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Abstract: The model of interval-valued intuitionistic fuzzy soft sets is a novel excellent solution
which can manage the uncertainty and fuzziness of data. However, when we apply this model into
practical applications, it is an indisputable fact that there are some missing data in many cases for a
variety of reasons. For the purpose of handling this problem, this paper presents new data
processing approaches for an incomplete interval-valued intuitionistic fuzzy soft set. The missing
data will be ignored if percentages of missing degree of membership and nonmember ship in total
degree of membership and nonmember ship for both the related parameter and object are below
the threshold values; otherwise, it will be filled. The proposed filling method fully considers and
employs the characteristics of the interval-valued intuitionistic fuzzy soft set itself. A case is shown
in order to display the proposed method. From the results of experiments on all thirty randomly
generated datasets, we can discover that the overall accuracy rate is up to 80.1% by our filling
method. Finally, we give one real-life application to illustrate our proposed method.

Keywords: soft set; interval-valued intuitionistic fuzzy soft sets; incomplete information; data
filling

1. Introduction

It is true that we are drowning in uncertain and fuzzy data that are ubiquitous in fields such as
business management, banking, environmental governance, industrial engineering, evaluation
systems and so on. Soft set theory [1,2] is an excellent solution designed for uncertainty. Since soft
sets do not have the problem of setting membership functions, it has been extensively use Dina lot of
fields as diverse as information system data analysis, decision making [3-10], resource discovery
[11], text classification, data mining [12,13], medical diagnosis and so on.

Soft sets combining with other mathematical models and then initiating new, more powerful
tools which deal with uncertainty are the main research trends of soft set. There are many integrated
types, such as combining the 2-tuple linguistic representation and soft set [14], the belief
interval-valued soft set [15], confidence soft sets [16], the linguistic value soft set [17], dual hesitant
fuzzy soft sets [18], the Z-soft fuzzy rough set [19], trapezoidal interval type-2 fuzzy soft sets[20,21],
bell-shaped fuzzy soft sets [22], possibility neutrosophic soft sets [23], soft-set-based VIKOR
approach [24], hesitant linguistic expression soft sets [25], hesitant N-soft sets [26], interval-valued
picture fuzzy soft set [27], Q-neutrosophic soft set [28] , totally dependent-neutrosophic soft sets[29],
and soft rough sets [30,31] so on. There are some mentionable and notable extended directions
besides the above combined models. In the first place, the fuzzy soft set is a combination of fuzzy
set and soft set [32]. Object recognition for inexact data from multiple observers is focused [33],
providing a decision scheme on account of the model of fuzzy soft sets. A decision making scheme
is given by integrating a grey relational analysis and Dempster—Shafer (D-S) theory of evidence and
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fuzzy soft set [34]. Literature [35] provided a decision solution for treatment of disease by means of
ambiguity measure and Dempster-Shafer theory of evidence and the model of fuzzy soft set.
Literature [36] proposed a chest X-ray medical diagnosis approach aiming at pneumonia deformity
by the model of fuzzy soft set and D-S evidence theory. In order to identify the cognitive differences
of different decision makers, Chen, W et al. [37] proposed a group decision scheme by means of the
extended fuzzy soft set. There were some parameter reduction approaches [38-40] for the model of
the fuzzy soft set in order to get the most efficient information. Furthermore, the model of the soft
set to is expanded into an intuitionistic fuzzy soft set [41,42]. Jiang et al. [43] defined a distance
measurements scheme for intuitionistic fuzzy soft sets. Literature [44,45] proposed a group medical
diagnosis model on account of an intuitionistic fuzzy soft set. The interval-valued fuzzy soft set [46]
is also one of the extension models of soft sets. Literature [47] had conducted in-depth research on
the decision problem with an interval-valued fuzzy soft set as the data representation, and proposed
three algorithms based on weighted distance approximation, combined distance evaluation and
similarity measure for the interval-valued fuzzy soft decision problem. Then, four different
parameter reduction algorithms for interval value fuzzy soft set were expressed [48]. However, in
the practical application of this model, some incomplete data should be processed. An
interval-valued fuzzy soft set data analysis method for incomplete information was given [49]. We
also [50] proposed an entire decision-making and evaluation system described by an interval-valued
fuzzy soft set. Jiang et al. [51] combined an interval-valued intuitionistic fuzzy set with a soft set and
depicted the theory of the interval-valued intuitionistic fuzzy soft set (IVIFSS). Literature [51]
defined the operations of complement, union and intersection on this model, and discussed its basic
properties. The interval-valued intuitionistic fuzzy soft set is an effective tool to deal with
uncertainty. In a lot of practical scenarios, only membership expression cannot fully describe the
fuzziness of data and nonmember ship functions that should be provided. The membership and the
nonmember ship expressions are very individual; it is difficult to determine their value accurately. A
more reasonable approach is to use interval values to describe membership and nonmember ship
level. The interval-valued intuitionistic fuzzy soft set inherits the advantages of the soft set,
interval-valued fuzzy soft set and intuitionistic fuzzy set. Zhang et al. [52] proposed a
decision-making algorithm for an interval-valued intuitionistic fuzzy soft set using a level soft set.

