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Abstract. In this study, four neural networks (NN) ensemble systems are pre-
sented and compared for NASDAQ returns prediction. They are the conven-
tional feed-forward back-propagation neural network (FFNN) ensemble which 
widely used in the literature, time-delay neural network (TDNN) ensemble, 
nonlinear auto-regressive with exogenous inputs (NARX) ensemble and the 
radial basis neural network (RBFNN) ensemble. Each component of the NN en-
semble is used to learn specific patterns related to a given NASDAQ submarket. 
Based on the mean of absolute errors (MAE), the experiments show that en-
semble models based on advanced NN architectures such as TDNN, NARX, 
and RBFNN ensemble all achieve lower forecasting errors than traditional 
FFNN ensemble system. In addition, the RBFNN ensemble outperformed all 
other NN ensembles under study. 

Keywords: Neural networks, ensemble, stock market microstructure, forecast-
ing. 

1 Introduction  

Successful prediction models for stock market trading are of great interest for inves-
tors to make profits. Therefore, there is a need for effective stock price forecasting 
systems capable to limit personal bias and mistakes. However, the financial market is 
complex, evolutionary, and non-linear dynamical system [1,2]. As a result, financial 
market data are noisy and nonstationary [1,2].  

Financial market prediction  had received a large attention in the literature where 
different methods and algorithms for automated stock market prediction were pro-
posed; including artificial neural networks, fuzzy logic, and expert systems to name a 
few. Indeed, such studies were surveyed in Atsalakis and Valavanis [3] and Bahram-
mirzaee [4]. In general, the literature [3,4] used two broad classes to predict stock 
market prices [5]: fundamental analysis and technical analysis. The fundamental anal-
ysis depends on knowledge of microeconomics and macroeconomics factors, whilst 
technical analysis is based on historical patterns to predict market prices [5]. Howev-
er, fundamental analysis based knowledge is usually not readily available, and histori-
cal patterns are not always evident because of the noise [5].  
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The purpose of this study is to design a neural network (NN) committee (ensem-
ble) to model stock market microstructure and achieve better prediction accuracy of 
the market returns. Indeed, neural network ensemble systems were found to be effec-
tive in forecasting stock market [5-8], and also in other time series forecasting appli-
cations such as customer purchase behavior [9], drug dissolution [10], weather [11], 
climate [12], and software reliability [13].  

A neural network (NN) ensemble or committee is a learning paradigm where a col-
lection of several neural networks is trained for the same task. It is expected to pro-
vide the following advantages over the traditional neural network. First, a NN is an 
adaptive nonlinear soft computing system that can learn from patterns and capture 
hidden functional relationships in a given data even if the functional relationships are 
not known or difficult to identify [14]. Indeed, it is capable of parallel processing of 
the information with no prior assumption about the model form and the process that 
generates the data. In addition, it is robust to noisy data; hence the network is capable 
to model non-stationary and dynamic data [15]. Furthermore, a NN can theoretically 
approximate a continuous function to an arbitrary accuracy on any compact set  
[16-18]. Second, a NN ensemble or committee can produce even more accurate re-
sults than any of the individual neural networks by making up the ensemble and thus 
intensifying discriminant capability of neural networks [19]. Third, a NN is prone to 
overfitting when it is too closely adjusted to the training set [19]. Therefore, its gene-
ralization error tends to increase when it is applied to previously unseen samples [19]. 
As a solution, a committee or an ensemble approach can make base neural networks 
robust to overfitting and thus reduce generalization error [19]. Fourth, a NN commit-
tee is used to deal with sampling and modeling uncertainties that may otherwise im-
pair individual NN forecasting accuracy and robustness [20]. Fifth, previous works 
demonstrated the ability of NN based committee system in modeling and predicting 
various types of time series [5-13].  

All of the aforementioned studies [5-8] only consider single neural network type 
for financial time series prediction. However, the performance of a neural network 
system significantly depends on the type of NN used to design the committee system. 
For instance, previous studies relied on the well known feed-forward back-
propagation neural networks as basic systems. Indeed, although NN committees are 
essential for providing accurate forecasts the improvements in the construction of 
such committees is important by considering other type of neural networks.  

