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Abstract

Classical regression analysis assumes that the data belong to a single class. However,
in many application studies, data are typically gathered from various mixed classes without
prior knowledge of each class’s membership. Switching regression analysis, which creates
suitable sub-models for each different class, is used to model such data. As the quantity
of independent variables and classes within the data increases, the number of sub-models
to be generated simultaneously in switching regression also increases. In such scenarios, it
is recommended to utilize the Adaptive Network-based Fuzzy Inference System (ANFIS),
which proves to be an effective tool for addressing mixed problems and systems.

Achieving successful training is essential for obtaining effective results with ANFIS.
This can be achieved by determining its structure’s premise and consequence parameters
with practical optimization algorithms. This study focuses on training ANFIS with Genetic
Algorithm (GA) and Particle Swarm Optimization (PSO). The effectiveness of the GA-trained
ANFIS and PSO-trained ANFIS are tested with a numerical example where the dependent
variable has an outlier. The results show that the proposed methods, especially PSO-trained
ANFIS, provide accurate predictions and are not affected by the outlier in the dependent
variable.
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1. Introduction

In regression analysis, it is typically presumed the data originate
from a single class. The functional relationship between the independent
(input) variables and the dependent (output) variables are mathematically
defined as:

Y = f(X;0)+¢ )

where Y is the dependent variable, f(X;#) is a model function, X =(X,,
X,, ... X,) is a vector of independent variables; #=(6,, 6,, ..., Qp)',
6 € © c R is an unknown parameter vector; ¢ is the random error term
with €(0,0 2). The aim is to estimate the @ with considered data set and
to predict dependent variable values.

In many application studies, independent variables in the data come
from different and mixed classes, i.e. they do not have the same distribution
or the same distribution parameters. In such cases, the estimates obtained
with a single regression model for all data will likely have high errors. The
“switching regression model” has been proposed to deal with this problem
[1-6]. In switching regression, an appropriate sub-model is created for
each different class and the estimated outcomes of the dependent variable
are derived by integrating the predictions from these sub-models. A
switching regression model is expressed as follows:

14
Y, =f,(X;60)+¢,, nglk 2)

Here, 6, is the parameter set for f,, [ is the class number for each
independent variable and p is the number of independent variables. In
this model, it is evident that when the number of classes and the number
of independent variables increases, the number of sub-models to be
created also increases. In such cases, it can be suggested to use the neuro-
fuzzy, which is highly effective in solving mixed problems and systems,
for establishing the switching regression model [1, 7, 8]

Neuro-fuzzy is an advanced artificial intelligence model that
integrates the principles of fuzzy logic and artificial neural networks
(ANN) to create systems capable of adaptive learning and human-like
reasoning. Fuzzy logic, developed by Zadeh [9], is a mathematical
framework designed to handle uncertainty, imprecision, and vagueness in
data. Unlike traditional binary logic, which operates on absolute true or
false values (0 or 1), fuzzy logic introduces the concept of partial truths,
where values can range between 0 and 1. This allows fuzzy logic to model
and process information in a way that closely resembles human reasoning,
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especially in situations where definitive answers are not possible. ANN,
on the other hand, is computational model inspired by the structure and
functioning of the human brain. It excels in tasks like pattern recognition,
learning from data, and making predictions by adjusting its internal
parameters through training. By combining these two paradigms, neuro-
fuzzy models bring together the interpretability and reasoning strengths
of fuzzy logic with the adaptive learning and self-optimization capabilities
of neural networks. This hybrid approach enables the creation of systems
that can handle complex, nonlinear problems while providing transparent
and explainable decision-making processes.

The Adaptive Network-based Fuzzy Inference System (ANFIS),
introduced by Jang [10], is considered one of the most prominent and
widely recognized neuro-fuzzy models [11]. This is a non-hierarchical
hybrid network structure that embodies the Sugeno fuzzy inference
system [12]. In recent years, there have been many studies in fuzzy
regression analysis with ANFIS. Cheng and Lee [13] applied a fuzzy
adaptive network to fuzzy regression analysis using numerical examples.
Then, Cheng and Lee [1] introduced a nonparametric switching regression
method utilizing the Sugeno fuzzy inference system and fuzzy adaptive
network. Dalkili¢ and Apaydin [8] employed ANFIS for the analysis of
switching regression in scenarios where the independent variables are
drawn from an exponential distribution. Dalkili¢, Kula [7] performed a
switching regression analysis where the dependent variable included an
outlier, comparing the results obtained through ANFIS with those from
robust methods which are Huber, Hampel, Andrews, and Tukey. They
concluded that ANFIS is the best among these methods. Danesh, Farnoosh
[14] used ANFIS for fuzzy nonparametric regression with crisp input and
fuzzy output. Danesh [15] proposed two hybrid algorithms based on
ANFIS to predict the fuzzy regression model, and they verified that the
proposed algorithms have better performance than linear programming
and quadratic programming. Razzaghnia [16] employed ANFIS to obtain
the predictions in regression models where the data set has outliers and
showed that the ANFIS is better than linear programming and fuzzy
weights-based linear programming for outlier cases.

