitions, it is easy to get that the upper and lower approximations are the binary operators from
FU) — PU), where the F(U) stands for all fuzzy set of U and P(U) means the power set of U. At this time, the DTRS
model will be generalized to the DTRFS model.
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DTRS model based on Bayesian decision principle was initially proposed by Yao [42]. The conditional probability in this
model is determined by the rough membership functions P(X|[x]r) = |[x]g N X|/|[x]r]. which implies the relative quantitative
information. The decision-theoretic approximations are made with 0 < 8 < « < 1. The parameters « and 8 were obtained
from the losses of the Bayesian decision procedure, which are related to the relative quantitative information. The loss
function can be considered as the standard threshold values, which are not abstract notions. However, they have an intuitive
interpretation. One can easily interpret and measure the loss or the cost in a real application.

3. Double-quantitative decision-theoretic rough fuzzy set models

Based on previous introduction, here we will discuss a fuzzy concept which comprehensively describes relative and ab-
solute quantitative information. We will further discuss the composite study of DTRFS and GRFS models based on logical
operation. Based on the knowledge that logical conjunction and logical disjunction operation are a pair of symmetric op-
erators, we will construct two expanded Dq-DTRFS models by using logical conjunction and logical disjunction operation,
respectively.

3.1. Logical conjunction double-quantitative decision-theoretic rough fuzzy set (\-Dq-DTRFS) model

In many scientific fields, not only the relative quantitative information should be considered, but also the absolute quan-
titative information should be researched by considering the upper and lower approximations at the same time. By taking
the absolute quantitative information into consideration in the Bayesian decision procedure in the DTRFS model, we can get
a kind of Dg-DTRFS model based on logical conjunction.

Definition 3.1. Let I = (U, R) be an approximation space, and U = {x{,X;, ..., xn} be a universe. For any Ac FU),0<8 <
o < 1, k e N and x € U, the logical conjunction double-quantitative upper and lower approximations of fuzzy set A based
on the relation R are defined as:

RapyiA) = {x €U | PAl[xIR) > B, Zyepu AW) > k);
Rw.pynk(A) = {x € U | PA|[X]R) = o, Byepg, (1 —AY)) < k).

Based on these operators, we determine a rough set model called the logical conjunction double-quantitative decision-
theoretic rough fuzzy set (/\-Dq-DTRFS) model, which is also denoted by (U, R(y gy\k(A), Ra pysk(A)). The positive region,

negative region, upper boundary region, lower boundary region and boundary region are presented as follows:
pos; (A) = R g (A) N R p) i (A);
neg; (A) = (Riq.pyak(A) UR @ ) e (A));
Ubny (A) = Riq.pyi(A) = Ria,p) i (A);
Lbn () = Rea )k (A) = Rig ) (A):
bn} (A) = Ubny (A) U Lbn} (A) = Rk (A) A Rig gy i (A).

According to the definition of P(ﬁ|[x]R) and the above definition, one can get the following theorem.

Theorem 3.1. The logical conjunction double-quantitative upper and lower approximations of fuzzy set A based on the relation R
can also be defined as:

Repk®) = (x €U | By, AW) > max(k, Bl[xle)}:

Riappak(A) = {x € U | Ty Ay) > max(|[xe| — k. @|[x]e])}-
Proof. It can be proved directly from the definition of P(A7| [x]g) and Definition 3.1. O
Corollary 3.1. If Ais degenerated into a classical set ACU, then,

Ra.pyk(A) = {x e U | PA|[x]r) > B. [[xIr N Al > k} = Ry ), (A) NRx(A);

R p)rk(A) = {x e U [ P(Allx]g) = . |[X]g] — [[X]r NA] < k} = R(q p)(A) N R (A).

Furthermore, these parameters in their special case with « =1, 8 =0 and k =0, the A\-Dq-DTRFS model will be degen-
erated into Pawlak rough set Ry gy, (A) = R(A), and R, g).k(A) = R(A). It means the model is a directional expansion of

the Pawlak model.

The relative information similarly complements the absolute description and can be used to improve the GRS model. The
sharp contrast between the relative and grade environments is typical of double quantification applications. For example,
if the relative quantification varies over a small range while the grade changes significantly, then the double quantification
can play a significant role. Based on the descriptions of the regions, the following decision rules can be obtained.
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(P)If k < BlIXIgl. SyegpAW) = |[xIel - k. decide posy(A);

(P)If BlIXIl < k < l[x]gl, ZyepxAW) = «|[x]g|, decide posy (A);

(PM)If | [X]g| < k, Zyeug,AY) > k, decide posp (A);

(N)If k < BlIxIrl, ZyepxAW) = BllXIg|, decide neg (A);

(N If BlxIg] < k < al[x]El, e AY) <k, decide neNgﬁ(A);

(NY) If o [X]R] < k, e, AW) < a|[le|, decide negy (A); ~

(UB*) If k < BlxIrl, BIIXIR| < Zyepn,AW) < [[x]r] — k. decide Ubn (A);

(UBM) If Bl[xIgl < k < al[X]Rl, k < Zyepy, < @l[X]g|, decide Ubny (A);

(LB") If at|[x]g| < k, e|[X]g] < Zyep,AY) < k. decide Lbnp (A).

With these rules, one can make decisions based on the following positive, upper boundary, lower boundary and negative
rules. For A\-Dq-DTRFS model, we have the following decisions:

Des([x]r) — DespkA (Z), for x € pos;, (K);

Des([x]g) — DesNﬁ (K), for x € neg;, (K);

Des([x]r) — DesUB’A (/N\), for x e Ubny, (ﬁ);

Des([x]g) — Desyp, (A). for x € Lbn} (A).

3.2. Logical disjunction double-quantitative decision-theoretic rough fuzzy set (\/-Dq-DTRFS) model

Based on the previous discussion, we find that sometimes the relative quantitative information and the absolute quanti-
tative information should not be considered at the same time. We may just need to satisfy at least one of these conditions.