In this paper, the performance of the NN committee is investigated depending on 
the type NN used to form the ensemble. In particular, four different NN architectures 
are considered to form the NN committee and are compared. They are the conven-
tional feed-forward back-propagation neural network which widely used in the litera-
ture, time-delay neural network, nonlinear auto-regressive with exogenous inputs 
(NARX) network, and the radial basis neural network.  

Despite the potential benefits of using fundamental or technical analysis  
knowledge for ensemble training and prediction task, we rely on information from  
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microstructure of the stock market to train NN committees. In particular, we aim to 
model stock market returns based on the dynamics of each sub-market (component) 
that composes the whole stock market. In other words, our emphasis is on the impor-
tance of information related to price movements in each sub-market in determination 
of the overall stock market behavior. Indeed, we rely on microstructure information 
for two main reasons. First, price formation in each sub-market is key information 
that determines the stock market trend. Therefore, modeling the stock market micro-
structure from an informational point of view would be helpful to improve forecasting 
accuracy when predicting stock market future return. Second, unlike fundamental and 
technical analysis based information, microstructure information is always available 
and not affected with noisy information. 

The rest of this paper is organized as follows. Section 2 presents the committee 
system, and gives a brief introduction to each type of artificial neural network adopted 
to form the neural network committee. Section 3 presents the empirical results from 
the NASDAQ market data. The paper is concluded in Section 4. 

2 Methods 

In this section, we present the proposed system for stock market return prediction 
based on neural network ensembles based on market microstructure information. 
Neural network ensemble was proposed by originating Hansen and Salamon [21] as a 
learning paradigm where several neural networks are trained for the same task. The 
purpose is to improve the generalization performance of NN system in comparison 
with using a single neural network.  

The prediction system based on neural network ensemble (committee) is shown in 
Figure 1. The input of the system is the financial return of a given sub-market and the 
output of the system is the predicted return of the aggregate stock market. For in-
stance, each NN is used as the basic prediction system making up ensemble and each 
is trained with a sub-market specific price returns. Finally, the output NN is used to 
generate a single system to produce the output of the ensemble by combining the 
predictions of multiple neural networks.  

In this study, the neural network committee consists of K component neural net-
works where each component neural network is a three-layer single input single-
output NN with two nodes in the hidden layer. Each component neural network is 
trained with different initial weights connecting three-layers. The outputs of the com-
ponent neural networks are combined using the output NN as shown in Figure 1. In 
this study, a neural network (NN) could be the conventional feed-forward back-
propagation neural network which widely used in the literature, time-delay neural 
network, NARX network, or the radial basis neural network. They are described in 
next sub-sections. The accuracy of each single NN and the NN committee is eva-
luated based on the mean absolute error (MAE) statistic.   

 
 
 



 Intelligent Ensemble Systems for Modeling NASDAQ Microstructure 243 

 
 

      

 

 

 

 

 

 

 

 

 

 

Fig. 1. A generic committee system for modeling and forecasting stock market returns 

2.1 Feed-Forward Back-Propagation Neural Network 

An artificial neural network (NN) [15] is a generic model for data process data that 
uses a brain metaphor. The feed-forward back-propagation neural network is a popu-
lar architecture that has one input layer with x predictive variables, one or more hid-
den layers that fulfill the input-output mapping, and an output layer with the predicted 
variable y. The output y is computed as: 
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where wij is a connecting weight from neural j to neural i, θ denotes the bias, and f (•) 
is an activation function employed to control the amplitude of the output. In this 
study, the commonly used sigmoid function is used for activation. It is given by:  
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The neural network is trained with the Levenberg-Marquardt (L-M) algorithm [9][22] 
where weights are adjusted based on the gradient method as follows: 
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where J is the Jacobian matrix (first derivatives) of weights, I is the identity matrix, μ is an 
adaptive learning parameter arbitrarily set to 0.001, and e is a vector of network errors. 
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The neural network with this type of error training is often called back-propagation neural 
network [15] or multi-layer feed-forward neural network (FFNN). 

