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Abstract  
Soft computing is a branch of mathematics and computer sciences, which have received a great deal of attention 

over the last years. The main techniques of soft computing are machine learning (neural networks and support 

vector machines), fuzzy logic, evolutionary computation, and probabilistic reasoning. Each of these techniques 

suggests different aspects of data analysis. In this paper, neural networks and fuzzy logic as statistical tools for 

data analysis are proposed and discussed. Nonlinear regression model based on neural network and fuzzy logic 

is shown. The similarity between backpropagation learning algorithm and the classical method of least squares 

is presented.  
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Introduction 
 

Soft computing is a branch of mathematics and 

computer sciences, which have received a great deal 

of attention over the last years. The term soft 

computing was introduced in (Zadeh, 1994) and it 

means "a collection of methodologies that aim to 

exploit the tolerance for imprecision and uncertainty 

to achieve tractability, robustness, and low solution 

cost". The main components of soft computing are 

fuzzy logic, neural networks, support vector 

machines, evolutionary computation, metaheuristic 

intelligence and probabilistic reasoning. Soft 

computing techniques often combine and complement 

each other. A very interesting architecture is obtained 

when fuzzy logic and neural network are combined. 

The fusion of the fuzzy logic with the neural networks 

allows combining the learning and computational 

ability of neural networks with the human like IF-

THEN thinking and reasoning of fuzzy system. This 

could be compared with the human brain – neural 

network concentrate on the structure of human brain, 

i.e., on the “hardware” whereas fuzzy logic system 

concentrate on “software” (Alava, 2008). Combining 

neural networks and fuzzy systems in one unified 

framework has become popular in the last few years.  

Some of the most known neuro fuzzy networks are 

ANFIS (Jang, 1993) and DENFIS (Kasabov, 2002), 

but the number of such kind of hybrid systems is 

growing continuously. Detail survey of neuro fuzzy 

systems developments for the last ten years was made 

in (Kar, 2014). The huge number of such hybrid neuro 

fuzzy structures and the increased interest in them are 

due to their successful application to many real-world 

problems. Applications can be found in process 

control systems (Terziyska, 2016; Meenakshi, 2016), 

signal processing, pattern recognition, robotics (Jang, 

2009), data mining (Becerra-Gaviño, 2014), big data 

analytics (Eibagi, 2014), business forecasting 

(Atsalakis, 2009; Abbasi, 2008), credit rating analysis 

(Abiyev, 2014), speech processing, quality assurance 

and industrial inspection etc. They are also being used 

in the areas of prediction and classification, where 

different statistical techniques have traditionally been 

used. In this paper, neural networks and fuzzy logic as 

statistical tools for data analysis are viewed. Nonlinear 

regression model based on neural network and fuzzy 

logic, namely Neo-fuzzy neural network, is shown. 

The similarity between backpropagation learning 

algorithm and the classical method of least squares is 

discussed. To investigate the potentials of the Neo-

fuzzy neural network experiments in modeling of 

Mackey-Glass chaotic time series are made. 

Neural networks and Fuzzy logic in Statistics 
 

Neural networks and Fuzzy logic are widely used to 

solve different statistical problems. That is the reason 

these soft computing techniques can be viewed as 

statistical analysis tools. For example, some of the 

most popular statistical methods such as regression, 

clustering and classification can be realized with 

neural networks and fuzzy logic. 

 

Neural Networks 

Artificial neural networks (ANNs) are computing 

structures which imitates the mechanism of the human 

brain.  The human brain consists of a huge number of 

interconnected neurons i.e it represents a gigantic 

network of these neurons. Thus, the neuron is a main 

element in the human brain. Its analogue in ANNs is 

the node. The neuron (node) itself has no storage 

capability, it just transmits signals from one neurons 

to the other. To are able to "memorize" or to store 

information the nodes in ANNs must be trained, 

which is a process of updating of the connections 

between nodes weights. The structure of the node is 

shown in Fig. 1. For simplicity it is considered that the 

node recieves three inputs x1, x2 and x3 with w1, w2 and 

w3 weights respectively. With b is denoted the bias  

 
 

Figure 1. Structure of node with three inputs 
 

and the output of the node y is calculated as weighed 

sum as follow: 

)( 332211 bwxwxwxy        (1) 

where φ(.) is the activation function. Many types of 

activation functions are available, but the sigmoid 

function is usually used in the neural network. 