Definition 3.2. Let [ = (U, R) be an approximation space, and U = {x{,X,, ..., X} be a universe. For any Ac FU),0<8 <
o < 1 and x € U, the logical disjunction double-quantitative upper and lower approximations of fuzzy set A based on the
relation R are defined as:

Riapoi(A) = {x e U | PA|[x]g) > B, OF Ty, AW) > k)
Riapyi(A) = {x €U | PA|[x]g) = @, oF Ty, (1-A()) <k},
Similar to the previous rough set model, the regions of \/-Dq-DTRFS model can be described in the same way.
pos; (A) = R pyok(A) N R gy i (A):
neg () = R,k () U R, gy ()
Ubny (&) = Rk (B) = Reo ok (A):
Lb (A) = Rig k(&) = Ree e (A):
bny (A) = Ubny (A) U Lbny (A) = R gk (A) A Rig pyurc(A).

According to the definition of P(ZI[X]R) and the above definition, one can get the following theorem.

Theorem 3.2. The logical disjunction double-quantitative upper and lower approximations of fuzzy set A based on the relation R
can also be defined as:

Rapyk@) = {x €U | By, A > min(k, BlIxIr))};
R pyi(B) = {x € U | Ty, AW) > min(|[x]r] — k. | [x]z])}.

Proof. It can easily be verified by the Definition 3.2 and the definition of P(K|[x]R). O

Here, the second type of Dq-DTRFS model was established based on the logical disjunction. In this model the relative and
absolute information are considered at the same time. The lower and upper approximations in Definition 3.2 must contain
at least one quantification.

Corollary 3.2. Similar to the first model, if Ais degenerated into a classical set ACU, then,
Ria.pyvk(A) = {x €U | P(A|[x]g) > B. or |[x]g NA| > k} = R4 p,(A) UR(A):
R pyvi(A) = {x e U | P(A|[x]r) = o, or [[x]g] — [[X]r NA] <k} = Ry p)(A) UR(A).

Furthermore, these parameters in their special case with « =1, 8 =0 and k =0, then the \/-Dq-DTRFS model will be
degenerated into Pawlak rough set R, g),k(A) = R(A), and R(«.p)vk(A) = R(A). It means the model is a directional expansion

of the Pawlak model, too.
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Table 2

Comparison decision rules of A\-Dq-DTRFS and \/-Dq-DTRFS models.
Value /\-Dq-DTRFS \/-Dq-DTRFS Decision
a|lxlzl < k Dy AW) > k ZyerxzAW) > BlIXIr] posg (A)
allxlz| < k Dy, AW < o [X]r] Dy, AW) < |x]r] ~ k negi(A)
a|lxlz| < k a|x]r| = Zye, AW) < k [[XIrl = k < Byer, AY) < BllxIrl  Lbny(A)
k < BllxIl Dy, AW) = |[xXIr] — k e AW) = al[x]r| pos(A)
k < BllxIkl Zyer, AW < BlIXIR] Zyer AWY) < k negy(A)
k < BlxIrl BlIXIr| < Zyeix AW) < Xkl =k k < g, AW) < al[x]g| Ubny (A)
BlIXIrl < k < allxzl  Zye,AW) = of[X]k] Dy, AW) 2 |[XIrl — k posk(A)
BlIxIrl < k < allXlgl  Zyen,AW) <k e AW) =< BlIxIr neg;(A)
BlIxlrl < k < af[xg] k< Zyepq, < ol[x]kl BlIXIR] < Zyepxe < IxIrl =k Ubny (A)

According to the constructed model \/-Dg-DTRFS, the following decision rules can be obtained.

(P)If k = BlIxIrl, ZyepxAW) = «|[X]r|, decide posy (A); ~

(PV) If BlIx]r| < k < al[x]ﬁl, ZyepAY) = [[x]r| — K, dfcide pos)/ (A);

(PY) If |[X]g| =< k. Byef,AQY) > BlIx]r|, decide posy (A);

(NI k < BlIxIRl, Zyeix,AW) <k, decide negy/ (A);

(NY)If BlIxIrl < k < llx]gl, Zyepx,AY) < BllxIgl, decide negy(A);

(NV) If a|[x]g] < k, e AY) < [X]r] — k. decide negy (A); ~

(UBV) If k < BIIXIgl, k < Eyex,AW) < al[x]g], decide Ubny/ (A);

(UBY) If BlIxIgl < k < e|[xIrl, BIIXIRl < Zyeix, < [[x]r] =k, decide Ubny(A);

(LBV) If at|[x]g| < ki |[X]Ir] = k < Zyep, AQ) < BllxIg|. decide Lbn/ (A).

With these decision rules, one can make decisions based on the following positive, upper boundary, lower boundary and
negative rules. For \/-Dq-DTRFS model, we have the following decisions:

Des([x]r) — DeSp,\/ (ﬁ), for x € pos)/ (ﬁ);

Des([x]g) — Delev (Z), for x  negy/ (K);

Des([x]r) — DesUB% (ﬁ), for x e Ubny/ (ﬂ);

Des([x]r) — DesLB’Z (Z), for x e Lbn)/ (A).

4. Comparisons and analyses of A-Dq-DTRFS and \/-Dq-DTRFS models

To complete our previous work, in this paper we build two Dq-DTRFS models and give their basic description. In this sec-
tion, we will discuss the relationship between A-Dq-DTRES and \/-Dg-DTRFS and more analyses will be provided. According
to the definitions of these two Dq-DTRFS models, we have shown that the expressions are similar. They are constructed on
different logical conjunction and disjunction. The related theorems are held. In the last section, the decision rules of these
two Dg-DTRFS models are presented and their comparisons are shown in Table 2.

There are serval parameters in models where «, 8 are conditional probability and k is a grade. The conditional probability
and the grade represent the levels and grade of tolerance in making incorrect decisions. When the conditional probability
is too low for acceptance (below «) and at the same time too high for rejection (above g), we will discuss the influence on
decisions based on different parameter values.

Case l.a+f8=1.

