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Abstract. Financial time series has been standard complex problem in the field 

of forecasting due to its non-linearity and high volatility. Though various neural 

networks such as backpropagation, radial basis, recurrent and evolutionary etc. 

can be used for time series forecasting, each of them suffer from some flaws. 

Performances are more varied for different time series with loss of 

generalization. Each of the method poses some pros and cons for it. In this 

paper, we use ensembles of neural networks to get better performance for the 

financial time series forecasting. For neural network ensemble four different 

modules has been used and results of them are finally integrated using 

integrator to get the final output. Gating has been used as integration techniques 

for the ensembles modules. Empirical results obtained from ensemble approach 

confirm the outperformance of forecast results than single module results.  
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1   Introduction 

Financial forecasting is a standard benchmark example of time series analysis 

problem which is challenging due to high noise, volatility, and non-linearity [1]. 

These characteristics suggest that there is no complete information that could be 

obtained from the past behavior of financial markets to fully capture the dependency 

between the future price and that of the past. The domain contains some linear and 

nonlinear characteristics [2], and thus need to build a model is required which 

contains linear and nonlinear characteristics.  

 

http://link.springer.com/chapter/10.1007%2F978-3-642-21515-5_57
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On the other hand, there is some risk to investment in the stock market due to its 

unpredictable behaviors. Thus, an intelligent prediction model for financial data 

would be of wider interest. ANNs are relatively recent method for business 

forecasting. The success of ANN applications can be qualified of their features and 

powerful pattern recognitions capability [3]. The use of ANN in this field has been 

growing due to their ability to model complex nonlinear systems on sample data. 

Back Propagation algorithm does the task of tuning of the ANN to enable it perform 

as desired [4]. Here the algorithm sets the various weights and biases of the ANN to 

their optimal values. The aim of training is to ensure that the network gives the closest 

desired outputs. The radial basis function network is another type of ANN that 

performs unsupervised or supervised learning. These networks, which are known for 

their ability to model complex scenarios in a very simple architecture, are used for 

classification, series prediction, control applications, and so forth. The radial basis 

function network uses radial basis functions as activation functions, which allows it to 

easily solve the problem or perform a mapping of the inputs to outputs [5]. 

 

Recurrent neural networks are a special type of ANN in which the output of one or 

more neurons is fed back into the network as inputs, forming the input for the next 

iteration. These networks offer a good means of machine learning in which past 

outputs may potentially affect the next outputs [6].The conventional training 

algorithms of the neural networks are prone to get struck at local minima. This is 

because of the gradient approaches, or similar approaches of tuning the parameters 

that they employ. Genetic Algorithms [7] use a variety of individuals, each of which 

presents an ANN. Each of the ANN or individual represents a point in the error space 

with some degree of performance or fitness value. These algorithms use the relative 

fitness or performance to generate or move the various individuals in this error space 

to finally enable convergence at the optimal value. 

2   Algorithms and Methods 

2.1   Backpropagation Algorithm 

General BPA Neural Network architecture shown in Fig. 1 includes input layer, 

hidden layer and output layer. Each neuron in input layers are interconnected with 

neurons in hidden layers with appropriate weights assigned to them. Similarly each 

neuron of hidden layer in interconnected with output layer neuron with weights 

assigned to the connection.  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 [4] [8].  A general structure of BPA neural network has been shown below. 



 

Fig. 1. General architecture of a Backpropagation Neural Network 

2.2   Radial Basis Neural Network 

Radial Basis Function Networks [5] has a simple 3 layer ANN architecture. The first 

layer is the input layer where the inputs are applied. The second layer is the hidden 

layer. The last layer is the output layer where the system delivers its output. These 

networks however differ in the manner in which they process information for the 

generation of the outputs from the inputs. 

 

Consider the input space of the problem being considered. Each neuron of the hidden 

layer in the RBN corresponds to a location in the input space. The various neurons are 

spread all round the input space. The input itself is a point in this input space 

consisting of some value of different attributes. At the time of processing of the 

inputs, each of these neurons calculates its distance from the input. The outputs of the 

various neurons of the hidden layer serve as the inputs of the output layer. This layer 

is a linear layer and simply computes the weighted sum of the various hidden layer 

neurons. Each connection of this layer corresponds to the weight that is multiplied by 

the associated hidden neuron. In this way the system generates the final output.  

2.3   Recurrent Neural Network 

Recurrent Neural Networks architecture shown in Fig. 2 [6] are cyclic in nature unlike 

the other models that were arranged in a manner that cycles can never be formed.  The 

conventional ANNs have a big limitation of their static nature. The information flow 

is only forward where the predeceasing layers process data and forward it to the next 

layers. These networks allow backward connections where every neuron gets the 

feedback from the forward layers as well as itself [11]. This allows the ANN to again 

process data and again transmit the output for further processing by the other layers in 

backward and forward direction to which it is connected. In this manner there is a lot 

of dynamism which drives these networks. Further the algorithm operates in 

timestamps or iterations where a unit processing is performed by each of the neurons 

in a single iteration. The output of the system continuously changes with time as the 

layers undergo changes driven by the feedback connections.  



 

Fig. 2. General architecture of a Recurrent Neural Network 

2.4   Evolutionary BPA Neural Network  

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 [13].  

 

Steps followed for evolution of ANN [12][13] 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. 