Depending on how the nodes are connected, a variety 

of neural networks architectures can be created. One 

of the most commonly used neural network types 

employs a layered structure of nodes as shown in Fig. 

2. Such structure is called multilayer feedforward 

network. The group of green square nodes in Fig. 2 is 

called the input layer. The nodes in this layer just 

transmit the input signals to the next nodes. Therefore, 
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they do not calculate the weighted sum and activation 

function. This is the reason that they are indicated by 

squares and distinguished from the other circular 

nodes. The group of the rightmost nodes is called the 

output layer. The layers in between the input and 

output layers are called hidden layers.  

 

 
 

Figure 2. Structure of multilayer feedforward 

network 
 

There were developed many different architectures 

besides the multilayered feedforward network. Radial 

Basis Function (RBF) network have many uses, 

including function approximation, time series 

prediction, classification, and system control. Wavelet 

Neural Networks are used for time series modeling 

and forecasting (Tan, 2009; Ye, 2015). Recurrent 

neural networks (RNN) are class of ANNs which have 

not only feedforward, but also feedback (recurrent) 

loops (local and/or global). These feedbacks play the 

role of "memory" and help the RNN to process 

arbitrary sequences of inputs. This makes them 

applicable to tasks such as handwriting recognition or 

speech recognition. RNNs include Hopfield network, 

Elman network, Jordan network, echo state network 

and e.c. Spiking neural networks (SNNs) are the third 

generation of neural network models, which are used 

for information processing applications in the same 

way as traditional artificial neural networks. In the 

lasts years deep neural networks and deep believe 

networks have being received great attention. They 

have been applied to different fields including audio, 

speech, and image recognition, machine translation, 

bioinformatics and big data analytics. 

The neural networks had already been viewed as 

statistical analysis tools. There are several 

comparative studies between statistics and neural 

networks in the literature (Ripley, 1993; Warner, 

1996; Stern, 1996; Cheng, 1994; An, 2015). 

According to  Sarle (1994), first it is necessary to 

identify differences in the terminology of NNs and 

statistics. A short glossary of terms used in neural 

networks and their statistics analogue is presented in 

(Yapa, 2016). ANNs in the context of statistical 

analysis and as an alternative to conventional multiple 

regression in economic and business research are 

discussed in (Cooper, 1999; Detienne, 2003).  

 

Neural networks and regression 

Regression analysis is a powerful statistical tool  used 

for estimating the relationships among variables. If 

such relationship exists, it is necessary to find a 

function that will describe it sufficiently accurately. 

One relevant question here is whether to use 

regression or neural network model. Both these 

techniques have advantages and disadvantages. For a 

small data set, the simple regression model is good 

enough. When there are nonlinearities and/or big data 

set, ANNs outperform and achieve a better fit and 

forecast than the regression models. Multilayer 

feedforward networks are proven to be universal 

approximators (Hornik, 1999). The same could be 

said for recurrent neural networks (Schäfer, 2006). 

Generally, ANNs are “black box” models and 

therefore the relationships between parameters is 

difficult to interpret. At the same time significance of 

variables and predictive capability can be readily be 

explained by regression models. Comparative study 

of the capabilities of regression and neural networks 

particularly when the dependent variable is skewed is 

shown in (Kumar, 2005). The results show that for 

skewed data regression is much better than neural 

networks. Another comparison between ANNs and 

multivariable logistic regression models for prediction 

of mortality in head trauma (Eftekhar, 2005), give 

significantly advantage to the neural network model. 