The effectiveness of ANFIS largely depends on the optimization
algorithm utilized in the learning phase. In the structure of ANFIS, both
premise and consequent parameters are optimized through an optimization
algorithm throughout the training phase. In the standard ANFIS model,
premise parameters are typically established through the gradient descent
method, while consequence parameters are evaluated through the least
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square estimation method. However, a reliable optimization algorithm is
necessary to ensure optimal performance in ANFIS. Hence, there is a
growing tendency to utilize heuristic algorithms such as Genetic Algorithm
(GA), Particle Swarm Optimization (PSO), Artificial Bee Colony (ABC),
Differential Evolution (DE), Simulated Annealing (SA), and others for
training ANFIS in recent years [17-23].

This study aims to perform a switching regression analysis in a case
where there is an outlier in the dependent variable, by ANFIS algorithms
trained with GA and PSO, which are well-known artificial intelligence
techniques, and to evaluate the effectiveness of the GA-trained ANFIS and
the PSO-trained ANFIS, which are proposed in this study, with the
standard ANFIS.

The remainder of the paper is structured as follows: In Section 2,
artificial intelligence techniques: ANFIS, GA, and PSO algorithms are
presented. Section 3 introduces the training process of ANFIS with GA
and PSO. In Section 4, proposed GA-trained ANFIS and PSO-trained
ANFIS are conducted for switching regression modeling in a numerical
example. In the final section, conclusions are presented.

2. Artificial Intelligence Techniques

This section offers a concise summary of the artificial intelligence
techniques utilized in this study, including the ANFIS, GA, and PSO.
Furthermore, it outlines the training process of ANFIS using GA and PSO.

2.1 Adaptive Network Fuzzy Inference System (ANFIS)

ANFIS, proposed by Jang [10], is widely recognized as a prominent
artificial intelligence methodologies. It originated from the concept that
combines the strengths of ANN and fuzzy logic. ANN derives decision-
making capabilities from fuzzy logic, while fuzzy logic gains learning
abilities and relational structure from ANN. Various types of ANFIS have
been developed based on the specific fuzzy inference systems including
Mamdani, Sugeno, and Tsumoto. In this study, the ANFIS structure adopts
the Sugeno fuzzy inference system proposed by Takagi and Sugeno [24],
making it highly suitable for modeling regression with fuzzy inputs
derived from diverse distributions. The fuzzy rule-based Sugeno system is
defined as follows:

i . i . i . i i i i i
R':if (x;isF ,and x, lst,...,andxp 1st)then (y=f —a0+a1x1+...+apxp)
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Here, x=(x,,x,,..,x,) is the input vector, y is the output, F isa
fuzzy set associated with the input x, in the i th rule, f' is the system
output for R rule, i=1,2,..,k, and k is the fuzzy rule number. The
parameters which characterize the membership functions for the input
variables are called premise parameters, whereas the parameters that
define the consequent part of the fuzzy rules are known as consequent
parameters.

The parameters used to define the membership function for Fji are
termed premise parameters, while those used for a; are called consequence
parameters.

During the training of ANFIS, both the premise and consequence
parameters are optimized using an algorithm. This process relies on the
available input-output relationship and if-then fuzzy conditions. The
discrepancy in the result from training and the actual system result creates
an error signal. For reducing these errors, the parameters of ANFIS are
iteratively adjusted, resulting in the development of an optimal structure.

The ANFIS structure depicted in Figure 1 consists of two inputs
(x,,x,) and one output.

The ANFIS structure comprises 5 layers. Below is the explanation of
the layer structure depicted in Figure 1.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

XS
N

Figure 1

The ANFIS structure with two inputs and one output
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Layer 1: In the fuzzification layer, various membership functions, including
the generalized bell function, triangle, trapezium, Gaussian, sigmoid, etc.,
are employed to generate fuzzy clusters from input values. For this study,
the Gaussian membership function is utilized. Each node’s output in this
layer represents a membership degree, which is linked to the input values
and membership functions as follows:

_l[ﬁ]z
0, - ;1Fx_(3cl):e2 o) i=1,2 @)

1,i xc, V'
He (x,)= e%[T‘] ,i=3,4

Here, U, is the membership degrees for the fuzzy set parameters F.
¢, and o, are the parameters which determine the shapes of Gaussian
membership function. These parameters are referred to as the premise or
antecedent parameters.

