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Abstract: Forecasting the future of mining activity is noted to be the most important purpose of
decision makers. Net income is a particular parameter that plays significant role in gaining the
attention of investors. It is demonstrated that by indicating key parameters affecting on the net income,
prediction of net income will be considerably successful. Thus, the aim of this paper is to use an
artificial intelligence method named generalized regression neural network (GRNN) for prediction of
net income by taking into consideration of discounted cash flow table and six important parameters
namely number of competitor, sales volume, annual cost, supply and demand, tax rate and inflation
rate. Considering the six expressed parameters and Jade mine, Iran as case study, GRNN has shown
appropriate result in the both training and testing step. As a result, GRNN has introduced itself as a
robust method in the wide variety application of regression tasks.
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INTRODUCTION

As the investigation of mining and industrial projects is usually associated with additional cost, making
the optimum decisions will be a crucial task. Based on different decisions in the certain or uncertain situation,
various analytical methods has commonly used. In these methods, with consideration of the economic
investigation techniques, all of the associated costs including investments, production cost and etc have been
evaluated. Since, in the economic investigation, uncertain parameters incorporate in the process of prediction,
estimating the future of those projects can be considered as difficult task (Aven, 2003). Nonetheless, it is
demonstrated that predicting a parameter such net income not only can be helpful in calculation of the related
profit but also can considerably reduce the associated risk of investment. In addition, nowadays, artificial neural
network (ANN) within different capabilities has arrived in the diverse field of science as a robust method for
classification and regression tasks. There are at least two specific reasons for its success namely, first
estimation the non-linear relationship between the inputs and outputs, and second computational efficiency
(Huang et al, 1996). Generalized regression neural network (GRNN) is one of the members of ANN within
a radial network and parallel structure (Artun et al, 2005). GRNN is usually preferred for its less configuration
parameters comparing to the back-propagation network (Borgonovo and Peccati, 2007). As there are a few
published researches works focusing on the prediction of net income, this paper aim to use of GRNN for
predicting the net income value with considering the Jade mine in Khorasan province, Iran as case study.
Moreover, Obtained results of GRNN will compare to that of the multivariate regression method.  

2. Generalized regression neural network:
The General Regression Neural Network (GRNN) is a neural network architecture that can solve any

function approximation problem (Ileana, 2003). It has been proposed by Specht (1991). GRNN is a type of
supervised network and also trains quickly on sparse data sets but, rather than categorising it. GRNN
applications are able to produce continuous valued outputs. GRNN is a three-layer network where there must
be one hidden neuron for each training pattern.
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GRNN is a memory-based network that provides estimates of continuous variables and converges to the
underlying regression surface. GRNNs are based on the estimation of probability density functions, having a
feature of fast training times and can model non linear functions. GRNN is a one-pass learning algorithm with
a highly parallel structure. GRNN algorithm provides smooth transitions from one observed value to another
even with sparse data in a multidimensional measurement space. The algorithmic form can be used for any
regression problem in which an assumption of linearity is not justified. GRNN can be thought as a normalised
Radial Basis Functions (RBF) network in which there is a hidden unit centred at every training case. These
RBF units are usually probability density functions such as the Gaussian. The only weights that need to be
learned are the widths of the RBF units. These widths are called "smoothing parameters". The main drawback
of GRNN is that it suffers badly from the curse of dimensionality. GRNN cannot ignore irrelevant inputs
without major modifications to the basic algorithm. So GRNN is not likely to be the top choice if there are
more than 5 or 6 no redundant inputs. The regression of a dependent variable, Y, on an independent variable,
X, is the computation of the most probable value of Y for each value of X based on a finite number of
possibly noisy measurements of X and the associated values of Y. The variables X and Y are usually vectors.
In order to implement system identification, it is usually necessary to assume some functional form. In the case
of linear regression, for example, the output Y is assumed to be a linear function of the input, and the
unknown parameters, ai, are linear coefficients. The method does not need to assume a specific functional form.
A Euclidean distance (Di2) is estimated between an input vector and the weights, which are then rescaled by
the spreading factor. The radial basis output is then the exponential of the negatively weighted distance. The
GRNN equation can be written as:
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Where, σ is the smoothing factor (SF). 
The estimate Y(X) can be visualised as a weighted average of all of the observed values, Yi, where each

