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Application of multi-GRNN with a gating network
in stock prices forecast
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Abstract: This paper proposes the generalized regression neural network(GRNN) model and multi-GRNN model with a gat-
ing network by selecting the data of Shanghai index, the stocks of Shanghai Pudong Development Bank(SPDB), Dongfeng
Automobile and Baotou Steel. We analyze the two models using Matlab software to predict the opening price respectively.
Through building a softmax excitation function, the multi-GRNN model with a gating network can obtain the best weights.
Using the data of the four groups, the average of forecasting errors of 4 groups by GRNN neural model is 0.012 208, while
the average of the multi-GRNN models’s with a gating network is 0.002 659. Compared with the real data, it is found that
the both results predicted by the two models have small mean square prediction errors. So the two models are suitable to be
adopted to process a large quantity of data, furthermore the multi-GRNN model with a gating network is better than the

GRNN model.
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The change trend of the stock market has been al-
ways one of the main concerns for stock investors.
So, the stock market index and the stock price fore-
cast become an important issue in both security field
and academia. Because the stock market is a highly
complex nonlinear dynamic system, factors of the
stock, such as the recent opening price, the lowest
price, the highest closed price and the related index-
es and so on, have great influence on its change. At
the same time, political, economic, psychological
and many other factors also have certain effect on
its change'”. This article proposes the generalized
regression neural network (GRNN) model and the
multi-GRNN model with a gating network simulates
and to forecast the stock data for getting better re-
sults.

The GRNN is a nonlinear regression based on the
theory of feed forward neural network model. It
approaches a nonlinear function through the activa-
tion neurons, uses local accept domain to execute
the function mapping, and realizes that the input
vector function values are approached by local ac-
cept region of the corresponding function value neu-
rons vector mapping. The GRNN needs only simple
smoothing parameters without circulation training
process, and this results in much potential in the
nonlinear intends, and can get better predicting re-

sults of a large number of data processing models'’ .
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The main idea of the gating network is to distrib-
ute the task to one or more GRNNs. If the actual
output and the desired output values of GRNN are
different, the network modifies the weights of these
GRNNSs and the gating network through an excitati-
on function to localize every GRNN and adapt it to
the assigned task. Finally, fewer errors are got by
comparison with the expectation values.

1 Model analysis

This paper establishes two models to come to con-
clusions after the models’ forecasts, analysis and
comparison based on the target data. The modell
builds a GRNN model with 15 input neurons. The
model [I is multiple GRNNs with an adaptive gating
network, which functions as a model-output selec-
tor. At first it builds 15 GRNN models each having
a single neuron, then establishes a gating network
according to the front 15 models’ weights, and fi-
nally gets better result through the adjustment of the
values of the weights.

1.1 GRNN (model I)

The GRNN architecture was put forward by Spe-
cht'*', which is subsumed the radial-basis function
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method. It approximates any arbitrary function be-
tween the input and output vectors, drawing the
function estimatation directly from be training data.
Because GRNN is a one-pass learning algorithm
with a highly parallel structure, even with lager
amount of data in a multi-dimensional measurement
space, the algorithm can provide smooth transition
from one observed value to another. The algorith-
mic form can be used for any regression problem in
which an assumption of linearity is not justified.

In GRNN, each training vector has a correspond-
ing radial-basis neuron in the hidden layer, and the
hidden neurons store all the training vectors. The
network structure is shown in Fig. 1.
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Fig.1 GRNN architecture

The neurons of the input layer are simple distribu-
tion units that pass input variables to the model
layer. The hidden layer uses the Gaussian transfor-
mation function to control the output of this layer,
and so to restrain the output cell activation. The
output layer uses joint density function to expect the
output operations, which reduces the errors.

The input neurons of the first layer are product
terms of the weighted input vector and the corre-
sponding threshold values, and then the output neu-
rons of the first layer are calculated by Gaussian
function. Among them, the weighted input vector
are denoted as the squared distances between the in-
put vectors and the training vector. The influence
on the output neurons from the input neurons has an
exponential decay with the increase of the distance.

The base function of hidden layer nodes of GRNN
is Gaussian function which has local approximation
ability, and this results in fast network learning. In
addition, because GRNN has only one threshold,
network learning completely relies on data sample,
which can possibly avoids the influence of the sub-
jective factors on the predicted results.

