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ABSTRACT. In this paper, we present four nonparametric methods to fit
some fuzzy regression models, when both the explanatory and response
variables are fuzzy quantities. In this approach, we first introduced a dis-
tance between triangular fuzzy numbers. Then, two fuzzy nonparamet-
ric regression models are presented based on the extended version of K-
nearest neighbors (KNN) method on fuzzy data (with the same/modified
weights). In addition, a new method is investigated to fit two fuzzy non-
parametric regression models based on the R-neighborhood radius (RNR)
method on fuzzy data (with the same/modified weights). Among these
methods, the two methods of KNN and RNR with the modified weights
have the better performances than the methods with the same weights.
To evaluate the proposed fuzzy nonparametric regression models, two
measures of goodness of fit are presented. The application of the pro-
posed methods are studied in modelling some data sets.

Keywords: Fuzzy nonparametric regression, K-nearest neighbors (KNN),
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1. Introduction

Fuzzy regression analysis is a suitable and widely used tool for analyzing
complex systems when the available variables are reported as imprecise quan-
tities. After the introduction of fuzzy sets by Zadeh [33], several authors have
presented different approaches on regression models in the fuzzy environment.

A fuzzy regression model based on the least absolute deviations is inves-
tigated by Kelkinnama and Taheri [26], and Zeng et al. [34]. Chachi [11],
D'Urso et al. [21], and Hesamian and Akbari [23] studied some approaches to
model the fuzzy linear regression based on least squares methods. Some ap-
proaches for modelling the clustering fuzzy regression are presented by Arefi
[6], Bas and Egrioglu [10], and Dotto et al. [19]. The regression analysis in
intuitionistic/type-2 fuzzy environment studied by Akbari and Hesamian [1],
Arefi [4], Arefi and Taheri [8], and Hosseinzadeh et al. [25]. The problem of
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robust estimations for parameters of the linear regression models in imprecise
environments are studied by Arefi [5], Arefi and Khammar [7], Asadolahi et
al. [9], Chachi and Roozbeh [14], Chachi et al. [16], Hesamian and Akbari [22],
and Khammar et al. [27]. Some approaches on fuzzy nonparametric regres-
sion models are studied by Cheng and Lee [17], Danesh et al. [18], Hesamian
et al. [24] and Kong et al. [30]. Also, the other approaches for analyzing the
fuzzy linear regression are presented by Akbari and Hesamian [2], Arabpour and
Amini [3], Chachi and Jalalvand [12], Chachi et al. [13], Chachi and Taheri [15],
D’Urso [20], Khammar et al. [28,29], and Lu and Wang [31].

In this paper, we present four fuzzy nonparametric regression models, when
both the explanatory and response variables are fuzzy quantities. We extend
the KNN method with the same and modified weights based on fuzzy data.
Also, a new approach based on the R-neighborhood radius (RNR) with the
same and modified weights is investigated under fuzzy data. These methods
are based on the introduced distance between triangular fuzzy numbers. Among
these methods, the KNN and RNR methods with the modified weights have
the better performances than the methods with the same weights, because they
assign more weights to closer data and less weights to farther data. Note that
the KNN methods are based on the K elements in nearest neighbors and the
RNR methods are based on the data enclosed in radius R. Therefore, the RNR
methods can be performed with more speed and accuracy, when the outliers
are in data set.

This paper is organized as follows. In Section 2, some preliminary concepts
about fuzzy sets is recalled. Some fuzzy nonparametric regression models based
on KNN and RNR methods with the same/modified weights are presented in
Section 3. The applications of proposed methods are studied on some numerical
data sets in Section 4. Finally, in Section 5, some concluding remarks are
provided.

2. Preliminary concepts

In this section, we recall some preliminary concepts about fuzzy numbers
(for more details, see Zimmermann [35]).
Let X be an universal set. A fuzzy set A of X is defined by its membership func-

tion A: X — [0,1]. The a-cut of A is defined by A[a] = {x €ER:Alz]> a}
for0<a<l.

Definition 2.1. A fuzzy set A of the R (real line) is called a fuzzy number, if

i) f:l [z] =1 for some z € R.
ii) Ala]is a closed bounded interval for 0 < o < 1.
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Definition 2.2. A fuzzy number A is called a triangular fuzzy number, and
denoted by A = (al, a, a“)T, if its membership function is defined as follows:

1
2_31 a <z <a,

Alw) =4 @=2 4 <z <a”,
0 o.w.

