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Abstract. The problem of Neo-Fuzzy Neural Network structure optimization is considered in this paper. For its solution 
Group Method of Data Handling (GMDH) is suggested and the algorithm of structure optimization is described.. The 
experimental investigations were carried out and their results accuracy of forecasting by optimally constructed Neo-
Fuzzy Neural Network and network with multilayer feedforward architecture are presented and compared. Also a 
classification problem was solved and results are given in this paper to show that proposed self-organized architecture 
is capable to perform classification as well as forecasting. 
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1 Introduction 
 

Last years the problem of stock prices and market indexes forecasting is of great importance. For its solution various 
approaches were applied. The most prospective methods of forecasting at markets are neural networks, especially a 
fuzzy neural networks and the GMDH. Earlier it was proved that neural networks are universal approximators and have 
some remarkable properties, such as parallel processing of information, ability to work with incomplete noisy input 
data, and learning possibilities to achieve the desired response (output). 

The GMDH, from the other side, uses the principle of self-organization that allows to construct an optimal structure of 
the forecasting model during the algorithm operation. It’s very promising to combine advantages of these both 
approaches for the solution of the problem – constructing an efficient model for the financial markets forecasting. 

The goal of the present work is a synthesis of the Neo-Fuzzy Neural Network using the GMDH and its application for 
financial processes forecasting at stock markets. Experimental investigations of the efficiency of the proposed approach 
and its comparison with application of Neo-Fuzzy Neural Network with constant architecture are also the goal of this 
paper. 

 

Artificial neural networks, neo-fuzzy neuron, group 
method of data handling, structure optimization, stock 
prices forecasting. 
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2 The neo-fuzzy neuron 
 

The architecture of the neo-fuzzy neuron (NFN) was proposed by Takeshi Yamakawa and co-authors in [1-3]. The 
authors of the NFN admit among its most important advantages, the high rate of learning, computational simplicity, the 
possibility of finding the global minimum of the learning criterion in real time and also that it is characterized by fuzzy 
linguistic “if-then” rules. The neo-fuzzy neuron is a nonlinear multi-input single-output system shown in Fig.1. 

ŷ

 

It realizes the following mapping: 
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where ix  is the i-th input (i = 1,2,…,n), ŷ is a system output. Structural blocks of neo-fuzzy neuron are nonlinear 

synapses NSi which perform transformation of i-th input signal in the from 
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and realize fuzzy inference 

IF ix  IS jix  THEN THE OUTPUT IS jiw  

where jix  is a fuzzy set which membership function is jiµ , jiw  is a singleton (synaptic weight) in consequent [2]. As 

it can be readily seen nonlinear synapse in fact realizes Takagi-Sugeno fuzzy inference of zero order. 

Conventionally the membership functions )( iji xµ  in the antecedent are complementary triangular functions as shown 

in Fig. 2. 

Fig. 1. The neo-fuzzy neuron. 
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For preliminary normalized input variables ix  (usually 10 ≤≤ ix ), membership functions can be expressed in the form: 
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where jic  are arbitrarily selected centers of corresponding membership functions. Usually they are equally spaced on 

interval [0, 1]. This contributes to simplify the fuzzy inference process. That is, an input signal ix  activates only two 

neighboring membership functions simultaneously and the sum of the grades of these two membership functions equals 
to unity (Ruspini partitioning), i.e. 

 
.1)()( ,1 =+ + iijiji xx µµ
 

(2) 

Thus, the fuzzy inference result produced by the Center-of-Gravity defuzzification method can be given in the very 
simple form 

).()()( ,1,1 iijijijijiii xwxwxf +++= µµ  

By summing up )( ii xf , the output ŷ  of Eq. (1) is produced. 

It should be noticed that triangular activation functions provide only piecewise-linear approximation and this fact can in 
most of the cases can lead to decreasing of the received results accuracy. To minimize its negative effect we can 
increase number of membership functions. But it results in increasing of synaptic weight coefficients quantity and 
therefore complexity of our architecture is rising as well as time required for its learning. 

To avoid this disadvantage we propose to use the cubic-spline membership functions (3) that can be written down in the 
following form: 

Fig. 2. The triangular membership functions. 
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and shown in the Fig. 3. 