Layer 2: In the rule layer, the firing strengths (w') are determined by
utilizing the membership values obtained from the fuzzification layer.
Every node in this layer represents the rules generated by the fuzzy logic
inference system. The firing strengths w' of each rule are calculated by
multiplying the associated membership values, as demonstrated below:

O, =w' =, (x,)x iy, (x,)
0,, = =, (x,)x 41, (x,)
O,,=w’ = p, (x,)x 1 (x,) 4)
0,, =w" =p, (x,)xp (x,)

Layer 3: Within the normalization layer, the normalized firing strengths
(@") of all rules are computed based on the firing strengths obtained from
the preceding layer. The scaled firing strength of the i-th rule is calculated
through normalizing its firing strength with respect to the sum of all firing
strengths, as expressed in the following formula:

—@ =, i=1,2,3,4 (5)

>w'

i=1

)

3,i
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Layer 4: In the defuzzification layer, the output of every rule is computed
through multiplying the normalized firing strengths with a linear function.
The calculation of the outputs of the nodes in this layer is described as
follows:

O

= w'y' =W (ay +ayx, +a,x,),i=1,2,3,4 (6)

Here, ay,a,,and a, are the parameters in the linear function. The
above-mentioned parameters are known as the conclusion or consequent
parameters.

Layer 5: This layer, referred to as the summation layer, determines the
actual output of ANFIS by aggregating the signals received from the
defuzzification layer. This layer consists of only one node, and its output
is calculated as follows:

4 .
O5,1=yzzwy 2174 i 7)
i=1 sz

2.2 Genetic Algorithm (GA)

GA was initially introduced by Holland [25] to gain insight into the
process of evolution in natural systems, inspired by Darwin’s theory of
natural selection. Subsequently, Goldberg and Holland [26] adapted it for
applications in optimization and machine learning. As one of the most
widely recognized population-based artificial intelligence methods, the
GA is designed to find approximate solutions to complex optimization
problems, particularly when exact solutions are computationally
expensive or infeasible to obtain.

The GA begins by randomly generating an initial population within
the solution space, where each individual in the population represents a
potential solution to the problem. The algorithm then iteratively evolves
this population through processes inspired by biological evolution,
including selection, mutation, and crossover, to enhance the quality of the
solutions over successive generations [27, 28]. These operations allow the
GA to explore the solution space efficiently and converge towards the best
possible solutions.

At each iteration, the individuals in the population are assessed using
a fitness function, which measures their quality or how well they solve the
optimization problem. Selection mechanisms then determine which
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individuals will be used to create the next generation. These selected
individuals are combined and modified through crossover and mutation
to produce new candidate solutions, with the goal of enhancing the
population’s overall fitness.

The pseudocode for the GA algorithm, which outlines its step-by-step
procedure, is provided in Table 1.

Table 1
Pseudocode for GA

Set the GA parameters: mutation probability (MP), crossover probability (CR),
selection rate (SR), particle size (npop), and define the stopping criterion such
as maximum iteration or minimum error.

Create the initial population.

Assess the fitness of each individual in the population

do
Choose the top-performing individuals to be utilized by genetic operators.
Create new individuals by applying the crossover and mutation operators.
Assess the fitness of newly generated individuals.

Substitute the best newly generated individuals for the worst-performing
individuals in the population.

while stopping criterion is not satisfied

2.3 Particle swarm optimization (PSO)

PSO was first proposed by Kennedy and Eberhart [29] and later
refined by Eberhart and Kennedy [30]. It is an optimization technique
inspired by biological systems, specifically drawing principles from the
group interaction observed in bird flocking and fish schooling. The PSO is
a population-based and self-adaptive artificial intelligence optimization
method. Each particle in the population maintains its own personal best
position (pbest) and is aware of the global best position (gbest), which
represents the unique best position discovered by all particles in the
swarm. In each iteration, they update their velocities and positions
considering this knowledge.

The velocity and the updated position of every individual at iteration
g+1, are given by the following formulas:

vf’” =wof +cr,(pbest® —x¥)+c,r,(gbest® —x¥) (8)

x$ = x84 08 9)
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Here, v$ represents the velocity of individual i at iteration g, w
denotes the inertia weight, while ¢, and c, are the acceleration coefficients,
r, and r, are randomized values uniformly distributed between 0 and 1,
x¢ refers to the position of individual i at iteration g, pbest! is the best
position of individual i up to the iteration g, gbest® is the best position of
the group until iteration g[27, 28]. The pseudo-code for the PSO algorithm
can be found in Table 2.