observed value is weighted exponentially according to its Euclidian distance from X. Y(X) is simply the sum
of Gaussian distributions centred at each training sample. However the sum is not limited to being Gaussian.
In this theory, the optimum smoothing factor is determined after several runs according to the mean squared
error of the estimate, which must be kept at minimum. This process is referred to as the training of the
network. If a number of iterations pass with no improvement in the mean squared error, that smoothing factor
is determined as the optimum one for that data set. While applying the network to a new set of data,
increasing the smoothing factor would result in decreasing the range of output values (Specht, 1991). In this
network, there are no training parameters such as the learning rate, momentum, optimum number of neurons
in hidden layer and learning algorithms as in back-propagation network but there is a smoothing factor that
its optimum is gained as try and error. The smoothing factor must be greater than 0 and can usually range
from 0.1 to 1 with good results. The number of neurons in the input layer is the number of inputs in the
proposed problem, and the number of neurons in the output layer corresponds to the number of outputs.
Because GRNN networks evaluate each output independently of the other outputs, GRNN networks may be
more accurate than back-propagation networks when there are multiple outputs. GRNN work by measuring how
far given samples pattern is from patterns in the training set. The output that is predicted by the network is
a proportional amount of all the output in the training set. The proportion is based upon how far the new
pattern is from the given patterns in the training set.

3. Study area:
Jade mine has been located in the state of Khorasan, Iran and has its own production for the nearly 50

years. In this study, we have worked to predict the value of net income by using GRNN approach and 30
years mining activity since the available information is for 30 years. For the determination of those parameters
with considerable effect on the net income, sensitivity analysis has carried out. Sensitivity analysis is a robust
technique in extracting the most important parameters play significant role in diverse economic systems (Slater
et al, 1998; Samis et al, 2006). The results of this analysis are shown in Figure 1 as spider and tornado graph.



Aust. J. Basic & Appl. Sci., 5(6): 1553-1557, 2011

1555

Fig. 1: Obtained results of sensitivity analysis by introducing 6 major parameters affecting on the net income.
Tornado graph (left) and spider graph (right)

As it quite depicted in Figure 1, 6 major parameters are selected based on the results of sensitivity analysis
namely 1) number of competitor, 2) sales volume, 3) annual cost, 4) supply and demand, 5) tax rate, and 6)
inflation rate. Considering the indicated parameters and discounted cash flow table of Jade mine for the 30
years, there was an attempt to use the ability of GRRN approach for prediction of net income. 

4. Implementation of generalized regression neural network:
By taking into consideration of the six parameters and their associated values for thirty years as input and

net income values as output, implementation of GRNN is started. The database was randomly divided into
training and testing subsets to maintain the statistical consistency. In this way, 20 sets of data were used in
training process, and the rest were used for testing of the model. In addition, for increasing the ability of
network during the computation process, all input variables were normalized within the interval of -1 to 1.
Since the most important feature of GRNN is referred to smooth factor (SF), network has been trained with
different SF until optimum value of SF can be determined. At last, SF with a value of 0.17 has determined
as optimum one in this study. Table 1 can show the results of this study beside the correlation coefficient and
RMSE of both training and testing steps. 

Table 1: Correlation coefficient (R) and Root Mean Square Error (RMSE) of the training and testing data set with considering various
smooth factor

Smooth Factor (SF) R (Train) R (Test) RMSE (Train) RMSE(Test)
0.05 0.999 0.840 0.004 0.474
0.07 0.999 0.855 0.021 0.451
0.09 0.998 0.895 0.046 0.401
0.11 0.997 0.931 0.075 0.376
0.13 0.997 0.967 0.107 0.276
0.15 0.996 0.981 0.140 0.231
0.17 0.996 0.996 0.170 0.191
0.19 0.984 0.989 0.198 0.202
0.21 0.974 0.971 0.225 0.210

In order to determine the effect of indicated parameters on the network output, training process has been
done by two, three, five and six input parameters. Obtained result indicted that by incorporating all of the six
parameters, network results are considerably better. Table 2 shows the results of this study.