It is certain that the vast majority of studies on the above mathematical models involve
complete datasets. In practice, however, the information is incomplete in most cases, which can lead
to inappropriate and unreasonable decisions. For example, when a questionnaire needs to be filled
out, people who take questionnaires always ignore the income item, because they are reluctant to
disclose private information and then drop this question. Consequently, dealing with incomplete
information is essential. Researchers have investigated the issues of data analysis methods under the
incomplete information on soft set [53-56], fuzzy soft set [57] and interval-valued fuzzy soft set [49].
However, the model of the interval-valued intuitionistic fuzzy soft set is different from the above
models, which has its own specific features. Hence, a new data analysis method under incomplete
information for this model is necessary, rather than indiscriminately imitating the methods of the
above-mentioned models. The contributions of this paper are as follows:

(1) In this paper, we propose the related data analysis approaches for incomplete
interval-valued intuitionistic fuzzy soft sets. In detail, the missing data will be ignored, if
percentages of missing degree of membership and nonmember ship in total degree of membership
and nonmember ship for the related parameter and object are below the threshold values; otherwise,
it will be filled. The proposed filling method fully considers and employs the characteristics of this
model itself.

(2) From the results of experiments on all of thirty randomly generated datasets, we can
discover that the overall accuracy rate is high and acceptable by our filling method.

(3) One real-life application demonstrates the intended outcome of our proposed methods.

The rest of this paper is as follows. In section II, we review the necessary theoretical background
of IVIFSS theory. In section III, we give some related definitions and the detailed data analysis
approaches for incomplete interval-valued intuitionistic fuzzy soft sets, which are illustrated by an
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example. In section IV, aiming to verify our method, we generate randomly thirty datasets which are
described by IVIFSS. In section V, one real-life application is given to illustrate our contribution.
Finally, section VI draws the conclusion for this article.

2. Preliminaries

Some basic notions about interval-valued intuitionistic fuzzy soft set theory are described in
retrospect.

Relevant Definitions

Definition 1. ([58,59]). An interval-valued intuitionistic fuzzy set on a universe X is an object of the form
A= {(x, 1,(x), 7,(x0))fxe X} (1)

where 4 ,(x): X — Int([0,1])and y,(x): X — Int([0,1]) (Int([0,1])stands for the set of all closed subintervals of
[0,1]) ,which are defined as the degree of membership and nonmember ship respectively of the element x to the
set A, satisfy the following condition:Vxe X,sup,(x)+supy, (x)<1.

Let U be an initial universe of objects, E be a set of parameters in relation to objects in U, ¢(v)

be the set of all interval-valued intuitionistic fuzzy sets of U. The definition of the interval-valued
intuitionistic fuzzy soft set is given as follows.

Definition 2. ([51]). A pair (@, E) is called an interval-valued intuitionistic fuzzy soft set over ¢ (U), where
@ is a mapping given by

P:E—{U) )

The following example is able to illustrate this theory.

Example 1. Suppose that U =1{h,, hy, hy, h,, h }is a set of five mobile phones, E ={e,,e,,e,,e,}is a

”oou,

set of parameters, where e, stands for “expensive”, “fashionable”, “voluminous
1

a

comfortable”, respectively.
We apply this model to fully represent the popularity of mobile phones. The interval-valued intuitionistic
fuzzy soft set (5 ,E) s illustrated by a tabular representation in Table 1.

Table 1. An interval-valued intuitionistic fuzzy soft set (g, E) .

U/E € € ) €,

[0.32,0.41],[0.39,0.52]  [0.70,0.80],[0.10,0.20]  [0.75,0.85],[0.00,0.10]  [0.65,0.75],[0.10,0.20]
2 [0.50,0.82],[0.05,0.13]  [0.60,0.80],[0.05,0.20]  [0.45,0.55],[0.20,0.40] ~ [0.60,0.70],[0.15,0.25]
hy [0.30,0.50],[0.20,0.40]  [0.55,0.65],[0.20,0.30]  [0.28,0.60],[0.22,0.35]  [0.60,0.80],[0.05,0.15]
hy [0.73,0.85],[0.03,0.12] ~ [0.75,0.85],[0.05,0.15]  [0.65,0.85],[0.05,0.15]  [0.68,0.88],[0.01,0.12]

hs [0.60,0.70],[0.10,0.20]  [0.55,0.73],[0.11,0.23]  [0.62,0.75],[0.15,0.23]  [0.40,0.50],[0.20,0.35]

In this case, only membership functions cannot fully describe the popularity of mobile phones,
and then nonmember ship functions should be offered. The membership and the nonmember ship
expressions are very individual; it is not easy to determine the accurate value. This theory solves this
conflict. For instance, we should observe that mobile phone hi is least expensive on the membership
degree of 0.32 and it is most expensive on the membership degree of 0.41; mobile phone h: is not
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least expensive on the nonmember ship degree of 0.39 and it is not most expensive on the
nonmember ship degree of 0.52. Table 1 is a complete interval-valued intuitionistic fuzzy soft set.
However, it is an indisputable fact that there are some missing data represented by this model in
many cases for a variety of reasons. So we propose data analysis method for an incomplete data
representation by means of this model as follows.

3. Data Analysis Approaches for Incomplete Interval-Valued Intuitionistic Fuzzy Soft Sets

First of all, we give some new related definitions. According to these definitions, we propose
the data analysis approaches for incomplete data representation by means of this model. An
example is given to illustrate it.