Theorem 4.1. For any AecFU). 0 < B<a<lkeNandx e U ifa+ B =150, a=1-p then, the following theorem holds
between A\-Dq-DIRFS and \/-Dq-DTRFS models.

R k(&) = Ry (A))S:
R(a,ﬁ)Ak(/‘Tc) = (R(a,ﬂ)vlc(g))c~

Proof. According to the Theorem 3.1, one can get the left hand side of first part that R(aﬂ)Ak(fo) = R(aﬂ)(ﬁf) ﬂRik(AVC) =
{xeU | PAIxIR) > BYN (X € U | Sy A0) > K} = {x | Zyep (1= A)) > BIXIRIIN (x € U | Syepg, (1-AW) > k) = {x e
U| Zyex, (1 —AY)) > max(B|[x]rl. k)}; for the right hand side, one can get (R, g)vk(A))¢ = [Rap)(A) UR(A)] = {x e U |
ZyegAY) < @lxll} N {x € U | By (1 =AW > k) = {x €U | [[XIe] = Zyep AW > |[XIgl =l X]g]} N {x € U | Zyep (1 -

AW)) >k} = {x | Byein, (1 =A)) > BIXIRI} N {X € U | Byeippe (1 —AW)) > k} = {x € U | Tyepy, (1 = AW)) > max(Bl[x]zl. k)}.
So, the first part has been proved and the second part of the theorem can be verified similarly. O

If a loss function satisfies )\pp =< )‘BP < )\Np, )"NN =< )"BN < )"PN and ()"PN - )‘NN)()‘BP - )"NP) > (}‘NN - )\'BN)()‘NP - )\.pp), we
have o > B. Thus, f < 0.5 and o > 0.5 hold, from the fact that « =1 - 8 and B =1 — «. At the same time, for the k, it
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Table 3
Initial medical data.

Patient  Fever  Headache d Patient  Fever  Headache d

X1 0 0 0.1 X19 0 0 0

X5 1 1 04 Xy 1 2 0.8
X3 0 2 06 Xy 2 0 0.8
Xq 2 1 08 X 0 0 0

Xs 1 0 03 X3 2 1 0.6
X6 2 2 10 X 1 2 0.7
X7 0 0 0.1 X25 0 2 0.5
Xg 1 2 0.7 X6 2 2 1.0
Xo 2 2 09 Xy 1 1 0.2
X10 1 1 05  Xog 2 0 0.4
Xn 1 2 10 Xy 2 1 0.5
X12 2 0 05 X3 0 0 0

X13 0 0 0 X31 1 2 0.7
X14 2 1 0.8 X32 0 1 0.1
X15 0 1 03 X33 2 1 0.7
X16 1 1 05 X3 1 1 0.6
X17 0 2 0.5 X35 0 0 0.1
X18 2 1 08 X3 2 0 0.5

follows that for o + 8 = 1, a loss function must satisfy App < App < Anp, ANy < Apy < Apy and the condition:
(Apn = Ann) _ (App — Anp)
(Anp —App) — (Ann — Apn)

The classical rough set model is obtained by letting « =1, B =0 and k =0, which satisfies the condition o + 8 = 1.
Thus the classical rough set model is a special case of the Case 1. It should be pointed out that the two models proposed
by Zhang et al. in [38] is also a special case of Case 1 in this section. The reason is that when « + = 1, the DTRS model
can be degenerated into variable precision rough set model, which is investigated in [48].

Case 2.+ f8 < 1.

The condition « > 8,8 < 0.5 holds for Case 2. A loss function must satisfy the condition:

(Anp — App) _ (Agp — Anp)
(Apn = Ann) (AN —2pn)’

For Case 2, we choose an accepted region pos(A)v in \/-Dg-DTRFS model which is described as {x | k/a < |[x]gz| <
kB, Tyer AW = |[XIel — k) mamely, {x | /o < |[XIg] < k/B. Zyepg A0 < |Ixlgl — k) then, we have {x | k/o < |[x]g| <
k/B, EyE[X]RA(y) > k}. That means it is part of Ubn* in A-Dq-DTRFS model. That is to say, from the accepted region of
one class in the kind of \/-Dq-DTRFS model, we can not decide where to include it in A\-Dq-DTRFS model. It is just possible
to include it in accepted region A\-Dq-DTRFS model.

Case3. o+ > 1.

The condition « > B, > 0.5 holds for Case 3. A loss function must satisfy the condition:

(Apn — ANN) - (ANN — ApN)
(Anp = App) — (Agp — Anp)

For case 3, we choose any x in rejection of A\-Dq-DTRFS model as {x | «|[x]g| <k, ZyE[X]Rﬁ(y) < a|[x]r]} to be equivalent
to {x | a|[x]r| < k. Zye(q,A°(Y) = af[x]r]} namely, {x | |[x]g] < k. [[X]r] — Zye[x,A() = |x]g|} then, we have {x | &|[x]g| =
k, EyE[X]RZ(y) < (1 —a)|[x]g]}. Because @ > 0.5 =1 -« < 0.5 < « then, {x | a|[x]g| <k, Eye[x]RK@) < «|[x]g]}. That is to say,

from the acceptance of one class in a kind of A-Dg-DTRFS model, we can compute the acceptance class in the \/-Dq-DTRFS
model. That means the acceptance condition is more strict than the first model.

5. Case study

In real life, patients go to a doctor when they have a headache or a fever. The doctor may decide the degree of coldness
(flu) of the patients based on the degree of fever and the degree of headache of the patients. In this section, the medical
example [21,49] is introduced to illustrate the utilization of our two A-Dg-DTRFS and \/-Dq-DTRFS models by comparing
with DTRFS and GRFS models. Let I = (U,Cud) be a decision fuzzy table, where U is composed of 36 patients, and the
condition and decision attributes are fever, headache and heavy cold, respectively. Let R denote the equivalence relation on
the condition attributes. Based on the measured medical data in Table 3, we provide the statistical results of the patient
classes in Table 4, where (i, j) (i, j € [0, 2]) denotes the rank of condition attributes and X denotes the cold patient set.