 

Fig. 3. Flow Diagram for working of Genetic Algorithm 

2.5   Ensembles 

Ensembles make use of multiple ANNs to solve the same problem. Each of the ANN 

is given the complete part of the problem input. Each ANN solves the problem using 

its own approach. All these ANNs or modules return a solution to the integrator which 

then computes the final output [14]. The input is given by the system to each of the 



modules. Each module is similar in regard to the inputs and the outputs. Each module 

represents an independent ANN of its own which is trained separately using the same 

training data. The training may hence be carried out in parallel among the various 

ANNs or modules. In this manner all the modules or ANN solve the same problem 

and make their distinct contributions. All the outputs are communicated to a central 

integrator that carries the next task of computing the final output of the system based 

on the system module outputs. Justification to ensembles revolve around the fact that 

they are more resistant to accidental under-training of a single ANN, or it being 

accidentally struck at a local minima, since the effect may be averaged by others. 

 

Fig. 4. General Architecture of a Neural Network Ensemble 

In gating as integration technique [15], we try to combine the various outputs of the 

modules and generate the final output of the system by a simple function. The easiest 

implementation of this is to make the integrating function take a weighted or simple 

mean of the various outputs of the modules. This gives the final system output of the 

system.  

3   Experiment and Results 

3.1   Research Data 

We have used two different data sets for our research. The 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 [10], Daily S & P 500 index of stocks, Jan. 01 1980 - Oct. 08 1992 [10].  The 

first few data indexes of series are used for the research. For training, 80% of the data 

of the series has been used and remaining 20% is used for testing. 

Table 1.  Time Series Data Sets Description  

Time Series Standard Deviation Mean Count 

Daily IBM 5.736916 60.89908 500 

Daily S&P 10.1308 123.3728 

 

500 

3.2   Methodology 

Time series dataset is divided into training and testing dataset. Dataset division 

carried out is based on the random probability followed which bifurcates the dataset 

into training and testing dataset. Training dataset which is 80% of the original dataset 

is used for defining and training of the neural network. Testing dataset which is 



remaining 20% of the original dataset is used for performance measure. Performance 

measurement carried out in the experiment is root mean square error.  

 

After dataset division, normalization followed by logarithmic scale conversion is 

carried out to draw better timely relation between index values. Thus processed 

training dataset is used for defining and supervised learning of the neural network. 

For whole experiment, total number of input neurons and total number of output 

neuron are kept 10 and 01 respectively. Neural Network training followed by testing 

is carried out one by one on all four modules to record the individual performance for 

the individuals. Corresponding graphs between actual and predicted values are plotted 

to analyze the performance graphically. 

 

Fig. 5. Used Architecture of Neural Network Ensemble 

For neural network ensemble used architecture as shown in figure 5, backpropagation, 

radial basis, recurrent and evolutionary neural networks are considered as individual 

modules of ensemble. Each modules gives output for given input to the ensemble 

system.  Output of these modules as discussed is integrated by gating technique. In 

gating, weighted mean is followed for outcomes as final output result. Thus found 

outcome of the neural network ensemble is compared with the individual performance 

of standalone modules. Graph for actual and predicted values is also plotted for neural 

network ensemble for carrying out the graphical analysis of individual and ensemble 

performances. 

3.3   Empirical Results 

Table 2 shown below represents the mean root mean square error for both of the time 

series Daily IBM and Daily S&P. 

Table 2.  Results Obtained for Time Series  

Methodology Daily IBM (Mean RMSE) Daily S&P (Mean RMSE) 

BPA 1.9823 2.8913 

RBN 1.2261 1.5217 

RNN 0.9918 1.1371 

EANN-BPA 1.4725 2.1237 

Ensemble 0.9743 1.1261 



3.4   Graphical Analysis 

 

Fig. 6. Graphs for Actual and Predicted Values for Daily IBM and Daily S&P using traditional 

Backpropagation Algorithm with mean RMSE = 1.9823 and 2.8913 respectively. 

 

Fig. 7. Graphs for Actual and Predicted Values for Daily IBM and Daily S&P using Radial 

Basis Network with mean RMSE = 1.2261 and 1.5217 respectively. 

 

Fig. 8. Graphs for Actual and Predicted Values for Daily IBM and Daily S&P using Recurrent 

Neural Network with mean RMSE = 0.9918 and 1.1371 respectively. 

 

 

 

 

 

 

 

 



 

Fig. 9. Graphs for Actual and Predicted Values for Daily IBM and Daily S&P using 

Evolutionary BPA Neural Network with mean RMSE = 1.4725 and 2.1237 respectively. 

    
Fig. 10. Graphs for Actual and Predicted Values for Daily IBM and Daily S&P using Neural 

Network Ensemble with mean RMSE = 0.9743 and 1.1261 respectively. 

4   Conclusions 

Neural network ensemble has been used in order to improve the financial forecasting 

performance. It is based on the taking different learning models as individual 

modules, where each module accounts for the performance of the final result of the 

system. Output values from the individual modules are integrated using gating as 

integration technique in order to have the final output results. Justification to 

ensembles revolve around the fact that they are more resistant to accidental under-

training of a single ANN, or it being accidentally struck at a local minima, since the 

effect may be averaged by others. As a performance measurement root mean square 

error is used. Neural network ensembles are computationally efficient and it shows a 

very good behavior to estimation values. Accuracy results and comparison graph of 

actual and predicted index values shows the better performance of neural network 

ensemble over performances of individual module used. Order of performance on the 

basis of results can be adjudged as Ensembles > RNN > RBN > EANN-BPA > BPA. 
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