1.2 Multi-GRNN model with a gating net-
work (model [])

This model is designed to use 15 GRNNs to learn
the inputs individually with an adaptive gating net-
work to select the best inputs, based on the error
magnitude, out of the total inputs. The model then

combines the results to produce the finally predicted
value. The model is divided into two parts. The
first part establishes 15 GRNN neural network mod-
els for 15 input neurons, respectively. The second
part builds a gating network, where we consider the
weights obtained in the first part as the gating net-
work’s inputs. Adjusting the size of the weights by
calculating the errors between output values and the
expectations, the output results can be optimized.
The nodel structure is shown in Fig.2.
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Fig.2 Multi-GRNN architecture

The gating network assigns weights to each
GRNN module. The error magnitude weights are
sorted to create a GRNN module ranking based on
the mean square percentage error(MSPE). Then the
weight value is applied to the rank GRNN module.
The final result is calculated by

Y = 2;gjyj ’
j=

where
CXp( Wi )

g =
! Zexp(wzj)

and wy is normalized.

Compared with GRNN model, multi-GRNN mod-
el increases gating network adjustment in the end of
15 GRNNs, based on the error magnitude, and it
can improve the forecast accuracy. The gating net-
work functions as a model-output selector and as-
signs weights based on the error magnitude of multi-
GRNN module before computing the final forecast-
ing results. So it keeps the characteristics of GRNN
model and emerges new characteristics. It estimates
values for continuous dependent variables through
the use of nonparametric estimators of probability
density functions — f(x, y) just like GRNN. It al-
lows the appropriate form to be expressed as a prob-
ability density function that is empirically deter-
mined from the observed data. Thus, the approach
is not limited to any particular form and requires no
prior knowledge of the appropriate form™ .
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2 Learning rule of model [

2.1 Learning rule of Model [

1) Input layer calculates the distances between the
input vectors and weights vectors. When a new vec-
tor is input to the network, the distances between
the new vector and each unit weight vector in hid-
den layer are calculated again. Formula is as follows

d = (xi - ui)T(xi - ui)’i = 1’25'“,N’ (1)

where x is the estimator input vector, u is unit
weight vector in hidden layer and N is sample size.

2) Gaussian function in hidden layer is based on
the following formula

dil(26*)), (2)

where d; is the distance between the input vector x
and the training vector u; o is the smooth factor,
which decides the shape of basis functions in the
hidden layer, ¢ >0.

Because the smooth factor has a major influence
on the performance of the network, the bigger
smooth factor is, the smoother approximation pro-
cess of the network to the sample data is; the small-
er the smooth factor is, the stronger approximation
performance of the network to the sample is.

Therefore, it is needed to continue to try to get
the best value.

3) The GRNN output layer is linear, and the out-
put neurons are calculated by

S = Zhi’ (3)
i=1
ihi“a

yo= (4)

N

h;, = exp(—

where u; is the target output corresponding to input
training vector x; and output y;.

4) The output expectation based on the training
sample X is expressed by

Ji:yf(x,y)dy

(5)
J f(x, y)dy

Elylx] =

where x is the estimator input vector; y is the out-
put of the estimator; f(x,y) is the joint probability
density function of x and y"*

2.2 Learning rule of Model Il

1) Extract target input vector, and do the nor-
malized processing. Formula is

xj(i) =

where x; (i) expresses the input value y; of neurons
y; - The number of training samples is N.

2) Extract the number of input neurons, and build
multi-GRNN model according to the number of neu-
rons, and concludes the output results and initialized
weights.

3) Mediate the result of step 2) through the gating
network. The gating network uses softmax excitati-
on function, just as that gating network uses soft-
max incentive g; for the output neurons y;.

x; (i)/max(x;(k)),k = 1,2,--,N, (6)

exp(wy )
S AN R 7
g Zexp(wl,) (7)

where w;; is the target output corresponding to input
training vector x; and output y;.
4) The final output for the network is

Y = Zg]y,-, (8)
i=

where n is the number of GRNN networks; y; is the
output of GRNN j; g; is excitation function for out-
put neurons y; of the gating network.

3 Matlab training and prediction

This paper chooses Shanghai Pudong Develop-
ment Band (SPDB), Dongfeng automobile, Baotou
three stocks as well as the Shanghai index to predict
the opening price of the last 5 days from 2011-08-15
to 2012-06-20 according to the selected data. The
choice of the data has a great influence on the net-
work result, so we adopt the 100 set of data of the
above-mentioned stocks and use Matlab for pro-
gramming.

In the two models, data is! normalized, and
there are a lot of ways of dealing with data. Here,
the data wiml be divided by the maximum of all of
them, which is to transform all of the inqut and out-
put training data to [0,1] inside. An accuracy mea-
sure is often defined in tools of the forecasting er-
ror, which is the difference between the actual (de-
sired) and the predicted value. The MSPE is used to
check error magnitude, which is calculated accord-
ing to the 100-day historical results and is normali-
zed to create error magnitude weights. Formula is

MSPF—lOOx—Z(y’ y’>2 (9)

where N is the number of training samples, (y,,y,,

-, yy) expresses the actual value of the training
sample, (y,,y,, ", yy) show output values of the
prediction model.
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For Model I, according to the training sample,
this paper determines the dimension of input and
output neuron network, and determines the 15 input
neurons, establishes a GRNN model and predicts
last results using statements *’

net = newgrnn (Input,Qutput o).