In its research (Semaan, 2014) demonstrate that the 

ANN, can improve the accuracy of forecasting 

exchange rates compared to statistical techniques such 

as regression. The results show that the ANN 

outperformed regression in forecasting exchange 

rates. In conclusion, it can be said that a regression 

model can be implemented with any different 

architecture of neural network (feedforward network, 

recurrent network, RBF, etc.). In addition, whether to 

use a neural network or regression model depends on 

the application and problem to solve. However, it is 

clear that the use of neural networks is growing 

compared to regression models.  

 

Neural networks and classification 

Classification is a statistical and machne learning 

technique that aim is to determine the group the data 

belongs. Initially, the classification was implemented 
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using various statistical techniques such as frequency 

and Bayesian procedures. Nowadays, a classifier 

almost necessarily is realized by neural network. If the 

input data are devide into two groups this is binary 

classification while the division to more than two 

groups is multiclass classification. Neural networks 

with different architecture are suitable to implement 

classifier. Single-layer feedforward network cannot 

perform the binary classification when the input data 

are not linearly separable (Demuth, 2014). In this case 

is usefull to realize RBF classifier. Whitout no matter 

what the type of input data is, the best choice to 

implement classifier is to use the deep learning neural 

networks (DNN). DNN has been successfully applied 

to multiple fields such as speech recognition (Hinton, 

2012) and visual recognition (Krizhevsky, 2012; 

Karpathy, 2014). A typical deep learning architecture 

for visual recognition builds upon convolutional 

neural network (CNN) (Wu, 2015). The CNNs is a 

class of DNNs which consists of a neural network that 

extracts features of the input image and another neural 

network that classifies the feature image (Kim, 2017).  

 

Neural networks and cluster analysis 

Cluster Analysis is one of the most useful statistical 

tools whose aim is to classify the investigated objects 

into groups (clusters). The objects in a cluster are 

similar to one another by a certain parameter, while 

the objects of the different clusters are substantially 

different from one another. Cluster analysis is being 

applied in a wide variety of engineering and scientific 

areas. It is used in data mining, in which an analysis 

of large data sets is need to identify similarities within 

subsets of the data. Market researchers are used 

cluster analysis in market segmentation, product 

positioning, new product development and selecting 

test markets. Clustering is also used in image 

compression and in speech recognition. There are a 

number of methods for clustering as one of the most 

popular and used is K-Means (cluster analysis of K-

mean). Lately neural networks also often have been 

used to cluster data. In clustering problems, neural 

networks are usually trained by unsupervised training 

algorithms which means that the networks are used to 

analyze a data set to look for hidden patterns. Most 

suitable for cluster analysis are Kohonen Self-

Organizing Maps (SOM). It is ANN capable of 

mapping high-dimensional data onto a low-

dimensional grid such that similar data elements are 

placed close together. SOMs were able to recognize 

clusters in a dataset where statistical algorithms failed 

to produce meaningful clusters (Ultsch, 1995). 

Different clustering methods based on SOMs are 

presented in (Samsonova, 2006; Liu, 2011; Amin, 

2014). Comparison between clustering algorithms can 

be found in (Abbas, 2008; Mingoti, 2006). SOM 

algorithm shows more accuracy in classifying most of 

the object into their suitable clusters than the other 

algorithms. A common problem for all algorithms is 

the presence of outliers in the data set. The impact of 

these extreme values can be eliminated using robust 

statistic techniques. 

 

Fuzzy Logic 

The term fuzzy logic (classical or type-1) was firstly 

introduced in (Zadeh, 1965) with the proposal of 

fuzzy set theory. The fuzzy systems works on a base 

of IF-THEN rules, which are close to human thinking. 

Their inputs are represented as linguistic variables, 

which are derived from membership functions. The 

membership functions map input elements into a 

membership grade (or membership value) in the fuzzy 

set. This grade can be any real number between 0 and 

1, which is the main defference between fuzzy and 

Boolean logic. Moreover, the membership value is the 

reason to comparison fuzzy logic and probability 

theory. Relationship between probability theory and 

fuzzy logic has been, and continues to be, an object of 

discussion. In the literature, there are many articles 

devoted to this problem (Zadeh, 2002; Kosko, 1990; 

Raina, 2012; Gaines, 1978). 