Lemma 2.3. Suppose that A = (a',a,a™)r and B = (b',b,b*)p are two trian-
gular fuzzy numbers and X € R —{0}. Then, based on the extension principle,
some arithmetic operators is as

AeB=(a'+b,a+ba"+b")p,
\A = (Aa!, Aa, \a®)r A >0,
1 (A% e, Mal)r A <O.

Definition 2.4. Let x = (&1, %2,...,%p) and ¥ = (§1,%2,...,%p) be two vec-
tors of triangular fuzzy numbers with #; = (2}, z;, 2%)7 and §; = (v}, i, y*) 7,
1 =1,...,p. Then, the distance between x and y is defined as follows:

p l 112 2 u u|2
P }: |25 — yil? + |lzi — yil® + |2} — v}

i=1
Theorem 2.5. Let x, y and z be three vectors of fuzzy numbers in RP. Then,
(R,d) is a metric space. It satisfy the following properties

(1) d(x,¥) = 0,

(i) d(x,y) = d(y,%),

(i11) d(x,y) < d(x,2) + d(2,¥).

Remark 2.6. In this paper, we present some approaches to fit the fuzzy nonpara-
metric regression models based on this distance. This distance is an extended
version of Euclidean distance on triangular fuzzy data (If #! = z; = 2% in 7,
and yf = y; = y;' in g;, then the proposed distance is reduced to Euclidean
distance). It is simple and fast in calculations. It is notable that the proposed

method does not change by replacing other distances between fuzzy numbers
(specially, to choose a suitable distance between LR fuzzy number).

3. Fuzzy Nonparametric Regression

In this section, we want to fit a fuzzy nonparametric regression model, when
the available data set is as fuzzy quantities. Assume that the fuzzy nonpara-
metric regression model is as follows:
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where, f(.) is an unknown, continuous, and differentiable function, and e is an
error variable with zero mean.

Now, based on a random sample of size N, we have the observed fuzzy data
as ()N(i,:lji)7 1= 1, 2, te ,N, where y} = (yg,yz,yf’)T and )~(Z = (Sz‘ih.'f}ig, ce ,i'ip)

with &;; = (xﬁ»ﬁfrij,xfj)T, j=1,2,---,p. The aim is to fit a fuzzy nonpara-
metric regression model to this fuzzy data set as follows:
Y = f(iz)

Now, we want to present some new methods based on the K-nearest neighbors
(KNN) and R-neighborhood radius (RNR) on fuzzy data as follows.

3.1. K-Nearest Neighbors (KNN). The KNN refers to the K elements in
a data set that are closest to a given value x, based on a specified distance. In
other words, for a given element x in a data set with N elements, the distance
between x and every other element is calculated. The K elements with the
smallest distances to x are the K-nearest neighbors of x (for more details, see
Cheng and Lee [17]).

Now, we introduce two KNN methods based on fuzzy data with the same
and modified weights as follows.

3.1.1. KNN with the same weights. Let the fuzzy data be as (X;,9;), i =
1,2,---,N. Then, the estimation of the response variable based on KNN
method with the same weights is defined as the following procedure:

1) We first select the value X;, i = 1,..., N.

2) Based on Definition 2.4, we calculate d(x1,%;), d(X2,%X;), ..., d(Xn, X;),
denoted by dy;,ds;, ..., dn;. Also, we order dy;, doy, ..., dn;, denoted by
diy < d2y < . < dinyi-

3) The weighted values w;(X;) are obtained as

& ifj€Jx,
OJj(Xi) = J=12,..,N,
0 ow.,
where, the set Jg, is as
Jz, = {Jj:%jis one of the K — nearest observations to X;}

= {] : dji S {d(l)i7d(2)i’ 7d(K)Z}}

4) Finally, the response value @ is estimated as

For selecting the optimal value of K, see Remark 3.5 in Subsection 3.3.
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3.1.2. KNN with the modified weights. The estimation of the response variable
based on KNN method with the modified weights under the fuzzy data (X;,9;),
1=1,2,---, N, is defined based on the following procedure:

1) We first select the value %;, i = 1,..., N.

