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Abstract. Financial time series forecast has been classified as standard problem
in forecasting due to its high non-linearity and high volatility in data. Statistical
methods such as GARCH, GJR, EGARCH and Artificial Neural Networks
(ANNs) based on standard learning algorithms such as backpropagation have
been widely used for forecasting time series volatility of various fields. In this
paper, we propose hybrid model of statistical methods with ANNs. Statistical
methods require assumptions about the market, they do not reflect all market
variables and they may not capture the non-linearity. Shortcoming of ANNs is
their process of identifying inputs insignificantly through which network
produces output. The attempt for hybrid system is to outperform the forecast
results and overcome the shortcomings by extracting input variables from
statistical methods and include them in ANNs learning process. Further genetic
algorithm is used for evolution of proposed hybrid models. Experimental results
confirm the lesser root mean square error (RMSE) results obtained from
proposed evolutionary hybrid ANN models EANN-GARCH, EANN-GJR,
EANN-EGARCH than conventional ANNs and statistical methods.
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1 Introduction
Financial forecasting has been challenging problem due to its non-linearity and high
volatility [1]. Forecasting assumes that some aspects of past patterns will continue in
future. Past relationship of it can be discovered through study and observation of data.
Main idea behind forecasting has been to devise a system that could map a set of
inputs to set of desired outputs [2]. There has always been risk involved with
investment in financial market. ANNs have widely been used for the forecasting
purpose because of their ability to learn linear and complex data [3]. ANNs is trained
such as a set of inputs maps a set of desired output. These networks can hence
automatically assume any shape that carries forward the task of determination of the
outputs to the presented input.
The ANNs by their basic architecture represent the human brain [4]. They consist of a
set of artificial neurons. The task of any fundamental artificial neuron may be divided
into two parts. The first part does the weighted addition of the inputs presented to it.
The second part of the neuron consists of an activation function. The weighted
addition of the first part is passed through the activation function. This is the final
output of the system [5]. Statistical methods such as GARCH, EGARCH and GJR

also have been used extensively for volatility forecasting. GARCH model reflects the
non-linear dependence of the conditional variance of the time series, which indicates
the non-linear time series characteristics are from the conditional second-order
moment of the distribution [6]. EGARCH model, which express conditional variance
equation in the logarithm form, and relax the nonnegative restrictions on the
parameters [7] . Genetic Algorithms (GA) can be used to optimize various parameters
and to solve many problems in real time [8]. GA as a solution for optimization
problems based on natural selection keeps an initial population of solution candidates
and evaluates the quality of each solution candidate according to a specific cost
function. Over successive generations, the population evolves toward an optimal
solution [9].

2 Algorithms and Methods
2.1 Artificial Neural Network
General Backpropagation (BPA) Neural Network architecture as shown in figure 1,
includes input layer, hidden layer and output layer. Each neuron in input layers are
interconnected with neurons in hidden layers and each neuron of hidden layer in
interconnected with output layer neuron with weights assigned to the connection [10].
On providing learning data to the network, the learning values are passed through
input to hidden and finally to output layer where response for input data is obtained.
For optimizing the error obtained, the error values are back propagated to make
changes in weights of input to hidden layer and hidden to output layer. With error
back propagation input response are made converged to desired response.

Fig. 1. General architecture of a Backpropagation Neural Network

BPA uses supervised learning in which trainer submits the input-output exemplary
patterns and the learner has to adjust the parameters of the system autonomously, so
that it can yield the correct output pattern when excited with one of the given input
patterns [11].
2.2 Genetic Algorithm
Genetic algorithms (GA) function by optimizing an objective function. They exploit
the structure of the error surface. GAs does not assume that the error surface is
unimodal, or even that its derivative exists [12]. A genetic algorithm performs a
parallel stochastic search. It is parallel in the sense that many solutions in the

population are considered simultaneously and the fittest solutions are chosen for
reproduction. It is stochastic in the sense that the solutions are randomly selected for
refinement and the likelihood of a solution being selected is enhanced by the quality
of the solution or its fitness, and the search direction is also chosen randomly. Genetic
Algorithm evolves ANNs by fixing the values and the weights and biases of the
various nodes i.e. the GA optimizes the network parameters for better performance.
Steps followed for evolution of ANN are problem encoding, creation of random initial
state, fitness evaluation, and genetic operator including selection, crossover, mutation
and elite, generate next generation, testing and verification [13] are shown below in
figure 2 below.