Table 2
Pseudo-code of the PSO algorithm

Set the PSO parameters: inertia weight (w), acceleration coefficients (c, and c,),
particle size (npop), and define the stopping criterion.

Generate the initial population
do
for each individual in the population
Evaluate fitness score
If the current fitness score exceeds the previous personal best (pbest)
Update the pbest with the current value
end
end
Identify the individual with the highest fitness as the global best (gbest).
for every individual in the population
Compute the velocity based on Equation (8)
Adjust the position using Equation (9)
end

while stopping criterion is not satisfied

3. Training of ANFIS using GA and PSO

The training process of ANFIS is crucial for achieving effective results
with the model. Training of ANFIS means finding out the premise and
consequent parameters within its structure via an optimization algorithm.
These parameters must be determined to minimize errors, which represent
the disparity between the output (prediction) obtained from the network
and the actual output of the system. In the first ANFIS model by Jang [10],
a derivative-based hybrid learning algorithm used Gradient Descent (GD)
method for determining the premise parameters and Least Square
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Estimation (LSE) method to detect the consequence parameters, which
was suggested as a training algorithm. Indeed, there is a possibility of
encountering local optima when using derivative-based optimization
algorithms like Gradient Descent (GD) and Least Squares Estimation
(LSE) to determine unknown parameters. This risk arises due to the initial
value problem associated with these algorithms. So, metaheuristic
methods, such as GA, PSO, DE, ABC, etc., have recently been widely used
to enhance the effectiveness of ANFIS learning. In this study, GA and PSO
algorithms are considered in the training of ANFIS due to the advantages
such as ease of use, high convergence speeds, and effective results.
Premise parameters expressed by ¢, and o, belong to the Gaussian
membership functions in the fuzzification layer. Consequent parameters
denoted by af),aj, and a; are those used in the defuzzification layer. The
number of premise parameters equals the sum of the parameters in all
membership functions. For example, there will be eight premise parameters
in total if it is assumed that the gauss membership function is used in the
ANFIS structure in Figure 1. There are also 12 consequent parameters in
total because each rule has three parameters. Consequently, this structure
in Figure 1 has 20 parameters that need to be optimized by GA or PSO.
The method proposed in this study is applied to switching regression
analysis. The objective is to minimize the discrepancies between the actual
output values and the predicted output values obtained from ANFIS.
Therefore, the optimal model is developed by adjusting the ANFIS
parameters using the GA and PSO algorithms to minimize the Mean
Squared Error (MSE) value. The MSE value is calculated as follows:

M=

(v, =9,F
MSE=——— (10)
n
Here, y, are the actual output values, ¥, are prediction output values

by ANFIS and n represents the sample size.

4. Numerical Example

In this section, the data set sourced from the study conducted by
Dalkilig, Kula [7] is used to show the performance of the proposed trained-
ANFIS methods for switching regression. This data set, which has three
independent variables, and one dependent variable, is presented in Table
3. They generated the values of the data set from the normal distribution
such that X, ~N (u=20,0°=9), X,~N (u=50,0>=144) X,~N



SWITCHING REGRESSION ANALYSIS FOR DATA WITH OUTLIER 497

(u=32, 6> =169) and dependent variable values Y depend on these
variables. Furthermore, an outlier was added to the data by replacing the
15th observation of the dependent variable with y,. +50. They also gave
the regression models, and predictions for this data set in comparison
with ANFIS, LSM, and some robust regression methods: Huber, Hampel,
Tukey, and Andrews, and concluded that ANFIS was the best among
them.