3.1. Relevant Definitions

Definition 3. Let x € U, € € E ; apair (5 , E) is called an interval-valued intuitionistic fuzzy soft set over
W) U=lhh) . E=lenad L 3= tn W)

o e A ORI ) B € R U CO RO o) I U () =l ()’ ()]

v; © (x)= [v;k ) (x),v;* ) (x)] be missing degree of membership and nonmember ship of elements h, to

5] (g, , respectively. We denote p;(g Y (&) as percentage of missing degree of

4 D5e, e

membership and nonmember ship in total degree of membership and nonmember ship for the parameter €,

respectively as follows:

Y, U]
* ; Usie,) +kZ de,) 3)
P, uen = n
Y| \U\
. kZ:‘ d(e, O )‘ 1’( )(h )‘ 4)
P ey = 2n
where |U| denotes the number of objects. |u (h ) (h )| are the number of the missing

lower degrees of membership and nonmember ship of an element h, to 5(€a) , respectively. ‘u;g )(hk )‘

e ()

element hk to ﬂ(ea ), respectively. R is the number of objects.

are the number of the missing upper degrees of membership and nonmember ship of an

Definition 4. Letxe U, € E ,a pair (5, E)is called an interval-valued intuitionistic fuzzy soft set over
RW) . U=hheh} o E=lenee,} o dle)= {<x,u5(£)(x),v5(£)(x)>} :

[y + T4y +
u;’(g)(x) =[u 3(e) (x), uﬁ(e) )] v;y(g)(x) B [Vﬁ(s) (x), Vﬁ(s) ()] Letu - (x)=[u - (x),u - (x)]
’ ’ d(¢) F(e) > e !

v;(g) (x)= [vt* (x), v (x)] be missing degree of membership and nonmember ship of elements h,
J(e) d(e)

to I (g,), respectively. We denote p;(h Y (e) and as percentage of missing degree of
b

P, ven
membership and nonmember ship in total degree of membership and nonmember ship for the object h,

respectively as follows:
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|| \E\
D e s o
Pinyuen = 2m
Bl |E| .
. ; ‘Vﬁ(m * ; Vae 6)
Pionoen = m
where |E| denotes the number of parameters. u;;; )(h )‘ and|vs e )(h )‘ are the number of the missing

lower degrees of membership and nonmember ship of an element h, to 19(€k),respectively.

+*
vi;(gk ) (hb)

element h, to 13(8,{) ,respectively. M is the number of parameters.

ust, ()

are the number of the missing upper degrees of membership and nonmember ship of an

and

Definition 5. Letxe U, €€ E; a pair (5,E ) is called an interval-valued intuitionistic fuzzy soft set over
RU) , U=lhhet) | E {} . Be)- {<xaﬂa(5>(X)aV5(g>(x)>} ,

U () =[u (x),u;é_)(x)], Vi (D=0, (x),v ( )] Lot u;(f)(x):[ - )( X), u (x)]

v;( ,(x) = [v" (x),vT (x)] be the missing degree of membership and nonmember ship of elements
£ J(e) v (e)

h, to ¥ (&g,), respectively. We denote Eavg’*ﬁ(ga)(hb)(u(g)) ’Eavg**g(ga,(hb)(v(f)) , Eavg**5<€a)(hb)(u(€))
and Eavg%( ) (M) vy @ lower and upper membership degree and nonmember ship degree for parameter
&, respectively, where they are formulated as
]
2 ) )
Eavg’*ﬁ(s,n (hb)(”(g)) - |QI|
|| .
&t 8)
Eavg“aw) (hb)(u(E)) - |C]1|
i
()
B () = ©
avgf*ﬁ(g” b/(v(€)) | 1|
||
v+
2V, ) (10)

Eavg“&‘(su) (hb )(V(é')) | |

where |q1| is the number of existing membership degrees of the objects.
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Definition 6. Letxe U, € E; apair (5 , E) is called an interval-valued intuitionistic fuzzy soft sets over
EK(U) U :{hlahza"'ahn} , E:{glagza"'agm} , 5(8): {<x,ﬂ5(£)(x),v5(€)(x)>} ,
s )=l Dul (O] v, (D=l (x),v ()]

Let u;(g)(x) = [u;::_)(x),u;::_)(x)] , v;(g)(x) = [v;m(x), v;; (x)] be the missing degree of

membership and nonmember ship of elements h, to % (&), respectively. We denote H, . () ey -
(1) uey) - H () ey and H

degree and nonmember ship degrees for the object h, , where it is formulated as

. . . h as the lower and upper membershi
avg” d(eq) avg d(e, avg F(e,) ( b)(V(E)) ) pp p

=

2

u_ ()
ey = ST v
avg_*ﬁ(gu) b/ (u(e) |q |
2
95|
+
u ()
()oier =2 (12
ave "5 e u(e
2" ¥(ea) |q2|

(hb)(v(g)) =

e
avg” B(ey)

¥ ®

(h, )(v(g)) ==

+H
avg d(eq)

J(er) (14)
|

where |q2| is the number of existing membership degrees of the parameters.

3.2. Data Analysis Approaches for Incomplete Interval-Valued Intuitionistic Fuzzy Soft Sets

Based on the above definitions, we give our algorithm as follows:

(a) Input the incomplete interval-valued intuitionistic fuzzy soft sets (5 ,E') and the parameter set
E.

(b) Find the missing degree of membership and nonmember ship of elements /4, to ] (g,)as
* _ % 4 * _ _* 4
g () =Lu, (x)u’ ()] vz, (x)=[v  (x),v (X))

() Compute and It

* * * *
Poceywuey 7 Poepmen 7 Pomyuey P, e)

<40% (p;}‘(e“)(v(e)) < 40%), the remainder data which belong to the same

< 40%), the

\
Pie, xutey

column with the missing data are reliable; if p;(h ey = 40%  ( p; e
b b

remainder data which belong to the same row with the missing data are reliable; otherwise, this
missing data should be ignored.

