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ABSTRACT: 

The cascade correlation neural network structure is used to predict the daily closing price of the 
particular share item in the stock market.  The primary task of any neural network architecture is 
to reduce the error between the actual outcome of the data and expected value obtained through 
the network architecture.  In conventional cascade correlation neural network (CCNN), 
modifications of weights over the iterations are done with the help of Quickprop algorithms and it 
is relatively a faster learning algorithm in the learning process of weights of the neurons.  The 
drawbacks of this algorithms is a global convergence rate of the architecture, considered being very 
poor.  It is proposed to improve the global convergence rate by increasing the gradient value of the 
error surface in learning algorithm.  The performance of this method is investigated using 
statistical parameters and it is showed that the proposed algorithm converges with a faster global 

convergence rate, aimed to be the most serious objective of this paper. 

Keywords: Neural Networks, Cascade Correlation Neural Networks, Magnified Gradient 
Functions, Stock Price Predictions, Time Series Analysis 

 

 

[1] INTRODUCTION 

Artificial Neural Network [1] is an information processing model based on the mathematical 

computation inspired by biological neurons by its structure, process and organized normally into 
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three levels layers namely input layer, intermediate layer and output layer respectively. Through 

the number of neurons in the hidden layer is to be decided depends upon the input as well as the 

output layers, as there is no specific rule for the decision, normally a thumb rule is applied and the 

learning process is implemented, Apart from this, the accuracy of training is determined by the 

architecture of the network and the activation functions used in their layers.  

The prediction of time series analysis is a fundamental problem in the stock market and equally a 

challenging task to researcher in reaching the level of higher accuracy.  The traditional statistical 

methods appear to be unsuccessful to capture the discontinuities, the nonlinearities and the 

complexity of dataset in a normal time series analysis data; Based on many parameters, since the 

learning process may be extended to any level of accuracy, the better learning in the neural network 

paradigm yields an alternate solution to capture the non-linearity among data in a better way than 

the fundamental statistical prediction methods.  According to fundamental analysis, the stock price 

is depending on profit of the company along with other economic and political environment factors.  

Technical analysis of data implies that the required information to predict future prices and 

integrated within its data collected over the previous years.   In order to predict stock price in future, 

it is analyzed by only historical data and most of the stock price prediction research works had 

been carried out by means of the technical analysis.  The traditional statistical methods appear to 

be unsuccessful to capture the discontinuities, the nonlinearities and the high complexity of datasets 

in time series analysis data. The artificial neural networks provide enough learning and capture the 

complex non-linear models than fundamental statistical prediction methods. The neural networks 

may be more suitable for the time series analysis and its ability to extract rule from huge amount 

of datasets. 

The Cascade Correlation Neural Networks [2] algorithms has been used to evaluate the time series 

analysis data accurately , as it is classified under supervised feed forward neural networks methods.  

The most promising of this architecture apart from other parameter is that the exact number of 

hidden neurons in the hidden layer is established by avoiding extra matrix multiplications as well 

as avoiding memorizing input patterns.   In CCNN, the newly added single hidden neuron is trained 

simultaneously keeping the weights of others neurons as frozen for the time being.  Thus, the size 

of the network is monitored sequentially along iterations, keeping the values of other parameters.  

It is the most widely used learning algorithm, because its architecture is defined by dynamically 

increment the number of hidden neurons from the scratch to reach the optimum number of hidden 

neurons in the hidden layer. It is a simple and an efficient network architecture, because the weight 

of the single hidden unit is trained while keeping the weights of other neurons frozen,  Generally, 

standard CCNN has drawbacks in both input and output layers during training process, since the 

weights of the input neurons are adjusted to maximize its correlation values for adding hidden 

neurons in the hidden layer, whereas, the correlation values does not give assurance to a maximum 

error reduction during appending new hidden units to the active network.  At times, it may slow 

down the convergence of CCNN and poor generalization performance if there is a large network 

exists.  Consequently, the training of output neurons also becomes time consuming.  In order to 
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overcome above drawbacks, recently many research works are carried out to improve the 

performance of the standard Cascade Correlation Neural Networks.  