2.2 Time-Delay Neural Networks 

Unlike the conventional FFNN neural network, the time-delay neural network [22] is 
a recurrent neural network which is dynamic and possesses a memory to perform 
temporal processing of the input space. Like the FFNN, TDNN has feed forward con-
nections, but has multiple connections between the individual neurons: each neuron 
consists of the outputs of earlier neurons during both the current time epoch and fixed 
number of previous ones (t-1, t-2,…,t-n). Then, each neuron possesses a memory to 
remember previous layer outputs for n periods of time. Similar to the FFNN, the 
TDNN uses the back-propagation algorithm optimized based on the gradients method. 
The time delay n is set to three in this study. 

2.3 NARX Neural Network 

The Nonlinear Auto-Regressive with Exogenous inputs (NARX) neural network 
which was introduced by Leontaritis and Billings [23] is a class of discrete-time non-
linear systems that can represent a variety of nonlinear dynamic systems. In particu-
lar, the NARX network is a dynamic neural network that contains recurrent feedbacks 
from several layers of the network to the input layer. It can be mathematically 
represented as follows: 

 ( ) ( ) ( ) ( ) ( )( )Wdtutudtytyfty uy ;,,1;,,1 −−−=+   (4) 

where u(t) and y(t) are respectively the input and the output of the system at time t, 
du≥1, dy≥1, dy≥du, W is a weights matrix, and f is an unknown nonlinear function to be 
approximated by a FFNN neural network. As a result, the general NARX network 
equation can be written as: 
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where i = 1,...,du; j = 1,..., dy ;h = 1,..., Nh,  fh and fo are the hidden and output func-
tions, wih, wjh and who are the weights, and bh and bo are biases. In this study, the time 
delay d is set to three in this study. 

2.4 Radial Basis Function Neural Network 

The radial basis function neural network (RBFNN) [16] is suitable to model flexible 
in dynamic environment because of its ability to quickly learn data local complex  
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patterns and adapt to changes. The RBFNN system consists of three layers;  
namely the input, hidden and output layer. The input layer distributes the input  
data among the hidden nodes (units) which are fully connected to the previous  
layer. In other words, the input variables are each assigned to a node in the input layer 
and pass directly to the hidden layer without weights. The hidden nodes contain the 
radial basis functions (RBF) represented by Gaussian kernels and used as transfer 
functions to process information contained in input layer nodes. For instance, each 
neuron in hidden layer computes local response to its input. Finally, the neuron in  
the output layer only sums up the outputs of the hidden neurons. Mathematically,  
the output of the jth unit, Hj(x), in the hidden layer for an input xi is computed as  
follows: 
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where xi is the first difference of natural logarithm of market price (for example the 
market return defined as first difference of logarithmic price), cj represents the posi-
tion of the center of the jth Gaussian function, and δ is the width parameter control-
ling the smoothness of the Gaussian function. Finally, the output y of the system is 
calculated by a linear combination of the K radial basis functions plus the bias w0 as 
follows: 
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In this paper, the width of the Gaussian kernel is set to 0.55.  
In our study, the number of neurons in the input layer and hidden layer of a single 

NN (FFNN, TDNN, NARX, RBFNN) is set to one and two respectively. They are set 
to seven in both input and hidden layer in the case of the NN used to combine all 
forecasts. In all cases, the output layer has one neuron corresponding to the predicted 
return. 

2.5 Performance Measure 

Each single NN and NN committee accuracy is evaluated by computing the mean 
absolute error (MAE) which is defined as follows: 

  =
−= m
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m
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1
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where y is the observed value, p is the predicted value, and m is the total  
number of observations in the testing data. The lower is the MAE, the better is the 
accuracy. 
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3 Data and Results 

The empirical study involved the prediction of the NASDAQ price return. Submarket 
set includes banking (first submarket), biotechnology (second submarket), insurance 
(third submarket), other finance (fourth submarket), Telecom (fifth submarket), trans-
port (sixth submarket), and computers (seventh submarket). The data were daily price 
values from 3 January 2007 to 15 November 2013. The purpose is to predict the ag-
gregate market (NASDAQ) return series. They are computed as first difference of 
log-price. Figures 2 to 8 provide banking, biotechnology, insurance, other finance, 
Telecom, transport, and computers submarket return series respectively. The aggre-
gate market NASDAQ return series are depicted in Figure 9. The learning phase con-
sisted of 80% of the observations, while the testing phase consisted of the remaining 
20%. All the obtained results were compared and evaluated by the mean absolute 
error (MAE) statistic. The empirical results are depicted in Table 1. It indicates that in 
all cases the NN ensemble (committee) generated the lowest errors than single NN. 
This result is in accordance with previous works found in the literature [5-13].  