Table 3
Data set

Z
o

x, X, X, y No x, X, X, y
21.8101 [ 50.5397 | 49.8319 | 125.4057 | 16 |25.2815 |50.2143 | 54.2714 | 128.9194
19.8248 |78.9993 | 35.1925 | 137.4526 | 17 |20.2663 | 30.6749 | 40.9755 | 60.9541
16.6740|46.2813 | 33.5450 | 97.0719 | 18 |27.7867 | 64.8650 | 33.4679 | 130.0444
26.4327152.2510|37.0010 | 116.3851 | 19 |17.9736 | 58.2030 | 17.8756 | 87.9184
15.9415|61.3724 | 31.0880 | 107.0015| 20 |28.3604 |40.6314 |11.7420 | 78.4568
21.3711|43.6916 | 24.4820 | 92.0224 | 21 |19.9495 | 56.3718 | 40.2863 | 116.6304
21.1735(36.6127|38.1010 | 100.600 | 22 |20.8150 | 75.6140 | 26.7405 | 118.1328
26.2190|30.8922 | 48.8959 | 90.8950 | 23 |17.2577 | 54.2523 | 26.7568 | 103.9698
19.0300 | 64.0981 | 53.2524 | 136.546 | 24 |14.1459|52.7804 | 33.0930 | 101.7193
24.4044 |1 55.8217 | 22.8635 | 104.741 | 25 |19.0477 | 65.4558 | 26.3405 | 113.7832
18.4928 | 69.7458 | 42.4943 | 133.625 | 26 |21.7650|49.8381 | 24.6859 | 93.9008
20.6288 | 44.5492 | 18.6431 | 83.1755 | 27 |22.4870|33.9999 | 43.4148 | 101.4928
22.2644|62.1052 | 48.8284 | 134.887 | 28 |14.9754 |43.3230|21.4096 | 85.7995
17.1554|74.5928 | 32.1941 | 126.0083 | 29 |14.2331|59.0672 | 28.6413|105.1197
21.8395 | 57.2242 | 34.8432 | 166.4707 | 30 |18.6900 |39.0578 | 38.4129 | 99.1197

ORI [(N|UT [ |W|N |~

—
(=]

Jury
-

Juy
N

-
@»

p—
I

Juny
[6) ]

x,,x, and x, given in Table 3 are taken as inputs of the proposed
ANFIS structures. Gaussian membership functions are used to achieve
fuzzy clusters from the values of inputs. The number of fuzzy classes for
each cluster and the number of fuzzy inference rules are determined as 8.
Thus, in this study, a total of 72 parameters, consisting of 48 premises and
24 consequences parameters, are optimized by GA or PSO.

By the GA-trained ANFIS and the PSO-trained ANFIS, regression
models and predictions for this data set are achieved separately. The
proposed algorithms: GA-trained ANFIS and PSO-trained ANFIS are
implemented using a program written in MATLAB. In GA and PSO,
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Table 4
Parameter values for the GA and PSO algorithms
Algorithm Parameters
GA MP=0.7, CR=0.4, SR=0.15, npop = 50 and Maxit =1000
PSO w=1,c, =1and c, =2, npop =50 and Maxit =1000

search spaces are selected as [-25,25] for all unknown parameters, and
unique parameter values of the algorithms are determined based on
previous studies in the literature and trials, as shown in Table 4.

Models obtained via GA-trained ANFIS and PSO-trained ANFIS
structures are given in Equation (11) and Equation (12), respectively.

b, =
v,
2
94 =
U=
Ys =
v, =
Ys =

and

232.4729+12.9824x, + 27.4832x, —23.5151x,

—242.7042 + 24.8479x, +29.7926x, +23.5151x,

196.1690 — 26.0893x, — 26.4049x, +20.7355x,

~73.0630 +11.7479x, +1.1341x, —2.4368x, (11)
~262.0264 — 26.0893x, +11.3735x, + 20.1876x
~13.5312 + 1.0436x, +1.2434x, + 0.9406x,
264.2421-6.1209x, +2.0338x, - 9.2491x,
264.2421+1.1880x, +17.0850x, +18.3293x,

3

§, = —4.4102 +1.1949x, +1.9069x, +1.1666x,

71, =3.8587 + 0.8839x, +0.8910x, +1.1436x,

7, =—6.8429+1.4008x, +0.8054x, +1.3781x,

7, =16.3552+0.7971x, +1.3477x, + 0.0925x, (12)
7, =—14.1715+1.0913x, - 0.1439x, - 3.0761x,

7, =16.7945-0.0615x, +1.2261x, +0.7718x,

71, =—11.5324+1.0576x, +1.7858x, +0.7697x,

7, =—11.7834+0.9884x, +1.2259x, +0.3680x,

The weights of the observation obtained from the network belonging
to the models in Equation (11), and Equation (12) are given in Table 5 and
6, respectively. These weights, also called membership degrees of

observation
model.