 

The cubic-spline activation functions (3) satisfy all requirements of the Ruspini partitioning (2) and it is considerably 
contributes to simplify the fuzzy inference process. On the other hand, usage of the cubic spline activation functions 
provides smooth polynomial approximation instead of piecewise-linear approximation and makes possible to perform a 
high quality modeling of significantly nonlinear nonstationary signals and processes. 

When a vector signal T
n kxkxkxkx ))(),...,(),(()( 21=  (here ,...2,1=k  is a discrete time) is fed to the input of the neo-

fuzzy neuron, the output of this neuron is determined by both the membership functions ))(( kxijiµ  and tunable 

synaptic weights )1( −kw ji , which have been obtained at the previous training epoch: 
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and thereby neo-fuzzy neuron contains h*n synaptic weights which should be determined. 

 

3 The neo-fuzzy neuron learning algorithm 
 

The learning criterion (goal function) is the standard local quadratic error function: 
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It is minimized via the conventional gradient stepwise algorithm. And as a result the following weight update procedure 
is obtained: 
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Fig. 3. Cubic-spline activation functions. 
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where )(ky  is the target value of the output, η  is the scalar learning rate parameter which determines the speed of 

convergence and is chosen empirically. 

For the purpose of increasing training speed [4, 5] Kaczmarz-Widrow-Hoff optimal one-step algorithm [6-8] can be 
used in the following form 
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and its exponentially weighted modification 
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which possesses both smoothing and filtering properties. 

In case we have priori defined data set training process can be performed in a batch mode for one epoch using 
conventional least squares estimation. The neo-fuzzy neuron can be used as an elementary node of the architecture 
called the Neo-Fuzzy Neural Network. 

 

4 The Neo-Fuzzy Neural Network and its architecture optimization using the 
Group Method of Data Handling. 

 

The Neo-Fuzzy Neural Network is a multilayer feedforward architecture that consists of neo-fuzzy neurons. 3-layers 
Neo-Fuzzy Neural Network [9] with n inputs and m outputs is shown of Fig. 4. 

 

Given architecture is completely coincide with the structure of the 3-layer perceptron, except that the neo-fuzzy neurons 
are used here as an elementary nodes instead of Rosenblatt perceptrons. Therefore, for the adjustment of the weight 
coefficients of such architecture it is necessary to use backpropagation algorithms. As it generally known, such 
algorithms are quite complex from the computational point of view and they operate slowly. 

Fig. 4. The Neo-Fuzzy Neural Network. 

IWIM 2009, Sep. 14-19th, Krynica, Poland

81



If we use neo-fuzzy neurons that have only two inputs, the GMDH can be applied for the synthesis of the Neo-Fuzzy 
Neural Network with optimal architecture. 

The main idea of the GMDH algorithm lay in successive synthesis of the neuron layers until the external criterion 
begins to increase. Algorithm description [10-14]: 

1) Form pairs from the neo-fuzzy neuron outputs of the current layer (at the first iteration we use the set of input 
signals). Each pair is fed to the corresponding neo-fuzzy neuron. 

2) Using the learning subsample adjust synaptic weight coefficient of each neo-fuzzy neuron. 

3) Using the test subsample calculate the value of the external criterion (regularity) for each neo-fuzzy neuron: 
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(4) 

where nepN  is a size of the test subsample, s is the layer number, p is a neuron number in the current layer sn,1=p , 

)(ˆ ][ iy s
p  is the p-th neuron of the s-th layer response signal for the i-th input vector. 

4)  Find the minimal value of the external criteria for all neo-fuzzy neurons of the current layer 

][][ min s
p

p
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Check the condition 

 
]1[][ −> ss εε
 

(5) 

where ]1[][ , −ss εε are the criterion values for the best neurons of the and s-th and (s-1)-th layers correspondingly. If the 
condition (5) is true then return to the previous layer and find the best neuron that has minimal value of the criterion (4). 
Otherwise, select F best neurons according to the criterion (4) value and go to the step 1 to construct the next layer of 
neurons. 

5) Determine the final structure of the network. Moving backward from the best neuron of the (m-1)-th layer 
along the input connections and passing successively all the layers of neurons, preserve in the final structure only such 
neurons that are used in the next layer. 

After the GMDH finishes its functioning it can be said that the final optimal structure of the Neo-Fuzzy Neural Network 
is synthesized. As it can be readily seen we obtain not only optimal structure, but also trained neural network that is 
ready to process new data. One of the most important advantages of GMDH usage for the Neo-Fuzzy architecture 
synthesis is a capability to use simple but very quick learning procedures for the neo-fuzzy neuron weights adjustment 
because network is trained layer-by-layer. 