2) Based on Definition 2.4, we calculate d(xX1,%;), d(X2,%;), ..., d(Xn, X;),
denoted by d1;, d2, ..., dni. We order dy;, da, ..., dng, denoted by d(1y; <
dy < ..o < divyi-

3) The weights w;(X;) are obtained as

() = — Wi%)
J( i) Zj(ejiL Wj(iz) J

where, W;(%;) =1 — 4

7~ and the set Jg, is as

Jz, = {Jj:Xjisoneof the K —nearest observations to X;}
{j:dji € {dpyi-dyis - dixcyit} -

4) Finally, the value of response variable is estimated as
N
U=y wi(%) b
j=1
For selecting the optimal value of K, see Remark 3.5 in Subsection 3.3.

3.2. R-Neighborhood Radius (RNR). The primary advantage of the KNN
algorithm is its conceptual and computational simplicity. But, it has some
limitations as follows:

1- Its computational cost grows substantially with the number of training
samples. So, it isn’t suitable for large data sets.

2- The KNN is sensitive to outlier data. In particular, if the distribution of
data is non-uniform, since the value of K is fixed, the outlier data affect
on weights and the values of response variables will not be predicted
correctly.

To reduce these limitations, we present a new approach based on the R-
neighborhood radius (RNR). In this approach, we only select the nearest neigh-
bors that fall within the fixed radius R. In RNR algorithm, the value of optimal
radius R is first determined and then, the distances between a given element x
and other elements x; in data set are calculated. If the computed distance is
less than R (i.e. d(z;,2) < R), then this element is included in the neighbor-
hood set of z. As a result, the number of elements within the neighborhood set
of x may vary depending on the chosen radius R. This makes the calculations
faster than the KNN methods.

Now, we introduce two methods based on RNR under fuzzy data with the same
and modified weights as follows.
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3.2.1. RNR with the same weights. Suppose that the available fuzzy data are
as (X;,7;), t =1,2,--- | N. Then, the estimation of the response variable based
on RNR method with the same weights is defined as the following procedure:

1) We first select the value of radius R, and also, consider the value of x;,
i=1,..,N.

2) Based on Definition 2.4, we calculate d(xX1,%;), d(X2,X;), ..., d(Xn, X;),
denoted by d1;, d2, ..., dni. We order dy;, da, ..., dni, denoted by d(1y; <
de2)i < ..o < d(nyi-

3) The weights w;(X;) are obtained as

+ ifjex,
wj(il) = .7: 1727"'7N7
0 ow.,

where, the set Jx, is as
chi = {]dﬂSR7 ]:1,,N}
= {j s dji € {dyi, d(2)is '~'7d(ti)i}}a

where, t; is the number of elements whose distances to the ith element
is less than or equal to R.
4) Finally, the response value g, is estimated as

3.2.2. RNR with the modified weights. Let the fuzzy data be as (X;,9;), i =
1,2,--- ,N. Then, the estimation of the response variable based on RNR
method with the same weights is defined as the following procedure:

1) We first select the value of radius R, and consider the value of X;,
i=1,...,N.
2) Based on Definition 2.4, we calculate d(xX1,%;), d(X2,%X;), ..., d(Xn, X;),
denoted by dy;,ds;, ...,dn;. The ordered values of dy;,ds;, ..., dn; are
3) The weights w;(X;) are obtained as
- W (x;
w;(%;) = %
Eje],—(i Wj(xi)

where, W;(x;) =1 — Zjﬁ and the set Jx, is as

) .j = 17"'7N7

Jz, = {j:dji<R,j=1,..,N}
= {j:dje{dayi,dyi - diit}

where, t; is the number of elements whose distances to the ith element
is less than or equal to R.
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4) Finally, the response value @ is estimated as
N
i =y wiXi) G-
j=1

For selecting the optimal value of R, see Remark 3.6 in Subsection 3.3.

Remark 3.1. In the proposed methods (KNN or RNR) with the same weights,
all neighbors about an element have the same effect. But, it is clear that the
data closer to an element are more important than the data located at a further
distance. To solve this problem, we present the improved KNN/RNR, with the
modified weights which the closer neighbors have a greater effect, while the
more distant neighbors become less or ineffective.

3.3. Goodness of fit of the model. Assume that Y; and Y;, i = 1,..., N are
the observed response values and the predicted response values, respectively.
To evaluate the proposed fuzzy nonparametric regression models, we introduce

two goodness of fit measures between Y; and Y; as follows.