Based on the condition attributes Fever and Headache, the universe is classified into nine classes. From Table 3, the fuzzy
decision attribute is represented as d = (0.1,0.4,0.6,---,0.6,0.1,0.5). In the following, we will discuss the limitations of
DTRFS and GRFS models as well as the advantages of our two models proposed in the paper.
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Table 4
Statistical results of the patient classes.

() [xk KRl Zye,d@) PR Zyep, (1))

(0,0)  X1,7131922,30,35 7 03 0.04 6.7

0, 1) X15, 32 2 0.4 0.20 1.6

(0,2)  X3,17,25 3 1.6 0.53 1.4

(1,0)  xs 1 03 030 0.7

(1, 1) X2, 10, 16, 27, 34 5 2.2 0.44 2.8

(1,2)  Xs 11,20, 24,31 5 39 0.78 11

(2,0)  X12,21,28 36 4 2.2 0.55 1.8

(2,1)  X4,14,18,23,29, 33 6 4.2 0.70 1.8

(2,2) X6, 9,26 3 2.9 0.97 0.1

Table 5
Regions of GRFS model.

Region\k 0 1 2 3
Fk(g) U U-(x1r [x5]k, [x15]8) [x2]k, [Xalr, [X6]r, [Xs]r, [X12]R  [Xalr. [Xs]k
Rk(d) # [xs]r, [x6]k U — ([x1]r, [x2]r) U—[x1]k
PUSk(d) g [xslr [x4]r, [X6]rs [Xs]R, [¥12]R [Xalr, [xs]r
neg(d) 0 [xlk [xisk [x1]r [x1]r
Ubng(d) U [x2lr [x3]re [Xalre [Xs]rs [X12]r  [X2]R [
Lbny (d) # lxslk [x3]rs [X5]rs [X15]R U — ([x1]r, [Xalr, [xs]r)

From Table 4, by utilizing the GRFS model, we can get the upper and lower approximations of d with different grades
k=0,1,2,3 in Table 5. And_then, we could calculate all the positive regions, negative regions, upper boundary regions and
lower boundary regions of d with k=0,1,2,3. 5

From Tables 4 and 5, it is easy to see that X, ]Rd(y) yG[XS]Rd(y) = 0.3. [x1]g and [x5]g are indiscernible and equal
in the GRFS model. However, [x; ]z belongs to the negative region and [x5]z belongs to the lower boundary region with the
grades k=1,2,3. Since X jy,1, (1 =d(¥)) = Zyex,, 1, (1 —d(¥)) = 1.8, [x4]r and [xq2]g should be indiscernible and equal in
the GRFS model. While [x4]r belongs to the positive region and [x1,]z belongs to the lower boundary region with the grade
k = 3. For grade k =2, [x4]z and [xs]g belong to the positive region and they should be indiscernible and equal in the GRFS
model. However, P(dl[x4]R) =0.70#£097 = P(d|[x5]R) So the GRFS model has some shortcomings sometimes. Therefore the
GRFS model can not discern a valuable description in some circumstances.

In the Bayesian decision procedure, from the losses, one can give the values A;;, Aj, and i=1,2,3. We make some
changes to the loss function defined in [21], and the parameters can be calculated as follows.

Case 1. « + 8 = 1. Consider the following loss function:

App=0,  Apy =18,
Agp =9, Apy = 2,
Anp =12, Anny=0.
Then we can get @« = 0.6, f =0.4 = « + = 1. We can obtain the decision-theoretic upper and lower approximations.
Ro604) (D) = [xale Ulxs]r U [Xalk U [Xs]e U [xs]r U [X1a]s;
Ro5.04) (@) = [%a]r U [xs]r U [xs]r.
Accordingly, one can get the positive region, negative region and boundary region presented as follows:
POS(0.6.0.4)(d) = [Xalr U [X6]r U [Xs]x:
1n€g(0.6,0.4) (d) = [x1]r U [xs]r U [X15]k;
bn o604 (d) = [X2]r U [x3]g U [x12]x.
Case 2. « + 8 < 1. Consider the following loss function:
App=0, Apy=19,
App=12,  Apy=3,
=19, Ay =0.
Then we can get « = 0.5, f =0.3 = « + B < 1. We can obtain the decision-theoretic upper and lower approximations.
R05.03) (D) = [xale Uxs]r U [Xalk U [Xs]e U [xs]r U [X12]s;

R(o.s,os)(g) = [x3]g U [xa]r U [X6]r U [Xs]r U [X12]R-
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Table 6

Regions of DTRFS model.
Region\(a, B) (0.5, 0.3) (0.6, 0.4) (0.7, 0.5)
R((i) U — ([x11r. [xs]k. [x15 1) U= ([x1]r. [xs]r. [X15]r)  [x3]rs [Xalr, [x61R, [Xs]k. [X12]k
R(d) _ [x3]r, [xalrs [X6]r, [Xs]r, [X12]r  [X4lr, [X6]R, [Xs]k [x4]r, [x6]r, [X3]R
pos(d) [x3r, [Xalr, [X6]ro [Xs]r, [X12]k  [Xalrs [X6]r, [xs] [xalr, [xs]r, [Xs]r
neg(d) [x11r, [Xs]r, [¥15] [X1lr, [Xs]r, [X15]R [x11r, [x2]r, [Xs]r, [X15]
bn(d) [x2]r 2]k, [X3]rs [X12]r [x3]k, [¥12]r

Table 7
Regions of A-Dg-DTRFS and \/-Dg-DTRFS models.
Model  Pos. region Neg. region Ubn. region  Lbn. region
Case 1 A [Xalr, [Xs]r. [xs]r [X1]rs [X3]rs [X5]Rs [X15]R [x2]r, [x12]lk @
V [x3]r, [Xalr, [X6]r, [Xs]k, [X12]r [x1]r [x2]r [x5]k, [X15]r
Case2 A [Xalr, [X6]r, [Xs]r, [X12]k [x1]r, [Xs]r, [x15]% [x2]r [x3]r
V [x3]r, [Xalr, [X6]r, [Xs8]r, [X12]k  [X1]r [x2]r [x5]rs [X15]R
Case3 A [xalr, [X6]r, [xs]r [x1]r, [X2]r, [x3]R, [Xs5]Rs [X12]R0 [X05]R 90 4
V [x3]r, [Xalr, [X6]r, [Xs]k, [X12]k ~ [x1]k [x2]r [x5]k, [X15]r

Accordingly, one can get the positive region, negative region and boundary region presented as follows:

Pos(05.03) (d) = [x3]r U [Xalr U [Xs]g U [%3]r U [X12]x:
neg(0_5v0_3)(d~) = [x1]r U[x5]r U [x15];
bngs03)(d) = [X]x.