, represent the effects of the observations on more than one
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Table 5
The degree of membership of the observation to each model in Equation (11)
No w' w w’ w w’ w® w’ w®
1 0.9939 | 0.9984 | 0.9513 | 0.3663 | 0.1264 | 0.3446 | 0.9253 | 0.9737
2 0.9854 | 0.9992 | 0.9920 | 0.2162 | 0.1477 | 0.2998 | 0.9070 | 0.9637
3 0.9943 | 0.9984 | 0.9427 | 0.4950 | 0.1854 | 0.4953 | 0.9204 | 0.9766
4 0.9938 | 0.9982 | 0.9541 | 0.2730 | 0.0866 | 0.2364 | 0.9290 | 0.9717
5 0.9906 | 0.9989 | 0.9722 | 0.3850 | 0.1955 | 0.4598 | 0.9112 | 0.9716
6 0.9953 | 0.9981 | 0.9360 | 0.4189 | 0.1307 | 0.3716 | 0.9283 | 0.9761
7 0.9965 | 0.9979 | 0.9180 | 0.4676 | 0.1326 | 0.3909 | 0.9317 | 0.9783
8 0.9977 | 0.9974 | 0.9012 | 0.3780 | 0.0879 | 0.2702 | 0.9398 | 0.9783
9 0.9901 | 0.9989 | 0.9759 | 0.3207 | 0.1566 | 0.3722 | 0.9143 | 0.9698
10 0.9928 | 0.9984 | 0.9614 | 0.2888 | 0.1027 | 0.2718 | 0.9253 | 0.9712
11 0.9884 | 0.9991 | 0.9834 | 0.2890 | 0.1630 | 0.3637 | 0.9104 | 0.9678
12 0.9950 | 0.9982 | 0.9382 | 0.4287 | 0.1384 | 0.3895 | 0.9269 | 0.9760
13 0.9910 | 0.9987 | 0.9724 | 0.2863 | 0.1221 | 0.3033 | 0.9196 | 0.9696
14 0.9867 | 0.9992 | 0.9888 | 0.2715 | 0.1797 | 0.3740 | 0.9057 | 0.9662
15 0.9923 | 0.9986 | 0.9643 | 0.3232 | 0.1262 | 0.3266 | 0.9217 | 0.9715
16 0.9942 | 0.9982 | 0.9501 | 0.3037 | 0.0954 | 0.2642 | 0.9291 | 0.9728
17 0.9973 | 0.9977 | 0.9015 | 0.5251 | 0.1420 | 0.4260 | 0.9334 | 0.9802
18 0.9905 | 0.9985 | 0.9756 | 0.1945 | 0.0772 | 0.1885 | 0.9232 | 0.9668
19 0.9916 | 0.9988 | 0.9666 | 0.3793 | 0.1691 | 0.4196 | 0.9161 | 0.9722
20 0.9963 | 0.9977 | 0.9273 | 0.2904 | 0.0731 | 0.2147 | 0.9366 | 0.9748
21 0.9923 | 0.9986 | 0.9631 | 0.3604 | 0.1460 | 0.3752 | 0.9198 | 0.9723
22 0.9867 | 0.9991 | 0.9891 | 0.2252 | 0.1370 | 0.2920 | 0.9102 | 0.9648
23 0.9926 | 0.9987 | 0.9595 | 0.4213 | 0.1780 | 0.4525 | 0.9171 | 0.9738
24 0.9926 | 0.9987 | 0.9570 | 0.4840 | 0.2208 | 0.5434 | 0.9127 | 0.9751
25 0.9897 | 0.9989 | 0.9778 | 0.3111 | 0.1564 | 0.3669 | 0.9136 | 0.9693
26 0.9940 | 0.9983 | 0.9499 | 0.3716 | 0.1269 | 0.3474 | 0.9256 | 0.9740
27 0.9970 | 0.9977 | 0.9107 | 0.4519 | 0.1196 | 0.3594 | 0.9346 | 0.9786
28 0.9947 | 0.9983 | 0.9360 | 0.5512 | 0.2085 | 0.5541 | 0.9191 | 0.9780
29 0.9910 | 0.9989 | 0.9686 | 0.4279 | 0.2197 | 0.5141 | 0.9095 | 0.9729
30 0.9959 | 0.9981 | 0.9248 | 0.5079 | 0.1601 | 0.4564 | 0.9271 | 0.9783
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Table 6

The degree of membership of the observation to each model in Equation (12)