Table 2: the results of study
Input R (Train) R (Test) RMSE (Train) RMSE (Test)
No. Competitors & Sales volume 0.930 0.917 0.307 0.453
No. Competitors,  Sales volume & Annual cost 0.945 0.926 0.286 0.330
No. Competitors,  Sales volume, 0.978 0.957 0.237 0.276
Annual cost & supply and demand
No. Competitors,  Sales volume, Annual cost, 0.996 0.996 0.170 0.191
Supply and demand, Tax rate & Inflation rate
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Considering the expressed results, GRNN approach has introduced itself as proper method in prediction
of net income. In the next stage, with implementation of multivariate regression method, indicated results have
compared with that of the GRNN method. 

5. Multivariate regression method:
In order to check the accuracy of GRRN prediction, obtained result of this method is compared with that

of the multivariate regression analysis. Thus, firstly, correlation matrix of parameters is made and it can
strongly indicate that net income has a proper correlation with No. of competitors, sales volume, annual cost
and supply and demand. As a result, three linear models have been made based on the consideration of four,
five and six inputs. These models are represented by their associated numbers in the following. 

1- Net income: 0.653 No. Competitors+ 0.231Sales Volume+ 0.230 Product Cost+ 0.102 Supply and
Demand

2- Net income: 0.653 No. Competitors+ 0.231Sales Volume+ 0.230 Product Cost+ 0.102 Supply and
Demand+ 0.004 Tax rate

3- Net income: 0.653 No. Competitors+ 0.231Sales Volume+ 0.230 Product Cost+ 0.102 Supply and
Demand + 0.004 Tax rate +0.003 Inflation rate 

After the introduction of the important parameters by multivariate regression analysis, training and testing
process has been done by keeping similar data included in the training and testing process of GRNN.
Correlation coefficient and RMSE of each model in the testing step have shown in Table 3.  

Table 3: Correlation coefficient and RMSE of different inputs in the testing step
Models Inputs R (Test) RMSE
1 No. Competitors, Sales volume, Annual cost & supply and demand 0.847 0.795
2 No. Competitors, Sales volume, Annual cost, Supply and demand, Tax rate 0.851 0.797
3 No. Competitors, Sales volume, Annual cost, Supply and demand, Tax rate & Inflation rate 0.852 0.799

It can be observed that all of the resulting models have a similar correlation coefficient mostly. Therefore,
there are not any differences between these three models in the testing process as well as there are not any
significant differences between them by consideration of tax rate and inflation rate.

Discussion:
As it discussed in this paper, we have worked to deal with the application of artificial intelligence and

statistical methods in the prediction of uncertain economic parameters. In this way, performance of GRNN was
compared with that of the multivariate regression analysis in the prediction of net incomes. Obtained results
of this study within relative RMSE and correlation coefficients of the both methods are shown in Table 4. 

Table 4: Error evaluation of the GRNN and multivariate regression method during testing process
Model R(Test) RMSE (Test)
GRNN 0.996 0.191
Multivariate regression method 0.852 0.799

Based on the Table 4, the RMS error of GRNN model is much smaller than the one of multivariate
regression model, thus the improvement of the GRNN results is comparatively better than the one related to
the Multivariate regression method. Figure 6 shows the scatter plot of both methods for test data points. The
plots indicate an acceptable prediction of permeability values (R=0.96) was obtained through GRNN modeling.

7. Conclusion
Obtained results of this study can prove the ability of indicated GRNN in the accurate predication of net
income. This method can be used as an appropriate tool in the prediction of uncertain parameters of economic
systems as well as any other known methods. A considerable advantage of GRNN methods is less
configuration parameters and high speed convergence in comparison with that of the back-propagation method.
In addition, results of this study have indicated that GRNN is a better method than multivariate regression
analysis in the process of prediction comparatively. This is probably because of the non-linear relationships
which are usually existed between the affective variables having important role on the predicted parameters
and GRNN is a more capable method while these situations are encountered. 
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Fig. 2: Relationship between the predicted and calculated net incomes values produced by GRNN (left) and
multivariate regression (right) models for test dataset.
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