(d) When the missing value is one of membership degree or nonmember ship degree, for Vxe X,
supu ,(x)+supv,(x) <1, we fill the missing data by the following equations:



Symmetry 2020, 12, 1061 7 of 17

ull () =1=vE (i, (D) =1, (0 = [V (1) =V, ()] .
v @) =1 (v, () = Vi (0 -5 (0~ 5, ()]

(e) When both membership degree and nonmember ship degree are missing, we calculate
Ui )(h ) (qu“g )(h )) and um )(h ) (vﬂ( )(h )) as lower and upper (non-) membership

degrees of an element %, to ,~ (. y , where

(hb)(u(s)) )/ 2
() uien) 1 2
avgjﬁ(ga) (hb )(v(g))) / 2
(1) (e 2

”9< ()= (Ewg**a(; J ) ey +H,
Uy ()= (E, . () +H
v%(h )=(E

() =(E

Beq)

avg*" G (eq) (16)
(B uiey +H

e
avg d(e,)

(1) ey T H

z9(a) avg ™ Fe) avg ey

(f) Finally, we can get a complete interval-valued intuitionistic fuzzy soft set.

3.3. One Example for the Proposed Approaches
Suppose that U ={h,h,,hy,h, ho hg,h, h,hy,h,} is a set of ten objects and

E= {81,82,83,84,85,86} is a set of parameters. The interval-valued intuitionistic fuzzy soft set

(5 ,E) is depicted by a tabular representation in Table 2, which has missing values denoted by “*”.

We apply our proposed method to convert the incomplete interval-valued intuitionistic fuzzy soft
set into a complete one.

Step 1: Input the incomplete interval-valued intuitionistic fuzzy soft set (3,E) and the

parameter set E.

Stepz Flnd uﬂ(g )(h ) - [u ;::1) (h8 )’ u;jm) (hg )] ' u;(‘g})(hs) - [u;?s_ﬂ (hs )’ u;js3) (hs )] /

V5(83)(h5) = [VJ(F3)(h5),V5(53)(h5)] ; d(ey) 8 J(e4) 8 J(e4) 8 ;
wy, (h)=[u_ (h),u” (h)]
AT L A RGN () I s )=l (v, O ;

u5(€6)(h5) - [Vg(sz,) (hs )’ v‘l;:fé) (hs )] ,v;(€6)(h7) = [

j (h ), V (h7 )] as missing degrees of
3 ( 6)
membership and nonmember ship of elements £, to 5 ( e).

Step3: Compute

* * * * 2

Pienwen = Poewen = Poeawen = Paesiuen = Pacower = 5570 10% =< 40 %

" 2

i = t = ~ = —_— = 0 < 0 1 i
Pienven = Picoven = Picooe = 5510 10% < 40% , the remainder data which

belong to the same column with the missing data are reliable; and compute
* 2 ® * 4

=16.7% < 40% ,

~ = * - " T 0/ < o
pd(hl)(u(e)) 2%6 pﬂ(]15)(u(£)) p,}(hg)(u(g)) 1%6 33.3% < 40% ,

L3 * * 2
— — — — 0 0, 1 1
Poomey = Potyven = Pogomen = %6 16.7% < 40% . The remainder data which belong to the

same row with the missing data are reliable.
Step4: There are four groups of missing data which involve one of membership degree or

e (), w5 (), w5 (h) and v () by

Equation (15) as the related lower and upper membership degrees and nonmember ship degrees:

nonmember ship degree, hence we calculate u.

v(&s) B (&)
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u (e, () = [1-0.73-(0.73-0.6),1-0.73] = [0.14,0.27), u e (1) = [1-0.67-(0.67- 0.6),1-0.67] = [0.26,0.33],
u ey () = [1-0.2-(0.2-0.0),1-0.20]=[0.60,0.8], v (e (P7) = [1-0.8-(0.8-0.69),1-0.80] = [0.09,0.2];

Step5: Because there are eight groups of missing data which involve both membership degree

and nonmember ship degree we calculate uﬂ( )(h ) (vﬂ(g )(h )), umg )(h ) (vﬂ(e )(h )) and

ulg(m(hg) (vzg(g“(hg) ), u 19(5 )(h ) (Vﬂ(g )(h )) by Equation (16) as related lower and upper
membership degrees and nonmember ship degrees, where

E . (h) ey = (0.35+0.48+0.55+0.75+0.38+0.60+0.35+0.65+0.71) /9= 0.54

avg L§( 3)

(h5) (uer = (0.81+0.58+0.68+0.90+0.69+0.70+0.55+0.85+0.84) /9 =0.73

4
avg Ig( 3)

(h5) ey = (0.05+0.20+0.20+0.01+0.01+0.15+0.30+0.05+0. 05)/9 0.14

avg™ (e3)

E . (") = (015+030+030+010+O20+025+040+015+015)/9 0.22

g5
— )(h ey = (0.14+0.384+0.76+0.41+0.39+0.70+0.70+ 0.23+0.32) / 9 = 0.45;
g )(h Ve = (0.40+0.69+0.87+0.88+0.71+0.80+0.89+0.71+0.55)/9=0.72;
— )(h Doviey = (0.45+0.01+0.03+0.05+0.11+0.08+0.05+0.18+0.33)/9=0.14;

E . (5= (0.55+0.20+0.13+0.12+0.21+0.18+0.11+0.28+0.44) /9 = 0.25;

e ey

And,
H,, (i) = (0.61+0.65+0.39+0.73+0.80) /5= 0.64
H, o () = (0.78+0.75+0.71+0.94+1.00)/5=0.84
H,,- )( Doy = (0.11+0.10+0.11+0.01+0.00) /5 = 0.07;
H, o (i) = (0.19+0.20+021+0.06+0.20)/5=0.17;
H,, (B = (027+0.72+0.35+0.78:+0.70)/5=0.56;
H, o () = (0.40+0.82+0.55+0.90+0.95)/5=0.72
H, (B)ue = (060+0.06+030+0.01+0.00)/5=0.19;
H,o (W) = (0.73+0.17+0.40+0.10+0.05)/5=0.29;