 

5 The experimental investigations of forecasting with neo-fuzzy neural network 

The experimental investigations of neo-fuzzy neural network in the problem of forecasting were carried out. The goal 
contained in RTS index forecasting on the base of current stock prices of the leading Russian companies. 

Input data: daily stock prices and the value of RTS index in the period from 5 of      February till 5 of May 2009.  

The output is RTS index on the next day.  

Sample size was 100 values. 

Forecast criteria were the following: 

1. mean squared error (MSE); 
2. mean absolute percentage error (MAPE). 

 

Types of experiments for Neo-fuzzy neural network: 

1) Variation of ratio learning/ test samples in the range: 25:75, 50:50, 75:25; 
2) Change the number of layers: 1-3-5; 

IWIM 2009, Sep. 14-19th, Krynica, Poland

82



3) Change the number of iterations: 1000, 10000, 100000; 
4) Variation of a  number of points to be forecasted: 1-3-5; 
5) Change of maximal   error – the condition  of stop: 0.01 та 0.09; 

Some of the obtained experimental results are presented below. 

Experiment type 1. Variation of ratio learning / test sample 

Experiment A) Ratio 75: 25 Flow chart of real and forecasted values are presented on Fig .5. 

 

 

 

Fig.5. Forecasted results under ratio learning / test sample 75:25 

MSE= 0.050158 

Experiment B) ratio 50:50   MSE= 0.053562 

Experiment C) ratio learning/test – 25:75. The results are presented on Fig.6. 

 

 

 

 

Fig.6. Forecasted results under ratio learning / test sample 25:75 

MSE=0.068489 
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Experiment type 2. Variation of layers number 

Comparison of algorithm work when number of layers is varied: 1-3-5-7 while forecast at 1 point under ratio learning 
/ test sample 75:25 

 

Experiment А) layers number – 1 MSE = 0.04662. The results are presented on Fig. 7. 

 

 

Fig. 7. Forecasted results with one layer 

 

Experiment B) layers number- 3, MSE=0.255 

Experiment C) layers number- 5, MSE=0.0446 

Experiment D) layers number- 7, MSE=0.0544 

Experiments type 3. Variation of iterations number: 1000, 10000, 100000 

Experiment B) iterations number – 10000, MSE= 0.0575  

Experiment C) iterations number – 100000, MSE=0.0525 

 

Experiments type 4. Variation of number of forecasted points  

Comparison of algorithm forecasting accuracy when varying a number of forecasted points 1-3-5, using ratio learning 
/ test sample 75:25 

Experiment А) a number of forecasted points – 1 (Fig.8). 
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Fig.8. Forecasted results with one forecasted point 

MSE= 0.0495 

Experiment B) a number of forecasted points – 3, MSE=0.4469 

Experiment C) a number of forecasted points – 5, MSE= 1.0418 

 

Tab 1. Summary table of real and forecasted results 

 

 

Conclusions on  experimental results  

After having carried out the series of experiments with neo-fuzzy neural network of full structure and  of optimal 
structure  constructed by GMDH the following results were obtained which are presented in the table 2: 

Experiment series Experiment type 
Network constructed 

by the GMDH 
Full network 

Variation of ratio learning / 
test sample 

75% : 25% 0.0484 0.0501 

50% : 50% 0.0532 0.0536 

25% :75% 0.0608 0.0684 

Number of layers 

1 0.0628 0.0626 

3 0.0381 0.0544 

5 0.0434 0.0652 

Number of iterations 

1000 0.0588 0.0674 

10000 0.0479 0.0485 

100000 0.0459 0.0482 

Tab.2. Comparison of the Neo-Fuzzy Neural Network with full structure 
and structure constructed by the GMDH. 
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Number of points to be 
forecasted 

1 0.0495 0.0587 

3 0.4469 1.0844 

5 1.0418 1.3901 

Value of maximal error  
( stop threshold) 

0.01 0.0507 0.0881 

0.09 0.0899 0.0898 

 

The best results are highlighted with the grey color. As it can be readily seen the Neo-Fuzzy Neural Network with 
optimal structure constructed by GMDH gives better results than the conventional network with full structure (full 
network). 