Case 3. « + 8 > 1. Consider the following loss function:
App=0, Apy=21,
App =7,  Apn=2,
=9, An=0.

Then we can get « = 0.7, 8 =0.5= o + f > 1. We can obtain the decision-theoretic upper and lower approximations.
R(o.7,o.5)(CT) = [x3]g U [Xa]r U [X6]r U [Xs]r U [X12]r:
R(0.7,05)(d) = [X4]r U [X6]r U [xs]k-
Accordingly, one can get the positive region, negative region and boundary region presented as follows:
P0S(.7.05)(d) = [xa]r U [x6]r U [Xs];
neg.7,05 (d) = [X1]r U [X2]r U [x5]r U [x15]:
bng7.05)(d) = [X3]r U [X12]r.

All the regions of DTRFS model with three groups parameters (c, 8) are shown in Table 6.
From Tables 4 and 6, it is easy to see that Xy.(,1,d(¥) = Zyx,,1,d ) = 2.2. [x2]g and [x13]g are indiscernible and equal

in the DTRFS model. However, [x,]z belongs to the boundary region and [xi,]z belongs to the positive region with the
threshold values o = 0.5, 8 = 0.3. And [x,]; belongs to the negative region and [x;,]z belongs to the boundary region with
the threshold values o = 0.7, 8 = 0.5. For Xy jy,1, (1 =d(¥)) = Zycpx,1, (1 —d(¥)) = 1.8, [x4]g and [x12]z should be indis-
cernible and equal in the DTRFS model. While [x4]z belongs to the positive region and [x1;]|g belongs to the boundary region
with the threshold values o = 0.6, 8 =0.4 or « = 0.7, 8 = 0.5. Especially, [x1]r, [X5]g and [x15]z all belong to the boundary
region, and one can not know whether these patients need to be treated as a flu. This is a serious deficiency of the DTRFS
model. So the DTRFS model can not discern a complete and valuable description in these circumstances.

Therefore, neither DTRFS nor GRFS can discern a complete and valuable description in some circumstances.
The description of /\-Dq-DTRFS and \/-Dq-DTRFS models:
According to the results which are computed previously, we will calculate the proposed models for Case 1, Case 2 and

Case 3 (see Table 7) in the following. Here, we choose the grade k = 2 for convenience.

Case 1. The upper and lower approximations of A-Dq-DTRFS model are

R0.6.0.4)02 (d) = [%]r U [Xalg U [X6 ]k U [Xs ]k U [X12];

R(0.6,04)12 (d) = [X4]r U [x6]g U [Xs]r.
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We can also get the positive region, negative region, upper boundary region and lower boundary region of A-Dq-DTRFS
model:

posj (d) = [Xalx U [Xs]r U [Xs]r;
neg (d) = [x11r U [Xs]e U [xsJe U [xss i
Ubny (d) = [x]g U lxezJe:
Lbnj (d) = 9.

The upper and lower approximations of \/-Dq-DTRFS model are
Ros042(@ = Xl U [x3]r U [xaJk U sl U [xsle U [x12]r:
R0.6,0.4)v2 (d) = [x3]r U [Xalg U [Xs]r U [x6]g U [Xs]r U [X12]r U [X15]k.

We can also get the positive region, negative region, upper boundary region and lower boundary region of \/-Dq-DTRFS
model:

pos; (d) = [x3]r U [X4]r U [X6]g U [xs]r U [X12]k;
neg; (d) = [x1]g;

Ubnj (d) = [x2]r:

Lbny (d) = [xs]r U [x15]-

For « = 0.6, f =04, k=2, these A\-Dq-DTRFS and \/-Dq-DTRFS models have their own quantitative semantics for the
relative and absolute degree quantification. In A-Dq-DTRFS model, posj (X) = [x4]g U [xs]r U [xg]r denotes the relative degree
of the patients belonging to cold patient set to exceed 0.6 and the external grade with respect to the heavy cold patient
set not to exceed 2. In \/-Dg-DTRFS model, posy (X) = [x3]g U [X4]r U [X6]r U [xg]r U [X12]r denotes the relative degree of the
patients belonging to cold patient set to be at least 0.4 and the internal grade with respect to the cold patient set to exceed
2. The same analysis result can be obtained for the negative region, upper boundary region and lower boundary region in
both two models with the thresholds o = 0.6, 8 = 0.4, and the grade k = 2.