So, we can get
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vg(gz)(h5)= (E . (hS)(v(s))_I_Havg*"&(S})(hS)(v(s)))/z: 0.14+0.07)/2=0.11;

WVE 5y

(
()= (E . (B tH . (h5)(v(€»)/2= (0.22+0.17)/2=0.20;
DE ey

19(5 ) ave” ey
uz;(ez,)(hg): (Eavg_*&(e ) (h8)(u(€)) +Havg_*l§(5 ) (hg)(u(g)) = (O 45 + 056) / 2 = 05 1,
g, ()= (Eavg+*w (B)uien TH e, (") wer?/ 2= (0.72+0.72)/2=0.72;
Vaien )= CE, o ()it () /2= (0.1440.19)/2=0.17;
Vi )= B ()iep HH, e (h)e) /2= (025+0.29)/2=027;

9 of 17

i ()= (B, (h)ey P H, o () i)/ 2= (0.54+0.64)/2=0.59;
U (1) = CE, o (h)on H e (B))/ 2= (0.73+0.84)/2=0.79

Finally, we convert this incomplete IVIFSS into one complete IVIESS which is shown in Table 3.

Table 2. The incomplete interval-valued intuitionistic fuzzy soft set (2}, E) .

U/E £ & £ & £s &
[0.13,0.27] [0.35,0.81] [0.14,0.40] [* *] [0.70,0.80]
h [0.60,0.67] [0-77,0.88] [0.02,0.12] [0.050.15]  [0.45055]  [0.60,0.67]  [0.10,0.17]
h [0.53,0.80] [0.60,0.801,[0.05,0.20] [0.48,0.58] [0.38,0.69] [0.60,0.81] [0.38,0.69]
2 [0.00,0.20] ’ ’ ’ [0.20,0.30] [0.01,0.20] [0.09,0.19] [0.01,0.20]
[0.70,0.85] [0.55,0.68] [0.76,0.87] [0.70,0.95] [0.67,0.80]
h .70,0. .05,0.
3 [0.05,0.15] [0-70,0.891 [0.050.11] [0.20,030]  [0.03,0.13]  [0.01,0.05]  [0.00,0.20]
[0.07,0.27] [0.75,0.90]  [0.41,0.88]  [0.20,040]  [0.75,0.85]
by [0.60,0.67] [0.69,0.95][0.00,0.09] [0.01,0.10] [0.05,0.12] [0.00,0.40] [0.05,0.13]
[0.61,0.78] [0.39,0.71]  [0.73,0.94] I*, *]
h .65,0. .10,0. P
3 [0.11,0.19] [0.65,0.75][0.10,0.20] ER [0.11,0.21] [0.01,0.06] [0.00,0.20]
[0.27,0.40] [0.38,0.69]  [0.70,0.80]  [0.350.50]  [0.23,0.26]
6 [0.00,0.53] [0.65,0.85][0.05,0.13] [0.01,0.20] [0.08,0.18] [0.20,0.40] [0.60,0.71]
[0.67,0.80] [0.60,0.70] [0.70,0.89] [0.65,0.69] [0.69,0.80]
7 [0.00,0.20] [0-74,1.00] [0.00,0.00] [0.15025]  [0.050.11]  [0.21,0.31] [*, *]
[* *] [0.35,0.55] [0.78,0.90] [0.70,0.95]
h .72,0. .06,0. )
8 [0.60,0.73] [0.72,0.82][0.06,0.17] [0.30,0.40] FAC [0.01,0.10] [0.00,0.05]
[0.00,0.13] [0.65,0.85] [0.23,0.71] [0.68,0.81] [0.20,0.40]
h .71,0. .09,0.
? [0.60,0.80] [0.71,0.81][0.09,0.19] [0.05,0.15] [0.18,0.28] [0.08,0.18] [0.40,0.60]
[0.07,0.27] [0.71,0.84]  [0.32,055]  [0.70,0.95]  [0.23,0.26]
h .58,0. .15,0.
10 [0.33,0.60] [0.58,0.6810.15,0.25] [0.05,0.15] [0.33,0.44] [0.00,0.05] [0.60,0.71]
Table 3. A complete interval-valued intuitionistic fuzzy soft set for Table 2.
U/E & & & & &s &
h [0.13,0.27] [0.35,0.81] [0.14,0.40] [0.26,0.33] [0.70,0.80]
1 [0.60,0.67] [077,0.88] [0.02,0.12] [0.050.15]  [0.450.55]  [0.60,0.67]  [0.10,0.17]
h, [0.53,0.80] [0.60,0.801,[0.05,0.20] [0.48,0.58] [0.38,0.69] [0.60,0.81] [0.38,0.69]
[0.00,0.20] [0.20,0.30] [0.01,0.20] [0.09,0.19] [0.01,0.20]
A [0.70,0.85] [0.55,0.68]  [0.76,0.87]  [0.70,0.95] [0.67,0.80]
’ [0.05,0.15] [0.70,0.89[0.05,0.11] [0.20,0.30] [0.03,0.13] [0.01,0.05] [0.00,0.20]
A [0.07,0.27] [0.75,0.90]  [0.41,0.88]  [0.20,040]  [0.75,0.85]
N [0.60,0.67] [0.69,0.95][0.00,0.05] [0.01,0.10] [0.05,0.12] [0.00,0.40] [0.05,0.13]
h [0.61,0.78] [0.59,0.79] [0.39,0.71] [0.73,0.94] [0.6,0.80]
: [0.11,0.19] [0-65,0.75] 0.10,0.20] [0.11,020]  [0.11,021]  [0.01,0.06]  [0.00,0.20]
hg [0.27,0.40] [0.65,0.85] [0.05,0.15] [0.38,0.69] [0.70,0.80] [0.35,0.50] [0.23,0.26]
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[0.00,0.53]