The orthogonal least square training algorithm[3] and the Quickprop [4] algorithms are used to 

adjust the network weights in standard cascade correlation neural networks and it does not 

performed well in some real life applications. Quickprop algorithm use gradient values of the error 

surface of weight space to estimate the minimum and global convergence capability, but it will get 

trapped in local optima problems.  Traditional genetic algorithm [5] [6] using standard two-point 

crossover and mutation is applied in CCNN to adjust weights.  The trained Evolving Cascade 

Correlation Neural Network [7]  has been applied to classification problems which classified 

96.69% of the testing segments and ECCNN is slightly better than a conventional Cascade 

Correlation Neural Network.  The orthogonal least square method is used for selecting proper 

hidden neurons in cascade correlation neural networks which is applied for function 

approximation, classification and regression [8] to evaluate the generalization performance. Also, 

hybrid neural networks architecture is proposed [9] for financial forecasting. 

The genetic algorithms [10] is proposed to optimize weights, bias and topology of the back 

propagation neural networks which is applied for predicting the West Texas Intermediate crude oil 

price. The direction of movement for stocks [11] and its price, its performance of the model are 

compared with Artificial neural networks, Support Vector Machine, Random Forest and Naive-

Bayes is compared with ten years of historical data of CNX, S&P BSE Sensex and Infosys.  The 

proposed Nonlinear Independent Components Analysis [12] is proposed for original time series 

data into feature space.  Fuzzy ANN short-term prediction [13] is proposed for Buy/Sell decision 

making. Integrating Met heuristics and ANN for improved Stock Price Prediction [14].  The 

Cascade Correlation Neural Network architecture [15] with supervised learning is an implemented 

to train data and hence to test it is coupled along with Work Point Count System.  

[2] CASCADE CORRELATION NEURAL NETWROK 

The Cascade Correlation Neural Network [16] is a supervised feed forward network with its 

structure constructed during learning process and [2] is depicted as in figure 1.  It consists of three 

layers namely input, hidden, and output layer respectively and each layer is connected with 

adjustable weights.  The connections from input to a hidden unit are trained when a hidden unit is 

added to the active network, keeping other weights frozen.  The learning process of CCNN is 

started with minimal network and the process of training is started calculate the error values at the 

end of the each iteration; if the network reaches reasonable error limit, stop the process; otherwise 

add new hidden neuron to the active networks based on the two steps as follows, 
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First, the candidate unit is connected with each input unit, but, it is not connected with output units.  

The connections of the candidate unit weights are adjusted to maximize the correlation value 

between outputs of the candidate unit and the residual error of the output units.  The difference 

between the target and the computed output is called residual error.  When training process has 

completed, the weights are frozen and the candidate unit becomes a hidden unit in the active 

network.  Second, the connection is made between candidate units as hidden unit with output unit 

in active network with adjustable weights.  Meanwhile, all the connections to the output units are 

trained.   The training process is stopped when getting minimum error or reach maximum iteration 

of the network.  If the training process did not convergence with single hidden layer, then, the 

second hidden unit is added using same process.  The second hidden unit receives the input from 

the all input neurons and output of the already added hidden units.  All input to hidden units weights 

are frozen after they have been added to the active network.  But output unit weights are modified 

until reach the optimum error or reach the maximum iteration. 

The residual error for output units 𝑦𝑗(𝑝) for pattern p is as follows,                                                          

𝐸𝑗(𝑝) = (𝑦𝑗(𝑝) − 𝑡𝑗(𝑝)𝑦𝑗(𝑝)′                                                                                                       (1) 

The average residual error for output units of 𝑦𝑗(𝑝) is as follows, 

𝐸𝑎𝑣𝑗
=

1

𝑃
∑ 𝐸𝑗(𝑝)𝑃

𝑝=1                                                                                                                      (2) 

𝑧(𝑝) is the computed activation of the candidate unit for input vector 𝑥(𝑝) and average activation 

of the overall pattern 𝑝 = 1,2 … … 𝑃 of the candidate units is as follows, 

𝑧_𝑎𝑣 =
1

𝑃
∑ 𝑧(𝑝)𝑃

𝑝=1                                                                                                                       (3)                                                                                                                

 

 

Figure 1 : Architecture of the Cascade Correlation Neural Networks with two hidden layer 
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Weight of the all connection is initialized by small random values and biases are included all hidden 

units and output units.  Biases are assigned its activation is always 1. 