Case 2. The upper and lower approximations of A\-Dq-DTRFS model are

R(05,03)a2(d) = [X2]r U [x4]r U [X6]r U [Xg]r U [X12]k:
R(05,03),2(d) = [x3]g U [xa]r U [X6]r U [x8]r U [X12]k-

We can also get the positive region, negative region, upper boundary region and lower boundary region of A-Dq-DTRFS

model:
posy (d) = [xa]r U [X6]r U [Xs]r U [X12]Rs
negy (d) = [x1]r U [x5]r U [X15]k;
Ubnjy (d) = [x2]r:
Lbnj (d) = [x3]k-

The upper and lower approximations of \/-Dq-DTRFS model are

R(05.03)0v2(d) = [X2]r U [x3]r U [X4]r U [X6]r U [x8]r U [X12]k:
Ri05,03)0v2(d) = [x3]g U [xalr U [X5]r U [X6]r U [Xs]r U [X12]r U [X15]R-

We can also get the positive region, negative region, upper boundary region and lower boundary region of \/-Dq-DTRFS

model:
pos; (d) = [x3]r U [X4]r U [X6]r U [Xs]r U [X12]k;
neg; (d) = [x1]:
Ubny (d) = [x2]r:
Lbny (d) = [xs]r U [X15]-

For « =0.5, B =0.3, k=2, these two models have their own quantitative semantics for the relative and absolute de-
gree quantification. In A\-Dq-DTRFS model, posj (X) = [x4]r U [X6]r U [X]r U [X12]r denotes the relative degree of the patients
belonging to heavy cold patient set to exceed 0.5 and the external grade with respect to the cold patient set not to exceed
2. In \/-Dq-DTRFS model, posy (X) = [x3]g U [x4]r U [Xs]r U [xg]r U [x12]r denotes the relative degree of the patients belonging
to heavy cold patient set to be at least 0.3 and the internal grade with respect to the cold patient set to exceed 2. The
same analysis result can be obtained for the negative region, upper boundary region and lower boundary region in both
two models with the thresholds o = 0.5, 8 = 0.3, and the grade k = 2.
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Case 3. The upper and lower approximations of A-Dq-DTRFS model are

R(0.7.045)/\2(d~) = [X4]r U [x6]r U [x3]k:
R(o.7.o.5)Az(d~) = [x4]r U [x6]r U [x3]r-

We can also get the positive region, negative region, upper boundary region and lower boundary region of A-Dq-DTRFS
model:

pos3 (d) = [Xel U [xs]x U [xs]r:
negy (d) = [x11r U [X2]r U [x3]g U [%5]r U [x12]k U [x15]x:
Ubny (d) = #;
Lbnj (d) = 9.

The upper and lower approximations of \/-Dq-DTRFS model are:
Ro7.052(@) = X2l U X1k U Xk U sl U [xse U [x12]r:
R07.05)v2 (d) = [x3]r U [Xalg U [Xs]r U [x6]g U [Xs]r U [X12]r U [X15]k.

We can also get the positive region, negative region, upper boundary region and lower boundary region of \/-Dq-DTRFS
model:

posy (d) = [x3]r U [xa]r U [x5]r U [xs]r U [x12]x:
negs (d) = [x1]x:

Ubny (d) = [x]x;

Lbn (d) = [xs]r U [x15]z-

For o =0.7, B =05, k=2, in \-Dq-DTRFS model, pos (X) = [X4]r U[xs]r U [xg]z denotes the relative degree of the pa-
tients belonging to cold patient set to exceed 0.7 and the external grade with respect to the cold patient set not to exceed 2.
In \/-Dq-DTRFS model, posy (X) = [x3]gr U [x4]r U [X6]r U [Xg]r U [x12]z denotes the relative degree of the patients belonging to
cold patient set to be at least 0.5 and the internal grade with respect to the cold patient set to exceed 2. The same analysis
result can be obtained for the negative region, upper boundary region and lower boundary region in both two models with
the thresholds o = 0.7, B =0.5, and the grade k = 2._ ~

From Tables 4 and 5, it is easy to see that X, 1,d(V) = yx,1,d(¥) = 0.3. So [x1]r and [xs]g are indiscernible and equal
in the GRFS model. But we find that [x;]z and [x5]z belong to different regions. While in Table 7, [x;]z and [x5]z belong to
the negative region based on the A-Dg-DTRFS model in cases 1, 2, and 3. This shows that [x;]z and [x5]z are indiscernible
to a certain conditions. ~ B

From Table 5, one can see the positive region of d is pos,(d) = [x4]g U [Xg]r U [Xg]r U [X12]r When k = 2. That means these
four classes are accepted, and they are indiscernible in this grade. Meanwhile, according to Table 6, it is easy to get that
for the threshold o = 0.6, 8 = 0.4 the positive region is pos( e 0.4)(d) = [X4]r U [xs]g U [xg]g. For the threshold a = 0.5, 8 =
0.3 the positive region is pos(0A5_0_3)(dN) = [x3]r U [x4]gr U [X6]r U [Xg]g U [X12]g- For the threshold o = 0.7, 8 = 0.5 the positive
region is pos(0_7v0_5)(dN) = [X4]r U [xg]r U [Xg]g- Based on these analyses, one can combine the regions of /\-Dq-DTRFS and
\/-Dq-DTRFS models as shown in Table 7. The regions which are [x4]g U[xg]g U[xg]g are always in positive region, namely,
the patients who have heavy cold under the given loss condition. When the relative information is considered, the [x3]r
could be changed into lower boundary or upper boundary of A-Dg-DRTFS model. Also, For the \/-Dq-DTRFS models of
cases 1, 2 and 3, [x;]z always belongs to the negative region, [x5]gz and [x;5]z always belong to the lower boundary region.
Most importantly, each patients can know whether they need to be treated as a flu with the minimum risk according
to the regions in Table 7 based on the Dq-DTRFS models. Therefore, the double-quantitative of the relative and absolute
information provides a valuable description in decision analysis fields.