In the last years Type-2 fuzzy sets received great 

attention. Type-2 fuzzy logic was presented in (Zadeh, 

1975) in response to continuing criticism that Type-1 

fuzzy sets can’t deal with uncertainties. His theory 

was subsequently developed by Karnik and Mendel 

(Karnik, 1998; Karnik, 2000).  Another way to deal 

with vagueness and uncertainties is to use 

Intuitionistic Fuzzy Logic (IFL). IFL is presented in 

(Atanassov, 1999) and can be considered as a 

generalization of Zadeh’s Type-1 fuzzy logic. In IFL 

the uncertainty in describing fuzzy sets is modeled by 

using at the same time the membership function and 

the non-membership function of a set.  

 

Fuzzy logic and regression  

Fuzzy regression analysis was proposed for the fist 

time in (Tanaka, 1982). It is an alternative of the well-

known classical regression analysis, in which some 

elements of the model are represented by fuzzy 

numbers. Fuzzy regression is a nonparametric method 

used to evaluate relationship between dependent and 

independent variables in a fuzzy environment. 

Different fuzzy regression models are duscussed in 

(Shapiro, 2005). To realize fuzzy regression model are 

used mainly Takagi-Sugeno fuzzy inference systems. 
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It is suitable for designing both simple linear 

regressions and a multi-dimensional regression 

model. The fuzzy Takagi-Sugeno model is described 

by fuzzy IF-THEN rules which represents local input-

output relations of a nonlinear system. The main 

feature of this model is to express the local dynamics 

of each fuzzy implication by a linear system model. 

 

Fuzzy logic and clustering  

Fuzzy logic can be used to solve cluster analysis 

problems. Fuzzy clustering is a form of clustering in 

which each data point can belong to more than one 

cluster. It is is widely used in biology, medicine, 

psychology, economics, and many other disciplines. 

One of the best known fuzzy clustering algorithms is 

the Fuzzy C-means clustering algorithm which is 

developed by J. C. Dunn in 1973, and lately improved 

by J. C. Bezdek in 1981. Survey and performance 

analysis of various fuzzy clustering algorithms can be 

found in (Yang, 1993; Xu, 2005; Ali, 2008; 

Sivanandini, 2013; Gosain, 2016). 

 

Fuzzy logic and classification  

Fuzzy classification is the process of grouping 

elements into a fuzzy set whose membership function 

is defined by the truth value of a fuzzy propositional 

function. It is applied in wide scientific areas. Fuzzy 

classification algorithm to predict bankruptcy is 

presented in (Yang, 2008). Fuzzy classification of 

medical data derived from diagnostic devices is 

described in (Byczkowska-Lipińska, 2016). Fuzzy 

classification systems and their applications are 

discussed in (Holeček, 2011). Fuzzy classification can 

be realized by Type-2 fuzzy logic and by Intuitionistic 

fuzzy logic. A review on type-2 fuzzy logic 

applications in clustering, classification and pattern 

recognition is presented in (Melin, 2014). Different 

aspects of Intuitionistic fuzzy classification are 

discussed in (Montero, 2007; Kavitha, 2011; Szmidt, 

2013). 

 

Neo-Fuzzy neural network 
 

Neo-Fuzzy neural network (NFNN) is shortly 

presented in this section. Detailed information about 

it can be found in (Todorov, 2014). This architecture 

is fullfilled in variant with Type-2 fuzzy logic 

(Todorov, 2015) and with Intuitionistic fuzzy logic 

(Terziyska, 2016). Here NFNN is shown as statistical 

tool for nonlinear regression achievement. How to 

perform multivariate regression is explained in 

(Terziyska, 2015). The main advantage of the NFNN 

is its computational simplicity and its possibility to 

handling of uncertain input variations relevant to the 

classical fuzzy-neural systems. The structure of the 

NFNN is shown on Fig. 3. 
 