This may be explained by the utilization of self-organization mechanism for constructing not full network. But at the 
same time there are some disadvantages of this approach – the rate of convergence is slower in comparison with full 
network. But taking into account the better criterion values this disadvantage may be neglected. 

For better estimation of the suggested approach the forecasting error obtained at the experiments is presented on the 
Fig. 9 and Fig. 10. These are the charts of MAPE obtained by Neo-fuzzy neural network constructed by GMDH.  

 

 

Fig. 9. The curves of error while forecasting  1,3 or 5 points 

As we may see while forecasting  1 point ahead we obtain rather high precision –less than 15%.  In case of increase 
the number of  points forecasted the accuracy drops- the error lies in the range 15-45%. 
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Fig.10. Forecasting error (MAPE) versus number of layers (1,3,5, 7) of neo-fuzzy network 

Analyzing the presented curves we conclude that the Neo-Fuzzy Neural Network has the best results with 3 hidden 
layers- the error is  small and  less than 10%. 

 With  one hidden layer error  is also not high but is not uniformly distributed and may exceed 30%. 

For 5 hidden layers the MAPE increases and may reach 35%. And finally with 7 layers MAPE reaches  60%. Thus the 
maximal precision we obtain with 3 hidden layers .  

 Besides, in process of experimental investigations were found the optimal parameters for algorithms for full and 
constructed by GMDH  neo-fuzzy networks: The ideal ratio of learning and test samples – 75% : 25%. 

� The best number of layers – 3. 

� The best result at 100000. iterations 

� The best result with  1 forecasted point . 

� The best result with  maximal error ( threshold of algorithm stop) – 0.01. 

 

6 Solving of the classification problem using the Neo-Fuzzy Neural Network 
 

We have applied proposed Neo-Fuzzy Neural Network synthesized by the GMDH to solve the ‘breast cancer in 
Wisconsin’ benchmark classification problem. 

Dataset containing 699 points have been used for this purpose (ftp://ftp.cs.wisc.edu/math-prog/cpo-dataset/machine-
learn/cancer/cancer1/datacum). 16 points had parameters with missed values so they have been eliminated from the 
dataset and remaining 683 points have been separated on training set – 478 points (70%) and test set – 205 points 
(30%). 

Each point has 9-dimensional feature vector and 1 class parameter which should be determined and identifies either 
benign or malignant tumor have current examined patient. Features values have been normalized on interval [-1; 1]. 

For comparison the same classification problem was solved using the Neo-Fuzzy Neural Network with full 3-layer 
structure: 10 NFNs in the first layer, 5 in the seconds, and 1 output NFN. Obtained results of classifications can be 
found in table 3. 

When output signal be found within the range [0.3; 0.7] it is lesser probability that classification were correct. We 
quantify and marked out such classified samples as points outside the ‘belief zone’. 
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ANN Architecture 
Accuracy on training set / Points 

outside the ‘belief zone’ 
Accuracy on testing set / Points 

outside the ‘belief zone’ 

Network constructed by the 
GMDH 

99,8% / 1 98% / 4 

Full network 98% / 3 94% / 15 
 

It can be seen that the Neo-Fuzzy Neural Network with architecture synthesized by the GMDH shows quite good results 
of classification and sufficiently exceeds in the classification quality as compared with the full network, especially on 
the testing set. It can be explained by fact, that full network is a more complex model and as generally known, 
complexness of the model leads to generalization loss and therefore classification accuracy decreases. The GMDH 
allows to synthesis the optimal structure that neglects inputs which are not significant. In the Fig. 11 the architecture of 
the Neo-Fuzzy Neural Network constructed by the GMDH is shown. It is considerably simpler, than the full network, 
but in spite of this it allows to achieve higher classification quality. 

 

 

7 Conclusion 
 

The method that allows to synthesize an optimal architecture of the Neo-Fuzzy Neural Network is proposed. It based on 
the Group Method of Data Handling. Theoretical justification and experimental results prove the efficiency of the 
developed approach of the Neo-Fuzzy Neural Network architecture self-organization. 

 

Tab.3. Comparison of the Neo-Fuzzy Neural Network with full structure 
and structure constructed by the GMDH for the ‘breast cancer in Wisconsin’ 

benchmark classification problem. 

Fig. 11. The architecture of the Neo-Fuzzy Neural Network for solving the 
‘breast cancer in Wisconsin’ benchmark classification problem synthesized 

by the GMDH. 
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