6. Numerical experiments

In last section, we mainly introduced a medical example to illustrate the utilization of our /\-Dq-DTRFS and \/-Dgq-DTRFS
models by comparing our models with DTRFS and GRFS models. In this section, we apply our two methods to solve a pattern
recognition problem in big data. In the era of big data, decision making about big data is a very important issue. In order
to make better decisions, it is imperative to handle the big data. To apply our A-Dq-DTRFS and \/-Dq-DTRFS models to big
data, the big data should satisfy the condition that all the attribute values should be known and the decision attribute values
should be in the range [0, 1]. That is to say, the information system should be a complete information system (with known
attribute values) and decision attribute should be a fuzzy set. So if the big data satisfy these two conditions, one can use our
A-Dg-DTRFS and \/-Dg-DTRFS models to deal with the big data. And if the big data set is a complete information system
and the decision attribute values are not in the range [0, 1], then our models can be applied after the decision attribute
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Table 8
Characteristics of testing date sets.
Date set Samples  Attributes
Wine quality — red 1599 12
Wine quality — white 4898 12
Statlog (Landsat Satellite) ~ 6435 37
Statlog (Shuttle) 30,000 10
Table 9
Wine quality-red: The number of elements in each pattern with respect to different attribute sets.
Patterns methods 1 2 3 4 5 6 7 8 9 10 1
Pos.region A\-Dg-DTRFS 219 295 75 56 52 52 52 52 52 52 52
\/-Dg-DTRFS 1598 1573 1571 1571 1571 1571 1571 1571 1571 1571 1571
Excellent k-means 156 126 138 224 226 547 516 516 516 516 516
Hierarchical Clustering 876 19 1 1 1 2 1 1 1 1 1
Ubn.region A\-Dg-DTRFS 1357 0 0 0 0 0 0 0 0 0 0
\/-Dq-DTRFS 0 0 0 0 0 0 0 0 0 0 0
Good k-means 428 315 360 526 525 329 716 716 716 716 716
Hierarchical Clustering 1 38 1 1 1 2 1 1 1 1 2
Lbn.region \-Dg-DTRFS 21 1229 1444 1462 1466 1466 1466 1466 1466 1466 1466
\/-Dg-DTRFS 1 24 26 26 26 26 26 26 26 26 26
General k-means 362 584 530 76 76 613 265 265 265 265 265
Hierarchical Clustering 721 1532 1587 1596 1595 1592 1596 1596 1596 1596 1595
Neg.region /\-Dg-DTRFS 2 75 80 81 81 81 81 81 81 81 81
\/-Dg-DTRFS 0 2 2 2 2 2 2 2 2 2 2
Bad k-means 653 574 571 773 772 110 102 102 102 102 102
Hierarchical Clustering 1 10 10 1 2 3 1 1 1 1 1
Table 10
Wine quality-white: The number of elements in each pattern with respect to different attribute sets.
Patterns methods 1 2 3 4 5 6 7 8 9 10 1
Pos.region /\-Dg-DTRFS 29 2802 665 358 352 352 347 347 347 347 343
\/-Dg-DTRFS 4890 4754 4704 4698 4698 4698 4698 4698 4698 4698 4698
Excellent k-means 1107 1769 1872 2114 2114 1872 1720 1720 1720 1720 1719
Hierarchical Clustering 2111 259 1 1 1 1 1 2 2 1 1
Ubn.region ~ A\-Dq-DTRFS 4844 1027 12 0 0 0 0 0 0 0 0
\/-Dg-DTRFS 6 70 16 0 0 0 0 0 0 0 0
Good k-means 1316 1107 763 871 871 1255 992 992 992 992 978
Hierarchical Clustering 1 2146 1 1 1 2 1 1 2 2 1
Lbn.region /\-Dg-DTRFS 20 896 3860 4177 4183 4183 4188 4188 4188 4188 4192
\/-Dg-DTRFS 2 37 105 124 124 124 124 124 124 124 124
General k-means 2001 1474 1715 1373 1373 1346 1449 1449 1449 1449 1444
Hierarchical Clustering 2785 2023 4893 4892 4895 4894 4894 4894 4892 4894 4895
Neg.region ~ A\-Dg-DTRFS 5 173 361 363 363 363 363 363 363 363 363
\/-Dq-DTRFS 0 37 73 76 76 76 76 76 76 76 76
Bad k-means 474 548 548 540 540 425 737 737 737 737 757
Hierarchical Clustering 1 470 3 4 1 1 2 1 2 1 1

values are normalized to the range [0, 1]. In this section, we will classify some real-life big data sets based on our A-
Dq-DTRFS and \/-Dq-DTRFS models, using four real-life data sets available from the UCI databases. First we normalized the
decision attribute values to the range [0, 1]. Among the four data sets, the Statlog (Landsat Satellite) data have 6435 samples
and 37 attributes, the attribute set is relatively large. The Statlog(Shuttle) data have 30,000 samples and 10 attributes, the
sample set is relatively large. The characteristics of the data sets are summarized in Table 8.

From the view of pattern recognition, each data set is divided into four patterns. Tables 9-12 show the number of el-
ements in each pattern with respect to different attribute sets using our two A-Dq-DTRFS and \/-Dq-DTRFS models and
k-means(k = 4) and hierarchical clustering methods. Our two A-Dq-DTRFS and \/-Dg-DTRFS models divide each data set
into positive region, upper boundary region, lower boundary region and negative region four patterns. While k-means and hier-
archical clustering methods divide each data set into excellent, good, general and bad four patterns. Figs. 1-3 are obtained
based on Tables 9-12.

In Fig. 1a,b,c,d show the number of elements in positive region, upper boundary region, lower boundary region and
negative region with respect to different sizes of attribute sets using our A-Dq-DTRFS model. Similarly, e,f,g,h show the
number of elements in each region with respect to different sizes of attribute sets using our \/-Dg-DTRFS model. Figs. 2 and
3 show the number of elements in each class with respect to different sizes of attribute sets using k-means and hierarchical



278 B. Fan et al./Information Sciences 378 (2017) 264-281

Table 11
Statlog (Landsat Satellite): The number of elements in each pattern with respect to different attribute sets.
Patterns methods 4 8 12 16 20 24 28 32 36
Pos.region \-Dg-DTRFS 864 18 0 0 0 0 0 0 0
\/-Dg-DTRFS 2793 2855 2841 2841 2841 2841 2841 2841 2841
Excellent k-means 1782 1807 1841 1853 1817 1875 1787 1848 1838
Hierarchical Clustering 1 1 2 1 1 1 1 1 1
Ubn.region ~ A\-Dq-DTRFS 368 0 0 0 0 0 0 0 0
\/-Dg-DTRFS 521 0 0 0 0 0 0 0 0
Good k-means 1783 1798 1779 1794 1800 1772 1805 1779 1774
Hierarchical Clustering 1 1 1 1 1 1 1 1 1
Lbn.region /\-Dg-DTRFS 1443 2209 2215 2215 2215 2215 2215 2215 2215
\/-Dq-DTRFS 2093 3526 3584 3592 3594 3594 3594 3594 3594
General k-means 2276 2236 2209 2184 2213 2184 2236 2199 2216
Hierarchical Clustering 6432 6432 6431 6432 6432 6432 6432 6432 6432
Neg.region  \-Dg-DTRFS 3760 4208 4220 4220 4220 4220 4220 4220 4220
\/-Dq-DTRFS 1028 54 10 2 0 0 0 0 0
Bad k-means 594 594 606 604 605 604 607 609 607
Hierarchical Clustering 1 1 1 1 1 1 1 1 1