Definition 3.2. The mean of similarity measures (MSM) between Y; and }%,
i=1,...,N, is defined as (see Pappis and Karacapilidis [32])

1< .
(2) MSM = =3 Spi(Yi, Yi),

J=1

vy — Card(¥inYi) N= A .
where, Spk (Y;,Y) Card(ﬂuﬂ)Aand Card(A) f/{(x)dx denotes thAe cardi
nal number of fuzzy set A, (Y; NY;)(z) = min(Y;(x), ¥;(z)), and (Y; UY;)(z) =
max(Y;(z),Y;(z)). Also, Y;(z) and Y;(z) are the membership functions of ¥;

and }7,», respectively.
Definition 3.3. The mean squared error (MSE) measure is defined as follows

L o @

Jj=1

where, d(¥i, V) = /(Y = ¥})2 + (¥ — Yi)? + (V2 — Y12

Remark 3.4. The indices MSM and MSE are on the intervals [0, 1] and [0, 00),
respectively. The optimal fuzzy regression model is the model with maximum
value of MSM and the minimum value of MSE.

Remark 3.5. For selecting the optimal value of K, we obtain the estimated
response variables gji, i=1,...,N, based on the KNN method for K =2,..., N.
Then, based on Definition 3.3, we calculate MSE between g; and §; for K =
2,...,N. The optimal value is K with minimum value of M SFE.
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Remark 3.6. For selecting the optimal value of R, we perform the following
procedure:
1) First, we calculate the distances d;; = d(X;,%;), 4,7 = 1,2,..., N, and
j > i. We order d;;, denoted by d>(k1) < d2‘2) <..< dE(N(N—l)/2)'
2) We obtain the estimated response variables ﬁi, i =1,...,N, based on
the RNR method for R € {d?l), d’&), "'7d>(kN(N—1)/2)}' )

3) Based on Definition 3.3, we calculate M SE between y; and g; for R €

{dty), dizys o din (v —1)/2)}-
4) The optimal value is R with minimum value of M SE.

4. Numerical examples

In this section, we present some numerical examples to illustrate our pro-
posed approach, using the goodness of fit measures.

Example 4.1. Consider a study for evaluating the employees engagement by
assessing 25 officers working at an inland revenue board of a city in Iran (see
Hesamian and Akbari [22]). The main purpose of this study was to provide a
regression model which capable of enhancing the understanding of uncertainty
about the main individual factors of the employees engagement in the final work
outcomes. Four independent variables were used for subjective evaluation of the
employees work quality (y;) as follows:

x1: Inability to endure job stress,

Xo: Frequency of delay,

x3: Communication and coordination ability,

x4: Performance.
The data set is listed in Table 1. We want to fit a fuzzy nonparametric regres-
sion model as follows

N
i =y wi(X:) 7
=1

First, based on Remarks 3.5 and 3.6, we obtain the optimal values K = 4 and
R = 21.49. Then, we fit some fuzzy nonparametric regression models based on
KNN and RNR methods. We compare the proposed methods with some other
methods. The results are summarized in Table 2.

To compare the proposed methods with other methods based on the goodness
of fit measures, it can be concluded that the proposed method has a suitable per-
formance. The performances of the proposed fuzzy monparametric regression
models are shown in Figures 1-4. Figures 1 and 3 show the KNN and RNR
methods with the same weights and Figures 2 and 4 show the KNN and RNR
methods with the modified weights (the + signs are the bounds and centers of
observed response variables, and the drawn lines are the fuzzy nonparametric
regression models).
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TABLE 1. Data set in Example 4.1.

Ti1 = ("L"[lef’«’tlaw;ll)T Tiz = (wiZawﬂvI:“z)T Tz = (w'lzsvzrii-,x?:s)T Tig = (15471'%:1'74)1‘ Ui = (yﬁ,y,,yl‘)T