Comparing accuracies between FFNN ensemble, TDNN ensemble, NARX ensem-
ble, and RBFNN ensemble, there are differences in favor of the latter when looking at 
MAE statistic. For instance, they respectively achieved 0.0036, 0.033, 0.0028, 0.0016 
MAE. This result indicates that TDNN ensemble, NARX ensemble, and RBFNN 
ensemble all outperformed the conventional FFNN ensemble used as the main refer-
ence NN ensemble. Thus, ensemble system composed of more advanced NN architec-
ture yield to lower prediction error. Among the NN ensembles considered in this 
study, the RBFNN achieved the lowest forecasting error. This could be explained by 
the fact that  

RBF neural networks have advantages of easy design, good generalization, strong 
tolerance to input noise, and online learning ability in comparison with traditional 
neural networks including sophisticated fuzzy inference systems [24]. In addition, 
contrary to the traditional neural networks trained with back-propagation algorithm 
each hidden unit of the RBFNN acts locally by computing a score for the match be-
tween the input vector and its centers. As a result, the basis units are highly specia-
lized to detect patterns in the underlying data.   
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Fig. 2. Banking sub-market return series 
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Fig. 3. Biotechnology sub-market return series 
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Fig. 4. Insurance sub-market return series 

 

0 200 400 600 800 1000 1200 1400 1600 1800
-0.08

-0.06

-0.04

-0.02

0

0.02

0.04

0.06

 

Fig. 5. Other finance sub-market return series 
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Fig. 6. Telecom sub-market return series 
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Fig. 7. Transport sub-market return series 
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Fig. 8. Computers sub-market return series 
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Fig. 9. NASDAQ return series 

Table 1. MAE results 

 FFNN TDNN NARX RBFNN 

Component 1 0.0152 0.0416 0.0080 0.0025 

Component 2 0.0189 0.0176 0.0325 0.0025 

Component 3 0.0379 0.0431 0.0095 0.0019 

Component 4 0.0248 0.0349 0.0084 0.0023 

Component 5 0.0220 0.0327 0.0410 0.0021 

Component 6 0.0279 0.0288 0.0063 0.0023 

Component 7 0.0192 0.0264 0.0252 0.0018 

Ensemble 0.0036 0.0033 0.0028 0.0016 

4 Conclusion 

This paper evaluates four neural network ensembles each with different neural net-
work architecture with application in forecasting NASDAQ returns. They are the 
conventional feed-forward back-propagation neural network which widely used in the 
literature, time-delay neural network, NARX network, and the radial basis neural 
network. Each ensemble component is used to model the relationship between 
NASDAQ returns and a given NASDAQ submarket returns and to provide a forecast. 
The outputs of the component neural networks are combined together by the combi-
nation module to produce the final output of the ensemble. The combination module 
is represented by a neural network. This result indicated that TDNN ensemble, NARX 
ensemble, and RBFNN ensemble all outperformed the conventional FFNN ensemble 
which was used as the main reference NN ensemble. In addition, the RBFNN 
achieved the lowest forecasting error. 

In summary, our findings are in accordance with those of the literature: ensemble 
neural networks perform better than single neural networks. In addition, this work dem-
onstrated that ensemble systems composed of more advanced NN architectures yield to 
lower prediction error than neural network ensemble composed of conventional  
feed-forward neural networks widely used in the literature. Indeed, such sophisticated 
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architectures provided significant improvement in the prediction accuracy of the 
NASDAQ return series.  

Future research directions include considering other types of time series forecast-
ing problems for better generalization of the results, and considering classification 
problems. 
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