No w' w’ w’ w' w’ w’ w w®
1 0.4481 | 0.3710 | 0.4047 | 0.3148 | 0.7208 | 0.6084 | 0.3204 | 0.3153
2 0.2664 | 0.1478 | 0.3077 | 0.3356 | 0.5615 | 0.5563 | 0.3929 | 0.1882
3 0.5810 | 0.4855 | 0.5674 | 0.5160 | 0.8015 | 0.7589 | 0.5242 | 0.4527
4 0.3488 | 0.2945 | 0.2826 | 0.1805 | 0.6521 | 0.4755 | 0.1828 | 0.2222
5 0.4589 | 0.3216 | 0.4937 | 0.5159 | 0.7173 | 0.7344 | 0.5553 | 0.3581
6 0.5051 | 0.4465 | 0.4460 | 0.3370 | 0.7606 | 0.6309 | 0.3361 | 0.3599
7 0.5555 | 0.5211 | 0.4795 | 0.3501 | 0.7935 | 0.6402 | 0.3434 | 0.3977
8 0.4632 | 0.4720 | 0.3468 | 0.1963 | 0.7411 | 0.4930 | 0.1883 | 0.2978
9 0.3904 | 0.2691 | 0.4060 | 0.3926 | 0.6705 | 0.6452 | 0.4250 | 0.2867
10 0.3636 | 0.2896 | 0.3176 | 0.2298 | 0.6600 | 0.5244 | 0.2370 | 0.2414
11 0.3519 | 0.2233 | 0.3855 | 0.4007 | 0.6376 | 0.6345 | 0.4465 | 0.2591
12 0.5149 | 0.4491 | 0.4637 | 0.3628 | 0.7658 | 0.6513 | 0.3634 | 0.3722
13 0.3563 | 0.2581 | 0.3414 | 0.2860 | 0.6490 | 0.5660 | 0.3045 | 0.2459
14 0.3285 | 0.1922 | 0.3833 | 0.4376 | 0.6150 | 0.6423 | 0.5023 | 0.2461
15 0.3989 | 0.3062 | 0.3740 | 0.3059 | 0.6831 | 0.5921 | 0.3192 | 0.2791
16 0.3827 | 0.3270 | 0.3167 | 0.2107 | 0.6778 | 0.5106 | 0.2124 | 0.2503
17 0.6114 | 0.5951 | 0.5288 | 0.3881 | 0.8263 | 0.6640 | 0.3773 | 0.4454
18 0.2553 | 0.1868 | 0.2153 | 0.1425 | 0.5670 | 0.4128 | 0.1517 | 0.1558
19 0.4561 | 0.3367 | 0.4650 | 0.4432 | 0.7189 | 0.6944 | 0.4685 | 0.3439
20 0.3713 | 0.3579 | 0.2692 | 0.1439 | 0.6758 | 0.4348 | 0.1400 | 0.2276
21 0.4381 | 0.3351 | 0.4255 | 0.3724 | 0.7095 | 0.6467 | 0.3889 | 0.3186
22 0.2793 | 0.1648 | 0.3067 | 0.3105 | 0.5760 | 0.5494 | 0.3555 | 0.1946
23 0.5020 | 0.3867 | 0.5061 | 0.4786 | 0.7503 | 0.7254 | 0.4989 | 0.3851
24 0.5662 | 0.4357 | 0.5927 | 0.6077 | 0.7879 | 0.8076 | 0.6344 | 0.4597
25 0.3791 | 0.2566 | 0.3980 | 0.3894 | 0.6614 | 0.6393 | 0.4242 | 0.2778
26 0.4540 | 0.3786 | 0.4090 | 0.3171 | 0.7251 | 0.6109 | 0.3220 | 0.3199
27 0.5393 | 0.5213 | 0.4483 | 0.3058 | 0.7855 | 0.6016 | 0.2975 | 0.3759
28 0.6380 | 0.5431 | 0.6308 | 0.5918 | 0.8336 | 0.8070 | 0.5984 | 0.5131
29 0.5046 | 0.3607 | 0.5477 | 0.5891 | 0.7469 | 0.7841 | 0.6302 | 0.4069
30 0.5957 | 0.5385 | 0.5453 | 0.4431 | 0.8143 | 0.7109 | 0.4395 | 0.4478
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Table 7
Comparison results of for ANFIS, GA-trained ANFIS and PSO-trained ANFIS
trgi;d GA- trPa?r(l)e-d PSO-

No ANFIS ANFIS ANFIS trained ANFIS trained
Predictions| Residuals Predic- ANFIS Predic- ANFIS