h, [0.67,0.80]
[0.00,0.20]
g [0.14,0.27]
[0.60,0.73]
hy [0.00,0.13]
[0.60,0.80]
iy [0.07,0.27]
[0.33,0.60]

[0.74,1.00] [0.00,0.00]
[0.72,0.82] [0.06,0.17]
[0.71,0.81] [0.09,0.19]

[0.58,0.68] [0.15,0.25]

[0.01,0.20]

[0.60,0.70]
[0.15,0.25]
[0.35,0.55]
[0.30,0.40]
[0.65,0.85]
[0.05,0.15]
[0.71,0.84]
[0.05,0.15]

[0.08,0.18]

[0.70,0.89]
[0.05,0.11]
[0.51,0.72]
[0.17,0.27]
[0.23,0.71]
[0.18,0.28]
[0.32,0.55]
[0.33,0.44]

[0.20,0.40]

[0.65,0.69]
[0.21,0.31]
[0.78,0.90]
[0.01,0.10]
[0.68,0.81]
[0.08,0.18]
[0.70,0.95]
[0.00,0.05]

10 of 17

[0.60,0.71]

[0.69,0.80]
[0.09,0.20]
[0.70,0.95]
[0.00,0.05]
[0.20,0.40]
[0.40,0.60]
[0.23,0.26]
[0.60,0.71]

4. Experimental Results

In this part, we use specific examples to prove the effectiveness and accuracy of our data filling
method. Firstly, we define the deviation rate as follows:

where D

1

Therefore, the accuracy rate of our filling algorithm is:

The average accuracy rate is:

where 7 is the number of data we have filled in.

p.=1-p,

_ |qz‘ _671|

q;

is the deviation rate, q, is the actual data value, and g,
1

~

Zpi
_ =l

n

1

17)

is the filled data value.

(18)

(19)

Aiming to verify our method, we generate randomly thirty datasets which are described by
IVIESS. The first ten datasets involve ten objects and five parameters. The next ten datasets have 50
objects and ten parameters. The last ten datasets have 100 objects and 15 parameters. For every
dataset, we set the number of the test missing data as four groups, among which two groups miss
the related lower and upper membership degrees and nonmember ship degrees, the other two
groups miss one of membership degree and nonmember ship degree. For example, there is one
dataset which has ten objects and five parameters displayed in Table 4. The test data are randomly

chosen from the initial data set. We randomly choose [u ( )(h ), us Fee, )(h )]

19(5 )(h ) vﬂ(g )(hS) ]/

(hy) ] as the test missing data.

19(5 5oy () g, (B I

19()

Next, we use our method to fill in the missing data and get the following results.

g(g )(hIO) uly(g )(hIO)

(4500, (st (A1, (), ()]=[0.54,0.71][0.11,0.23];

[0, s, DIV, (), V5 ()] =

[t , (to) e}y, ()] =[1-0.2-(0.8-0.7),1-0.2] =

(14500, (st (B)]=[1-0.1-(0.9-0.8),1-0.1] =

[0.58,0.75][0.09,0.21];
[0.7,0.8];

[0.8,0.9];

Ve, () v ()],
] and [uﬂ(g )(hg) ,

In order to evaluate the accuracy of the predicted data for the missing data, we compute the

accuracy rate for all of missing data, respectively.
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- |la—q] |0.5-0.54
p = = =

1

0.08: p,=1-p, =1-0.08=0.92’

q 0.5

52:|‘1_q|:|0'7'0'71|:0.01r p, =1-p,=1-0.01=0.99;
q 0.7

173=|q_q|:|0'1'0'“|:0.1, py=1-p,=1-0.1=0.90;
q 0.1

,74:|"_"|:|0'2'0'23|=o.15, py=1-p,=1-0.15=0.85;
q 0.2

55=|q_q|=|0'6‘0'58|=o.03, pe=1-p,=1-0.03=097;
q 0.6

5, ==l L7073 o 7, —1p, =1-0.07=0.93
q 0.7

57:|q—q|:|0.1-0.09|:0'1, p,=1-p,=1-0.10=0.90;
q 0.1

138=|q_q|:|0'2'0'21|:0.05r Py =1- P, =1-0.05=0.95
q 0.2

- |q—q| |0.7-07|_ i~ 10

) . 07 0 Po=1-p,=1-0=1
_ lg-3] |08-0.8 -
:|(]q61| | 0.3 |_ © Py =l-py=1-0=0
_ l¢g-g| |0.8-0.8
=|qqq| | s |—00/p1=1—p11—1-0—1f

~ lg=3] l0.9-09 ~

12 |(] Q| | 09 | 0.0 p,=1-p,=1-0=1/
Zpi

P =—=00.92+0.99+0.90+0.85+0.97+0.93+0.90+0.95+1+1+1+D

n
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As a result, we obtain that the average accuracy is 95.1%. We repeat this process 10 times on this
dataset, in which the missing data is randomly chosen. Finally, we get the average accuracy for this
dataset as 93.2%. This above verifying process is made on the thirty datasets. We find that the lowest
accuracy rate is 58.8% and the highest one is up to 96.1% on these datasets. In summary, the overall

accuracy rate on all of thirty datasets is 80.1%.
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Table 4. One-test interval-valued intuitionistic fuzzy soft set (IVIFSS).