Table 12
Statlog (Shuttle): The number of elements in each pattern with respect to different attribute sets.
Patterns methods 1 2 3 4 5 6 7 8 9
Pos.region /\-Dq-DTRFS 1702 1531 1629 1635 1834 12 0 0 0
\/-Dq-DTRFS 4775 6203 6270 6116 6376 6376 6376 6376 6376
Excellent k-means 1697 1677 1677 1687 2724 5655 4337 5625 4177
Hierarchical Clustering 14,903 23,566 1 1 1 1 1 1 1
Ubn.region ~ A\-Dq-DTRFS 6009 5610 4632 3551 1653 0 0 0 0
\/-Dq-DTRFS 16, 747 1633 692 739 0 0 0 0 0
Good k-means 9082 9534 5298 8910 5797 8 8 8 8
Hierarchical Clustering 1 1 1 1 1 1 1 1 5
Lbn.region A\-Dq-DTRFS 4 211 482 1465 2828 6303 6315 6315 6315
\/-Dq-DTRFS 6 166 1545 5221 7216 19,693 22,455 23,224 23,624
General k-means 8355 7731 9348 5265 6041 3 3 3 3
Hierarchical Clustering 15095 1749 29,987 29,997 29,997 29,997 29,997 29,996 29,990
Neg.region \-Dg-DTRFS 22,285 22,648 23,257 23,349 23,685 23,685 23,685 23,685 23,685
\/-Dq-DTRFS 8472 21,998 21,493 17,924 16,408 3931 1169 400 0
Bad k-means 10,866 11,058 13,677 14,138 15,438 24,334 25,652 24,364 25,812
Hierarchical Clustering 1 4684 1 1 1 1 1 2 4

clustering methods respectively. The X-axis represents the size of attribute set, from one attribute to all attributes. The Y-axis
represents the number of elements in each region versus attribute set. Each figure has four lines.

From Fig. 1, we find that the changes on the number of elements in each region are irregular in both A-Dg-DTRFS
and \/-Dg-DTRFS models. It is because the definitions of upper approximations and lower approximations are irregular in
these two models. For example, in the A-Dq-DTRFS model, the logical conjunction double-quantitative upper and lower
approximations of fuzzy set A based on the relation R is defined as: Ry g)k(A) = {x € U | Ty, AW) > max(k, Bl[x]r])},

and R(aﬁ)Ak(/?) ={xeU| EyE[X]RZ(y) > max(|[x]g| — k, @|[x]g|). It is obvious that the equivalence classes get larger when

the size of attribute sets gets larger. That is to say [x]z gets larger when the attribute set increases from one attribute
to more attributes, ¥, A(y) and Bllx]r| get larger at the same time. So the size of ZyexAY) and Bllx]z| can not be

determined even though the value of k is always equal to 2. And then the size of R(a,ﬁ)Ak(A) and R(a_ﬁ)Ak(/N\) also can not

be determined. So the positive region, negative region, upper boundary region and lower boundary region also can not be
determined based on the definition of each region. Since a, b, ¢, d show the number of elements in positive region, upper
boundary region, lower boundary region and negative region with respect to different sizes of attribute sets using our A-
Dqg-DTRFS model, the changes on the number of elements in each region are irregular in a, b, ¢, d. While e, f, g, h show
the number of elements in each region with respect to different sizes of attribute sets using our \/-Dq-DTRFS model, the
changes on the number of elements in each region are also irregular in e, f, g, h. Moreover, all the data sets can be classified
into different regions based on our A-Dgq-DTRFS and \/-Dq-DTRFS models.

For these four methods, k-means method randomly chooses k points as the initial points, which poses a problem. The
problem is that there are different classification results of the same data set and which one to use is difficult to decide. This
is the biggest disadvantage of this approach. Hierarchical clustering mainly take into account of class distance and object
distance. One should take into account the risk theory in the decision-making process though there are some risks when
one makes decisions. While both of these two methods do not consider the factor of the cost or the risk. Our two A-Dq-
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Fig. 3. Hierarchical Clustering: The number of elements in each class with respect to different attribute sets.

DTRES and \/-Dg-DTRFS models not only can divide data set into four patterns, but also can take into account of the risk

factor.

7. Conclusions

The relative and absolute quantitative information of the approximate space are two fundamental quantitative indexes,
which represent two distinct objective descriptors. The double quantification formed by adding the absolute quantitative
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information can improve the descriptive abilities of DTRFS model and expand their range of applicability. The proposed
models, A\-Dg-DTRES and \/-Dq-DTRFS, perform a basic double quantification of the relative information and absolute in-
formation based on logical operation. These new models are directional expansions of Pawlak rough set model, satisfying
the quantitative completeness properties, and exhibiting strong double fault tolerance capabilities. This paper mainly inves-
tigates double quantification, namely the relative and absolute information by combining DTRFS and GRFS models together
with a fuzzy concept. Moreover, after proposing the decision rules containing both relative quantification and absolute quan-
tification in two types of models, the inner relationships between these two models are studied. In this article, we provide
an example on medical diagnosis and experiment data sets downloaded from UCI to illustrate and support our proposed
models. In future work, several aspects of these two models will be investigated and studied, which include the uncertainty
measures and other properties of these models with respect to the concepts and parameters setting.
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