7
1 (79,87,95)1 (65,71,73)r (82,86,91)r (86,93,96) 1 (90,95, 98) 1
2 (71,79,87)r (74,80,83) 1 (71,75,79) 1 (65,67, 70)r (70,77,83) 1
3 (14,24,32)r (59,65, 67)r (69,71, 75)r (29,35,40)r (23,26,32)r
1 (51,60,67)r (56,65, 69) 1 (66,68, 71)r (61,66, 70)r (58,62, 66) 1
5 (87,92,93)r (75,78,81)r (66,70,76) 1 (81,86,89) 1 (85,90,92) 1
6 (55,59,61)r (44,53,63) 1 (59,61,64) 1 (64, 66, 68) 1 (17,20, 24) 1
7 (78,82, 86) 1 (75,77,79)r (75,80,83) 1 (70,72,76) 1 (72,77,80) 1
8 (48,52,56)1 (55,57,59) 1 (55,60, 63) 1 (67,69,73)r (18,21, 25)
9 (82,85,87)r (71,77,83)r (66,71, 76)r (61,68,71)r (66,72, 75)r
10 (63,66, 70)1 (58,60, 63) 1 (53,56, 60) 1 (69,73,75)r (58,62, 64) 1
11 (65,69, 72) 1 (56,59, 62) 1 (70,72,76) 1 (66,70, 73)r (58,63, 68) 1
12 (57,59,61)r (51,54,56) 1 (62,68,71)r (62,67,70)r (55,58,61)r
13 (89,90, 96) 1 (84,88,96) 1 (77,82,87)r (80,85,87)r (83,88,91)r
14 (66,70, 76)1 (69,71, 76)r (66,68, 71)r (60, 64, 66) 1 (61,65, 70)r
15 (51,55,59)r (61,63,65)r (58,61, 64)r (66,68, 70) 1 (24,26,28)r
16 (86,90, 93)1 (73,75, TT)r (60,64, 68) 1 (73,78,83)r (77,82,85)r
17 (56,60, 64) 1 (58,62, 64) 1 (63,66, 70) 1 (63,65,69)r (18,22, 24)
18 (66,68, 71)r (60,63, 68) 1 (70,75,79) 1 (75,80, 86) 1 (67,71, 74)r
19 (60,67,72)r (50,56, 62) 1 (63,65,68) 1 (39,42,47)r (21,24, 28)r
20 (82,88,93)r (63,69, 73)r (59,63,67)r (73,76,80) 1 (68,72,77)r
21 (88,90, 93)1 (82,85,80) 1 (58,62, 66) 1 (74,78,81)r (76,82,87)r
22 (55,59, 62) 1 (68,71, 74) 1 (62,64, 68) 1 (54, 57,60) 1 (61,64, 60)r
23 (83,87,91)r (49,51,53)r (62,67, 70)r (58,60,62) 1 (20,23, 25)
24 (70,74, 80) 1 (59,61, 66) 1 (59,61, 66) 1 (77,82,85)r (69,74, 78) 1
25 (60,63, 65)7 (49,52,54) 1 (56,58,61)r (60,62, 64) 1 (19,22, 25)7

TABLE 2. Goodness of fit measures in different regression
models in Example 4.1.

Model MSE | MSM
KNN with the same weights 312.19 0.36
KNN with the modified weights | 69.08 0.49
RNR with the same weights 170.85 0.52
RNR with the modified weights | 81.47 0.71

Chachi et al. [16] 1130.84 | 0.33
Akbari and Hesamian [2] 681.21 | 0.42
D’Urso et al. [21] 718.24 | 0.40
Hesamian and Akbari [22] 674.96 | 0.47

Example 4.2. Consider the data set given in Table 3 (see D’Urso [20]). In
this study, we have two the fuzzy independent variables X1 as “decision on
cooking” and X9 as “decision on environment”, and a fuzzy response variable
Ui as “decision on cellar”. This data set is the performances of the 30 good-
quality Roman restaurants. We want to fit a fuzzy nonparametric regression
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¥ estimator

Lower Bound y estimator
Upper Bound v estimator
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FIGURE 1. KNN method with the same weights in Example
4.1.
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Ficure 2. KNN method with the modified weights in Exam-

ple 4.1.

model as follows
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Ficure 3. RNR method with the same weights in Example
4.1.
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F1GURE 4. RNR method with the modified weights in Exam-
ple 4.1.

We obtain the optimal value K = 4 in KNN method and R = 0.82 in RNR
method. The other authors have presented some fuzzy regression model on this
fuzzy data set. We compare the proposed methods with these methods in Table
4. Based on the goodness of fit measures, the proposed methods (specially in
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KNN method with the modified weights) have the suitable performances. The
performances of the proposed fuzzy nonparametric regression models are shown
in Figures 5-8. Figures 5 and 7 show the KNN and RNR methods with the
same weights and Figures 6 and 8 show the KNN and RNR methods with the
modified weights (the + signs are the bounds and centers of observed response
variables, and the drawn lines are the fuzzy nonparametric regression models).

TABLE 3. Data set in Example 4.2.