& £, £, &, &,
h, [0.5,0.7] [0.8,0.9] [0.4,0.6] [0.5,0.6] [0.7,0.9]
[0.1,0.2] [0.0,0.1] [0.2,0.3] [0.2,0.3] [0.0,0.1]
h, [0.6,0.7] [0.4,0.5] [0.6,0.8] [0.6,0.8] [0.6,0.8]
[0.1,0.2] [0.2,0.4] [0.1,0.2] [0.0,0.2] [0.1,0.2]
hy [0.2,0.5] [0.6,0.7] [0.4,0.6] [0.7,0.9] [0.7,0.8]
[0.1,0.3] [0.1,0.2] [0.3,0.4] [0.0,0.1] [0.1,0.2]
h, [0.5,0.6] [0.6,0.8] [0.7,0.8] [0.7,0.8] [0.6,0.9]
[0.1,0.4] [0.0,0.1] [0.1,0.2] [0.1,0.2] [0.0,0.1]
hs [0.5,0.7] [0.7,0.9] [0.5,0.6] [0.6,0.8] [0.5,0.8]
[0.1,0.2] [0.0,0.1] [0.1,0.2] [0.1,0.2] [0.1,0.2]
hg [0.7,0.8] [0.7,0.9] [0.6,0.8] [0.7,0.8] [0.6,0.8]
[0.1,0.2] [0.0,0.1] [0.1,0.2] [0.1,0.2] [0.0,0.1]
h, [0.4,0.8] [0.6,0.7] [0.7,0.8] [0.6,0.8] [0.6,0.7]
[0.1,0.2] [0.1,0.2] [0.1,0.2] [0.1,0.2] [0.1,0.2]
h [0.3,0.7] [0.6,0.8] [0.5,0.7] [0.8,0.9] [0.8,0.9]
[0.1,0.3] [0.1,0.2] [0.2,0.3] [0.0,0.1] [0.0,0.1]
h, [0.5,0.6] [0.8,0.9] [0.7,0.9] [0.7,0.8] [0.6,0.8]
[0.2,0.3] [0.0,0.1] [0.0,0.1] [0.1,0.2] [0.1,0.2]
hy, [0.6,0.7] [0.7,0.8] [0.7,0.8] [0.7,0.9] [0.6,0.9]
[0.2,0.3] [0.1,0.2] [0.1,0.2] [0.0,0.1] [0.0,0.1]

5. One Real-Life Application

In this section, we apply our proposed data analysis methods for incomplete interval-valued
intuitionistic fuzzy soft set into one real-life application as follows.

One university held a competition to create the university website for students, aiming to
inspire the students' positive regard for the university. The competition committee will reward the
best design. Five evaluation indexes are used, such as “distinct purpose”, “effective
communication”, “good navigation”, “excellent layouts” and ““acceptable load time”. The feelings
of different evaluators about the seven designed websites from the above five aspects are fuzzy and
unclear. So we use the model of the interval-valued intuitionistic fuzzy soft set to express this
fuzziness.

LetU ={h,, h,, hy, h,, h,h,,h,} be a set of seven website designs, E ={e,,e,,e,,e,,e;} bea
set of parameters, where e, stand for “clear purpose”, “effective communication’”’, “good

navigation”, “excellent layouts”, and “acceptable load time”, respectively. We apply an
interval-valued intuitionistic fuzzy soft set to fully represent the seven candidates. The

interval-valued intuitionistic fuzzy soft set (5 ,E) isillustrated by a tabular representation in Table

5. However, because of some reasons, there are some missing data which are not recorded. We have
to apply our proposed methods to complete this data set. The process is shown as follows:

Table 5. The Incomplete interval valued intuitionistic Fuzzy Soft Set (2}, E') for Website Design

Competition.

U/E g £, £ & &
h [0.25,0.34] [0.17,0.25] [0.20,0.41] oA [ 9] [0.11, 0.29]
[0.50,0.66] [0.50,0.70] [0.30,0.50] T [0.60,0.70]
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| [0.55,0.68] [0.61,0.80] [0.42,0.61] [0.75,0.80] [0.20,0.40]
2 [0.10,0.30] [0.10,0.20] [0.10,0.33] [0.01,020]  [0.40,0.60]
A [0.15,0.45] [0.30,0.40] [0.25,0.60] [0.36,0.50] [0.70,0.85]
3 [0.22,0.55] [0.20,0.50] [0.22,0.40] [0.21,0.50]  [0.00,0.10]
. [0.07,0.27] [0.20,0.35] [0.60,0.71] [0.40,0.80] [0.30,0.40]
4 [0.60,0.67] [0.40,0.60] [0.01,0.20] [0.02,0.12]  [0.30,0.50]
A [0.31,0.48] [0.70,090]  [0.32,042]  [0.61,0.71] [0.30,0.60]
5 [0.22,0.50] [0.00,0.10]  [0.20,050]  [0.10,0.25]  [0.11,0.32]
A [0.40,0.60] [0.41,0.72] [0.10,0.32] [0.72,0.80] [0.40,0.55]
6 [0.11,0.33] [0.01,0.22] [0.42,0.60] [0.10,0.20] [0.20,0.45]
A [0.60,0.70]  [0.50,0.071 [0.50,1.00] [0.70,0.90] [0.50,0.70]
7 [ [0.06,0.22] [0.00,0.00] [0.00,0.10]  [0.11,0.30]

Stepl: Input the incomplete interval-valued intuitionistic fuzzy soft set (5,E ) and the

parameter set E.
Step2:  Find uﬂ( )(h) [u (h) u (h1)] ; V;(e )(h) [v ;( . (h),v* . )(h) ;
v;(gl)(h7)=[v (h,),v" (h,)] as missing degrees of membership and nonmember ship of

d(el)

152

elements A, to 3] (e).