 
 

Figure 3. Structure of the Neo-Fuzzy neural 

network 
 

NFNN is six-layer multiple input single output 

(MISO) structure that consists a number of simple 

Neo-fuzzy neurons (Uchino, 1994). The first layer of 

the INFN is the input layer. The nodes in this layer 

only accept the input variables and then transmit them 

to the next layer directly. The second layer is the so-

called fuzzification layer, where the degrees of 

membership μA using Gaussian functions are being 

determined as: 

2
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mXp

cx





              (2) 

where xi is the input value, i=1:p is the number of the 

inputs of the NFNN, cij and σij are the center and the 

standard deviation of the Gaussian membership 

functions, j=1:m where m is the number of used 

membership functions. In the third layer, a 

multiplication of the values obtained by the 

fuzzyfication in the previous layer and the weighted 

coefficients of the fuzzy rules is made: 

)(*)()( kwkkf ijijij   

In the fourth layer, a sum is calculated by the 

following expression: 




m

j
jj wkxxf
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))(()(         (3) 

In the fifth layer, a multiplication of the outputs of 

each neo-fuzzy neuron is made with the input signal. 

Afterwards, the output of the proposed NFNN 

structure is calculated in the sixth layer as a sum of the 

outputs of the individual NFN’s: 
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Learning Algorithm of the Neo-Fuzzy neural Network 

As a learning procedure of the NFNN structure a 

simple gradient algorithm (backpropagation), 

minimizing an error cost term between the real and the 

modeled system outputs is employed: 

2
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2kyky
kE


           (5) 

which is the same function as in used Recursive Least 

Squares method (RLS) in regression. In regression 

model the goal is to find values of the parameters that 

minimize the error. In NFNN model the goal is the 

same, but the parameters are called weighted 

coefficients (just different terminology). The 

procedure for determining the parameters/weighted 

coefficients is also the same - the first derivative is 

calculated and then equated to zero. Finally, the 

coefficients are calculated in accordance with: 
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Results 
 

The Mackey-Glass benchmark chaotic time series 

system is chosen to demonstrate the ability of the 

NFNN model.  Mackey-Glass (MG) chaotic time 

series is described by time-delay differential equation: 
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ix

c 


        (7) 

where a=0.2; b=0.1; C=10; initial conditions x(0)=0.1 

and s= 17s. 

Results on model validation by using Mackey-Glass 

chaotic time series are shown on Fig. 4. The learning 

rate η has a fixed value 0.04. As it can be seen, the 

proposed model structure predicts accurately the 

generated time series, with minimum prediction error 

and fast transient response of the RMSE, reaching 

value closer to zero.  

Coefficient of determination R2 is a statistic that gives 

some information about the goodness of fit of a model. 

In regression, R2 is a statistical measure of how well 

the regression line approximates the real data points. 

If the predictions are close to the actual values, it can 

be expect R2 to be close to 1. The coefficient of 

determination R2 for NFNN model is computed. In 

this particular case R2=94.15%, which mean that the  

 

proposed NFNN model has good predictive 

properties. 
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Figure 4. Model validation by using Mackey-

Glass chaotic time series 
 

Conclusions 
 

In this paper, neural networks and fuzzy logic are 

considered as statistical tools for data processing and 

analyzing. It has been shown that they can be used to 

implement statistical procedures such as regression, 

classification, clustering, etc. A brief overview of the 

use of neural networks and fuzzy logic for solving 

different statistical problems is made. Their use in 

regression model building is emphasised. A 

regression model can be implemented with any 

different architecture of neural network (feedforward 

network, recurrent network, RBF, etc.). Neo-fuzzy 

neural network (NFNN) as a regression model is 

discussed. The similarity between NFNN and 

regression model and between backpropagation 

learning algorithm and the Recursive Least Squares 

(RLS) method is presented. It is shown that neural 

network notation is different from that of statistical 

analysis, but the most of the underlying ideas are the 

same. For example, instead of parameter the neural 

network community uses the term-weighted 

coefficient. By simulation in Matlab environment is 

shown that the studied NFNN model predicts 

accurately the generated time series and has good 

predictive properties. 
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