No. T Tiz 7 No. Tt Tiz 7
1 | (65,7,825)r | (7.25,8,9)r | (7.25,8,9)r | 16 | (6.5,7,8.25)r | (6.5,7,8.25)r | (6.5,7,8.25)r
2 | (65,7,825)r | (6.5,7,8.25)7 | (5.75,6,6.5)r || 17 | (5.75,6,6.5)7 | (6.5,7,8.25)r | (5.75,6,6.5)1
3 | (5.75,6,6.5)r | (6.5,7,8.25)r | (5.75,6,6.5)r || 18 | (6.5,7,8.25)7 | (7.25,8,9)r | (6.5,7,8.25)r
4 | (725897 | (9,9,10)r (9,9,100r || 19 | (6.5,7,8.25)r | (6.5,7,8.25)r | (7.25,8,9)r
5 | (7.25,8,9)r | (7.258,9)7 | (7.25,8,9)r | 20 | (65,7,825)x | (9,9,10)7 | (6.5,7,8.25)1
6 | (5.75,6,6.5)r | (6.5,7,8.25)r | (5,5,06)r 21 | (6.5,7,8.25)r | (7.25,8,9)r | (6.5,7,8.25)r
7 | (65,7,825)r | (7.25,8,9)r | (6.5,7,8.25)r || 22 | (6.5,7,8.25)x | (7.25,8,9)r | (5.75,6,6.5)1
8 | (6.5,7,8.25)r | (6.5,7,8.25)r | (5,5,6)r 23 | (6.5,7,825)r | (9,9,10)r | (6.5,7,8.25)r
9 | (6.5,7,8.25)r | (7.25,8,9)r | (6.5,7,8.25)r || 24 | (6.5,7,8.25)r | (6.5,7,8.25)r | (7.25,8,9)r
10 | (5.75,6,6.5)r | (6.5,7,8.25)7 | (5.75,6,6.5)r || 25 | (6.5,7,8.25) | (6.5,7,8.25)r | (5.75,6,6.5)1
11 | (65,7,8.25)r | (7.25,8,9)r | (7.25,8,9)r | 26 | (6.5,7,8.25)r | (6.5,7,8.25)r | (5.75,6,6.5)r
12 | (6.5,7,8.25)7 | (5.75,6,6.5) | (5.75,6,6.5)r || 27 | (6.5,7,8.25) | (6.5,7,8.25)r | (6.5,7,8.25)1
13 | (65,7,8.25)7 | (7.25,8,9)r | (9,9,10)r | 28 | (6.5,7,8.25)r | (7.25,8,9)r | (6.5,7,8.25)r
14 | (65,7,8.25)7 | (7.25,8,9)r | (7.25,8,9)r | 29 | (6.5,7,8.25)r | (6.5,7,8.25)7 | (6.5,7,8.25)r
15 | (65,7,8.25)r | (6.5.7,8.25)7 | (6.5,7,8.25)r || 30 | (5.75.6,6.5)r | (6:5,7,8.25)r | (5.75,6,6.5)1

TABLE 4. Goodness of fit measures in different fuzzy regres-
sion models in Example 4.2.

Model MSE | MSM
KNN with the same weights 1.32 0.31
KNN with the modified weights | 0.37 0.55
RNR with the same weights 1.55 0.40
RNR with the modified weights | 1.17 0.43
Lu and Wang [31] 2.15 | 0.56
D’Urso [20] 245 | 0.22
Chachi and Taheri [15] 2.01 | 0.38

5. Conclusion

In this paper, we present four methods to fit some nonparametric regression
models based on the extended versions of KNN and RNR on fuzzy data. These
methods have certain merits as follows

1) In the proposed nonparametic regression models, we are assume that
both the explanatory and response variables are fuzzy quantities.
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FI1GURE 6. KNN method with the modified weights in Exam-
ple 4.2.

2) The KKN method with the same weigths is an extended version of
ordinal KNN method on fuzzy data.
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Ficure 7. RNR method with the same weights in Example
4.2.
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FIGURE 8. RNR method with the modified weights in Exam-
ple 4.2.

3) The RNR method is a new method based on based on the data enclosed
in radius R. Therefore, the RNR method can be performed with more
speed and accuracy (especially with the presence of outliers).
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4) The KNN and RNR with the modified weigths have the better perfor-
mances than the methods with the same weights, because they assign
more weights to closer data and less weights to farther data.

An important method for fitting a nonparametric regression model is to use
the kerenl functions. We can extend the KNN and RNR methods based on
some kernel functions. Based on these methods, we can obtain more suitable
and flexible performances. This topic can be invistigated in future researches.
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