2 . « 2 .
Step3: Compute pz?(s.)(v(S)) %7 14.3%<40% 7+ Pj(cien = Pitesyuten = %7 14.3%<40% ; the

remainder data which belong to the same column with the missing data are reliable. Compute

2 =20%<40%, p- 2

- =p =— ~ =——=20%<40%; th inder dat
Pioaen = Pamoer ~ 3x5 Pitoer = 3y - 2070 = 40%; the remainder data

which belong to the same row with the missing data are reliable.
Step 4: There is one group of missing data which involves one of membership degree or

nonmember ship degree, hence we calculate v (h ), and v (h ) by Equation (16) as the

related lower and upper membershlp degrees and nonmember sh1p degrees.
V. ](h) =1-0.7-(0.7-0.6)=0.2, v (h) =1-0.7=0.3.

Step5: There are four groups of mlssmg data which involve both membership degree and

nonmember ship degree, we calculate ua( )(h ) (vﬂ(g )(h )), uﬁ(e )(h ) (Vme )(h1) )by Equation

(17) as related lower and upper membership degrees and nonmember ship degrees, where

E . (W) =(0.75+0.36+0.40+0.61+0.72+0.70)/ 6 = 0.59;

avg [9( )

D ey

v (W) =(08+0.5+0.8+0.71+0.8+0.90)/6=0.75;
E, o (h)uu =(0.01+021+0.02+0.10+0.10+0.00)/ 6 = 0.09;
E,p (W) =(02+0.5+0.12+025+0.20+0.1)/6=0.23;

H, o (W) = (025+0.17+02+0.11)/4=0.19;
oo (W) = (034+0.25+0.41+0.29)/4=0.32;
H . (W)uey = (05+0.5+0.3+0.6)/4=0475

(

H o (W)@ =

WE (ey)

0.66+0.70+0.5+0.7)/4=0.64;

So, we can get
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uzg(fﬂ(hl) = (Eavg_*lg(m) (hl)(“(g)) + Ha
g, (hs)= (B ey +H, e (h)ue) /2= (0.75+032)/2=0.54;

Vi () = (B, ()ey +H,

Vie, ()= (B, )iy TH, e (h)oie) /2= (0.23+0.64)/2=0.44;

o (M) ey) /2= (0.59+0.19)/2=0.39;
€3)

V8§

o (B 2= (0.09+0.475)/2=0.28;
(&3)

Vg 5

Finally, we get a complete data set represented by the interval-valued intuitionistic fuzzy soft
set shown in Table 6. Based on this complete data set, we can make decision to get the best website
for this university.

Table 6. The complete interval-valued intuitionistic fuzzy soft set (¢}, E) for a website design

competition.
U/E & A &, &, &;
i [0.25,0.34] [0.17,0.25] [0.20,0.41] [0.39,0.54] [0.11, 0.29]
! [0.50,0.66] [0.50,0.70] [0.30,0.50] [0.28,0.44] [0.60,0.70]
A [0.55,0.68] [0.61,0.80] [0.42,0.61] [0.75,0.80] [0.20,0.40]
2 [0.10,0.30] [0.10,0.20] [0.10,0.33] [0.01,0.20] [0.40,0.60]
i [0.15,0.45] [0.30,0.40] [0.25,0.60] [0.36,0.50] [0.70,0.85]
3 [0.22,0.55] [0.20,0.50] [0.22,0.40] [0.21,0.50] [0.00,0.10]
h [0.07,0.27] [0.20,0.35] [0.60,0.71] [0.40,0.80] [0.30,0.40]
4 [0.60,0.67] [0.40,0.60] [0.01,0.20] [0.02,0.12] [0.30,0.50]
i [0.31,0.48] [0.70,0.90] [0.32, 0.42] [0.61,0.71] [0.30,0.60]
5 [0.22,0.50] [0.00,0.10] [0.20, 0.50] [0.10,0.25] [0.11,0.32]
i [0.40,0.60] [0.41,0.72] [0.10,0.32] [0.72,0.80] [0.40,0.55]
6 [0.11,0.33] [0.01,0.22] [0.42,0.60] [0.10,0.20] [0.20,0.45]
i [0.60,0.70] [0.50,0.071 [0.50,1.00] [0.70,0.90] [0.50,0.70]
! [0.20,0.30] [0.06,0.22] [0.00,0.00] [0.00,0.10] [0.11,0.30]

6. Conclusions

The model of the interval-valued intuitionistic fuzzy soft set has been widely used since it was
proposed. In actual data processing, we have to face up to missing data, which leads to unsuccessful
and improper applications based on the model of the interval-valued intuitionistic fuzzy soft set.
This paper focuses on data analysis methods for an incomplete interval-valued intuitionistic fuzzy
soft set. The related filling idea fully considers and employs the characteristics of this model itself.
The experimental results verify that the overall accuracy rate on all of thirty randomly generated
datasets is up to 80.1% by our filling method. One real-life application illustrates our contribution.
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