tions Residuals tions Residuals
1 143.0816 | -17.6759 118.9459 6.4598 125.4191 | -0.0134
2 145.278 -7.8254 138.4881 | -1.0355 | 137.4454 0.0072
3 98.6598 -1.5879 93.1207 3.9512 97.0742 -0.0023
4 127.9457 | -11.5606 115.1861 1.1990 116.3741 0.0110
5 109.26754 | -2.26604 108.5475 | -1.5460 | 107.9977 | -0.9962
6 90.9193 1.1031 85.4363 6.5861 89.6803 2.3421
7 108.2847 -7.6847 99.0900 1.5100 100.4708 0.1292
8 119.8321 -28.9371 89.8000 1.0950 90.8192 0.0758
9 133.7845 2.7615 136.0170 0.5290 136.6069 | -0.0609
10 110.9347 -6.1937 102.4591 2.2819 104.7126 0.0284
11 134.6763 -1.0513 130.2349 3.3901 133.7941 | -0.1691
12 81.9083 1.2672 79.8267 3.3488 83.1070 0.0685
13 148.258 -13.3710 133.7292 1.1578 134.8800 0.0070
14 130.3885 -4.3802 127.3917 | -1.3834 | 126.0470 | -0.0387
15 176.6868 | -10.2161 161.3711 5.0996 166.4929 | -0.0222
16 158.6018 | -29.6824 126.2937 2.6257 128.9255 | -0.0061
17 70.2880 -9.3339 78.5075 | -17.5534 | 60.9505 0.0036
18 141.4112 | -11.3668 127.4083 2.6361 130.0507 | -0.0063
19 93.0661 -5.1477 94.5057 -6.5873 89.8522 -1.9338
20 67.4576 10.9992 67.2022 11.2546 78.5576 -0.1008
21 124.3031 -7.6727 126.8776 | -10.2472 | 116.6369 | -0.0065
22 129.6829 | -11.5501 127.3390 | -9.2062 | 120.0854 | -1.9526
23 107.2308 -3.2610 99.8413 4.1285 103.8315 0.1383
24 101.6517 0.0676 97.2942 4.4251 101.8252 | -0.1059
25 121.7088 -7.9256 113.6494 0.1338 108.8576 4.9256
26 96.8150 -2.9142 97.2723 -3.3715 95.9536 -2.0528
27 117.8637 | -16.3709 91.2149 10.2779 | 101.4816 0.0112
28 84.9727 0.8268 75.0824 10.7171 85.7034 0.0961
29 106.4569 -1.3372 101.5546 3.5651 105.1321 | -0.0124
30 104.2006 -5.0809 94.1036 5.0161 99.5886 -0.4689
MSE 119.3650 38.4903 1.4279
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The predictions and residual results for considered data obtained
using the PSO-trained ANFIS and GA-trained ANFIS are demonstrated in
Table 7. For comparison, the results for ANFIS reported by Dalkilig, Kula
[7] are quoted. It is clear from Table 7 that GA and PSO-trained ANFIS
methods provide much better prediction results than the standard ANFIS
method concerning the MSE criterion. In particular, PSO-trained ANFIS
displays a superior performance with prediction values very close to real
values and the smallest MSE value. Dalkili¢, Kula [7] showed that ANFIS
is better than LSE and some robust regression methods: Huber, Hampel,
Tukey, and Andrews in their study. Consequently, it can be concluded that
the PSO-trained ANFIS is the most effective and robust method compared
to all the other methods. Furthermore, the graphs of the dependent
variables and the residuals” actual and predicted values separately for the
GA-trained ANFIS and the PSO-trained ANFIS are shown in Figure 2 and
3. These graphs also support the above results. Therefore, using PSO-
trained ANFIS for such cases with outliers can be highly recommended.

T T T T

—— Actusl values
160 —— Predicted values by GAdrained ANFIS

Sample Index
@

0 5 10 15 2 % 30
Sample Index

®
Figure 2

Actual and predicted values of dependent variable by GA-trained ANFIS (a)
and PSO-trained ANFIS (b)
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Figure 3
Residuals by GA-trained ANFIS (a) and PSO-trained ANFIS (b)

5. Conclusion

In this study, the switching regression analysis utilized in the cases
where data are collected from different and mixed classes is considered by
ANFIS. Successful results with ANFIS depend on its training, which
means determining the premise and consequence parameters in its
structure through an optimization algorithm. Thus, we proposed using
GA and PSO algorithms to train the ANFIS to establish the switching
regression analysis. A numerical example is analyzed to show the
performance of the proposed GA-trained ANFIS and PSO-trained ANFIS
structures on switching regression analysis in the dependent variable
with an outlier. The results show that GA-trained ANFIS and PSO-trained
ANFIS structures provide more accurate predictions with small MSE
values than standard ANFIS. The PSO-trained ANFIS structure gives the
best predictions with the smallest MSE among them. Moreover, the
proposed algorithms are robust since they are not affected by outliers in
the dependent variable. Therefore, it can be said that proposed trained
ANFIS structures, particularly PSO-trained ANFIS, are effective and
satisfactory in establishing the switching regression analysis for the data
with an outlier.

In future work, further investigation can be carried out to explore the
potential of hybridizing other optimization techniques with ANFIS for
more specialized tasks. Additionally, the performance of these models can
be assessed on larger datasets and in different domains, such as time series
forecasting or classification problems, to evaluate their generalizability
and robustness.
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