Fig. 2. Flow Chart of a working of Genetic Algorithm

3 Proposed Evolutionary Hybrid Neural Networks
3.1 EANN-GARCH
GARCH stands for generalized autoregressive conditional heteroscedasticity. It is a
mechanism that includes past variances in the explanation of future variances. More
specifically, GARCH is a time series technique used to model the serial dependence
of volatility. The general GARCH (P, Q) model [14], [16] for the conditional variance
of innovations is

(1)
With constraints:

, k > 0,

,

The basic GARCH (P, Q) model is a symmetric variance process, in that it ignores the
sign of the disturbance [15]. ANN-GARCH model can be created by extracting the
input variables based on above variables. After including these variables in ANN
learning process, model can be used to forecast volatility. The newly extracted
variables are as follows:

3.2 EANN-GJR
The general GJR (P, Q) model [16] for the conditional variance of innovations with
leverage terms is

(2)
Where
With constraints

,

,

,

The lag lengths P and Q, and the magnitudes of the coefficients Gi and Aj, determine
the extent to which disturbances persist. These values then determine the minimum
amount of pre-sampled data needed to initiate the simulation and estimation
processes. ANN-GJR model can be created by extracting the input variables based on
above variables. After including these variables in ANN learning process, model can
be used to forecast volatility. The newly extracted variables are as follows:

,

,

3.3 EANN-EGARCH
The general EGARCH (P, Q) model [15], [16] for the conditional variance of the
innovations, with leverage terms and an explicit probability distribution assumption is

(3)
EGARCH models are fundamentally different from GARCH and GJR models in that
the standardized innovation, serves as the forcing variable for both the conditional
variance and the error. EANN-EGARCH model can be created by extracting the input
variables based on above variables. After including these variables in ANN learning
process, model can be used to forecast volatility. The newly extracted variables are as
follows:

4 Experiment and Results
4.1 Research Data
We have used two different data (un-normalized) have been collected from Prof. Rob
J Hyndman’s website http://robjhyndman.com/TSDL/ . Data sets analyzed are as:
Daily closing price of IBM stock, Jan. 01 1980 - Oct. 08 1992. [17], Daily S & P 500
index of stocks, Jan. 01 1980 - Oct. 08 1992. [17].
Table 1. Time Series Data Sets Description
Time Series
Daily IBM

Standard Deviation
28.76493

Mean
105.6183

Count
3333

Daily S&P

97.01113

236.1225

3333

4.2 Methodology
We analyze the above discussed statistical forecasting models (P=1, Q=1) and extract
the best suited input variables of these models. We divide the dataset into training and
testing dataset. A random dataset division is followed to result 80% of dataset as
training dataset and remaining 20% as testing dataset.
Supervised learning is followed for learning of the neural network with target
prediction series given. Artificial neural network thus obtained is evolved using
genetic algorithm. Genetic algorithm optimizes the weights and biases of neural
network based on the given training dataset for better accuracy forecast.
Testing dataset thus obtained is used for simulating the evolutionary neural network,
checking the error or accuracy of the trained network. We compare the output data as
given by the network with the testing data set with the target dataset.

Fig. 3. Flow Chart of used Methodology

4.3 Empirical Results
Table 2. Results Obtained for Time Series
Methodology
BPA-ANN
EANN-GARCH
EANN-GJR
EANN-EGARCH

Daily IBM (Mean RMSE)
0.00232
0.000287
0.000242
0.000198

Daily S&P (Mean RMSE)
0.0027
0.000312
0.000253
0.000217

4.4 Graphical Analysis

Fig. 4. Graphs for Actual and Predicted Values for Daily IBM and Daily S&P using traditional
Backpropagation Algorithm with variance value is taken on Y-Axis and Day of Index is on XAxis, with mean RMSE = 0.00232 and 0.0027 respectively.

Fig. 5. Graphs for Actual and Predicted Values for Daily IBM and Daily S&P using EANNGARCH with variance value is taken on Y-Axis and Day of Index is on X-Axis, with mean
RMSE = 0.000287 and 0.000312 respectively.

Fig. 6. Graphs for Actual and Predicted Values for Daily IBM and Daily S&P using EANNGJR with variance value is taken on Y-Axis and Day of Index is on X-Axis, with mean RMSE
= 0.000242 and 0.000253 respectively.

Fig. 7. Graphs for Actual and Predicted Values for Daily IBM and Daily S&P using EANNEGARCH with variance value is taken on Y-Axis and Day of Index is on X-Axis, with mean
RMSE = 0.000198 and 0.000217 respectively.