For Model I, according to the training sample,
the paper determines the dimension of input and
output neuron network, establishes 15 GRNN mode-

Is according to 15 neurons respectively. And then it
adjusts optimal weights using the gating network,
according to the error comparison of the final re-
sults based on the front 15-GRNN model and
weights. At last

y = softmax (W)

is chosen to minimize the error. The experimental
results are shown in Table 1. The Table 2 shows the
forecasting errors of the two models.

Table 1 Prediction results
Stock Day Actual value Predicted values of model | Predicted values of model [l
2012-06-14 2306.78 2 289.694 494 286 537 2 308.951 994 291 741
2012-06-15 2299.78 2 303.290 562 385 176 2 304.469 127 354 488
the Shanghai in- a
dex KP values 2012-06-18 2 313.53 2 300.730 423 370 073 2 314.567 397 396 998
2012-06-19 2 313.459 2 313.285 436 851 229 2 314.087 505 083 577
2012-06-20 2 300.41 2 313.455 609 018 794 2 306.432 795 417 948
2012-06-14 8.3 8.310 070 692 215 767 8.311 569 406 187 003
2012-06-15 8.31 8.300 354 635 457 575 8.304 168 488 839 046
3;’ SPDB KP val- 2012-06-18 8.47 8.310 000 000 000 001 8.478 558 038 461 586
2012-06-19 8.47 8.470 000 000 000 001 8.486 007 757 039 065
2012-06-20 8.54 8.470 000 000 000 002 8.548 819 361 847 079
2012-06-14 3.41 3.362 698 116 743 164 3.414 045 483 310 596
the  Dongfeng 2012-06-15 3.41 3.410 262 106 148 517 3.411 271 492 020 246
Automobile  KP 2012-06-18 3.39 3.417 685 283 591 788 3.397 273 035 674 043
values 2012-06-19 3.38 3.399 529 992 680 672 3.388 310 601 256 602
2012-06-20 3.35 3.389 917 066 404 872 3.368 702 903 185 198
2012-06-14 6.18 6.182 179 224 870 881 6.205 001 050 652 275
2012-06-15 6.15 6.183 478 897 671 705 6.177 225 429 119 889
;?; Vﬁ?ﬁ:“ Steel 2012-06-18 6.06 6. 154 425 464 094 560 6.130 994 972 394 714
2012-06-19 6.02 6.090 547 329 562 404 6.088 780 020 714 959
2012-06-20 5.83 6.021 460 969 698 566 5.905 948 250 400 332
Table 2 Error analysis
MSPE Shanghai index SPDB Dongfeng automobile Baotou steel Average of 4
Model [ 0.002 399 0.008 536 0.008 128 0.029 768 0.012 208
Model II 0.000 243 0.000 162 0.000 763 0.009 469 0.002 659
For convenience of comparison, this paper gives 038
four sets of prediction graphs of data with two kinds " Bl
of models are shown in Figs.3 - 6. 967 BN« n Model 1T
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The Table 1 is the last 5-day forecasting result for
the four stocks and it shows that both the two mode-
Is for the selection of four sets of data can get better
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forecasting consequences, and that the predicted
values coincide with the actual values.

In Table 2, using the data of the four groups, the
average of forecasting errors of 4 groups by GRNN
model is 0.012 208, while the average of forecasting
errors of 4 groups by the multi-GRNN model with a
gating network is 0.002 659.
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Fig.5 The dongfeng automobile prediction curve
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Fig.6 The Baotou Steel prediction curve

According to the Figs. 3 — 6, GRNN model pre-
dicts for a short time, but the earlier prediction er-

ror is small and the later is big, so the final result is
not very ideal.

On the contrary, the earlier prediction error of
multi-GRNN model with a gating network looks
bigger, but the later error is very small, so better
expected results can be got. Comparing two model
errors, we conclude that multi-GRNN model with a
gating network has smaller error, and better results
can be got.

4 Conclusion

This paper proposes GRNN model and multi-
GRNN model with a gating network. Both models
can achieve good effect in stock prediction. Gating
network decreases error of only one GRNN neural
network through softmax excitation function.
Multi-GRNN with a gating network model works
better in all four groups of data and has better accu-
racy, better stability and stronger generalization
ability than the GRNN model.
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