5 Conclusions
The Evolutionary Hybrid Artificial Neural Network has been proposed in order to
improve the financial forecast accuracy. It is based on the hybridization concept of
using best features of different models for better result. We have extracted the input
variables out of statistical forecast models GARCH, GJR and EGARCH, which
optimizes the best input variable feed for artificial neural network initialization and
learning. A hybrid model thus obtained from statistical model and artificial neural
network is evolved using genetic algorithm. Genetic algorithm optimizes the artificial
neural network parameters such as weights and biases as per the given training
dataset, in order to improve the forecast accuracy of hybrid model. Accuracy results
and plotted comparison graph of actual and predicted values shows the better
performance by these proposed evolutionary hybrid artificial neural network over
conventional artificial neural network forecasting. Order of performance can be
adjudged as EANN-EGARCH > EANN-GJR > EANN-GARCH > ANN.

References
1. Zhou Yixin, Jie Zhang, "Stock Data Analysis Based on BP Neural Network," iccsn, pp.396399, Second International Conference on Communication Software and Networks, 2010
2. Marzi, H.; Turnbull, M.; Marzi, E.; , "Use of neural networks in forecasting financial
market," Soft Computing in Industrial Applications, 2008. SMCia '08. IEEE Conference on ,
vol., no., pp.240-245, 25-27 June 2008

3. Ming Hao Eng; Yang Li; Qing-Guo Wang; Tong Heng Lee; , "Forecast Forex with ANN
Using Fundamental Data," Information Management, Innovation Management and
Industrial Engineering, 2008. ICIII '08 vol.1, no., pp.279-282, 19-21 Dec. 2008
4. P.Ram Kumar, M.V.Ramana Murthy , D.Eashwar , M.Venkatdas, “Time Series Modeling
using Artificial Neural Networks”, Journal of Theoretical and Applied Information
Technology Vol no.4 No .12, pp.1259-1264, © 2005 - 2008 JATIT.
5. Zhizhong Zhao; Haiping Xin; Yaqiong Ren; Xuesong Guo; , "Application and Comparison
of BP Neural Network Algorithm in MATLAB," Measuring Technology and Mechatronics
Automation , 2010 International Conference on , vol.1, no., pp.590-593, 13-14 March 2010
6. Hua Zhao; Yizhong Zhou;, "A joint model of chaos and GARCH effect in China's stock
markets," Power Electronics and Intelligent Transportation System (PEITS), 2009 2nd
International Conference on , vol.3, no., pp.220-223, 19-20 Dec. 2009
7. Li Ning; He Dong-ping; , "Emipirical Research on Term Structure of Buy-Back Rates Based
on EGARCH Model," Electronic Commerce and Security, 2009. ISECS '09. Second
International Symposium on , vol.1, no., pp.112-115, 22-24 May 2009
8. Hossein Etemadi, Ali Asghar Anvary Rostamy, Hassan Farajzadeh Dehkordi, A genetic
programming model for bankruptcy prediction: Empirical evidence from Iran, Expert
Systems with Applications, Volume 36, Issue 2, Part 2, March 2009, Pages 3199-3207
9. Cheng-Xiang Yang; Yi-Fei Zhu; , "Using genetic algorithms for time series prediction,"
Natural Computation (ICNC), 2010 Sixth International Conference on , vol.8, no., pp.44054409, 10-12 Aug. 2010
10. Anupam Shukla, Ritu Tiwari, Rahul Kala, Real Life Application of Soft Computing, CRC
Press 2010.
11. Tsung-Lin Lee, Back-propagation neural network for the prediction of the short-term storm
surge in Taichung harbor, Taiwan, Engineering Applications of Artificial Intelligence,
Volume 21, Issue 1, February 2008, Pages 63-7
12. Elisaveta G. Shopova, Natasha G. Vaklieva-Bancheva, BASIC--A genetic algorithm for
engineering problems solution, Computers & Chemical Engineering, Volume 30, Issue 8, 15
June 2006, Pages 1293-1309
13. Abdusselam Altunkaynak, Sediment load prediction by genetic algorithms, Advances in
Engineering Software, Volume 40, Issue 9, September 2009, Pages 928-934
14. Bojan Basrak, Richard A. Davis, Thomas Mikosch, Regular variation of GARCH
processes, Stochastic Processes and their Applications, Volume 99, Issue 1, May 2002,
Pages 95-115
15. Jian Wang; Xiaotao Wu; Mingli Zhong; , "Empirical Analysis of the Market Risk of
Chinese Open-Ended Funds Based on GARCH-VaR Models," Computational Sciences and
Optimization, April 2009. International Joint Conference on , vol.1, no., pp.979-982, 24-26
16. Ahmed Shamiri & Abu Hassan, 2005, "Modeling and Forecasting Volatility of the
Malaysian and the Singaporean stock indices using Asymmetric GARCH models and Nonnormal Densities," Econometrics 0509015, EconWPA.
17. Hipel and McLeod Time Series Modelling of Water Resources and Environmental Systems,
1994, Elsevier.