The correlation is defined as follows,  

𝐶 = ∑ |∑ (𝑧(𝑝) − 𝑧_𝑎𝑣)(𝐸𝑗(𝑝) − 𝐸_𝑎𝑣𝑗)𝑃
𝑝=1 |𝑚

𝑗=1                                                                          (4) 

This is actually the covariance between the output of the candidate unit z, and the residual output 

error.  The residual output error is the product of the true error and the derivative of the activation 

function for the output unit. In standard CCNN, the weight fine-tuning procedure is finished by 

Quickprop learning algorithms.  The following section discussed outline of the Quickprop. 

[3] MGF-QUICKPROP ALGORITHM 

Many research works have been carried out for improving generalization performance of the 

training algorithms in neural networks.  Quickprop algorithm [17] [18] was developed by  S.E. 

Fahlman to improve the performance of the learning algorithms which is used for adjusting the 

weights in conventional Cascade Correlation Neural Networks. Quickprop utilize successive 

values of the gradient of the error in weight updates to guess the position of the minimum.   

The weight update rule of the algorithm in Quickprop is as follows, 

∆𝑤𝑖𝑗(𝑡) =
𝐸′(𝑡)

𝐸′(𝑡−1)−𝐸′(𝑡)
∆𝑤𝑖𝑗(𝑡 − 1)                                                                                            

 

(5) 

Where ∆𝑤𝑖𝑗(𝑡) is the change of the weight connection the ith and jth nodes at a time of t  and 𝐸′(𝑡) 

is system error at time of t . The partial derivation of the 𝐸(𝑡)  is 𝐸′(𝑡) = 𝜕𝐸(𝑡)/𝜕𝑤𝑖𝑗(𝑡) . 

Quickprop algorithm will obtain an unbounded step and the network will perform chaotically when 

the difference between error values of the time(𝑡 − 1) and time (𝑡) is very small.  To avoid this 

situation, the maximum growth factor 𝜑 is used in the equation (2) as follows, 

∆𝑤𝑖𝑗(𝑡) = max (𝜑,
𝐸′(𝑡)

𝐸′(𝑡−1)−𝐸′(𝑡)
), ∆𝑤𝑖𝑗(𝑡 − 1)                                                           

                   

(6)                                                                                                    

If the value of 𝜑 is small, it converges to the global minimum and if it is large, network may 

become unstable and fail to converge. The default value of 𝜑 is 1.75 and it works fine in dissimilar 

applications.  The drawbacks of the Quickprop [19] is the gradient of the error surface is limited, 

poor in finding the local minima and failure to attempt global convergence. Hence, in this paper, 

the magnified factor S is used to increase the gradient error surface of the network model. In 

derivation of the gradient based learning algorithms applications encountered many drawbacks 

such as convergence rate and trapped in local minimum.  The Magnified Gradient Function has 

improved both the convergence rate and the global convergence rate of the learning algorithms.  

The shortcoming of the Quickprop algorithm which is an overwriting by Magnified Gradient 

Function [20] is used in Cascade Correlation Neural Network for adjusting its weights of the 

network.  This paper proposed a new learning algorithm for improving the performance of the 

conventional Cascade Correlation Neural Network is successfully applied to the time series 
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analysis data. The original weight update rules are added to the values computed equation (6) in 

Quickprop is as follows 

∆𝑤𝑖𝑗(𝑡) = µ𝐸′(𝑡) + 𝛼∆𝑤𝑖𝑗(𝑡 − 1)                                                                                              

 

(7) 

In equation (7), µ is the learning rate and its momentum rate is represented by 𝛼.  The gradient of 

the error surface is still extremely related to the conventional cascade correlation neural networks 

algorithms. Hence, if increase the values of the gradient of the error surface S, then, it can increase 

the convergence rate of the Quickprop. A Quickprop algorithm is possible to combine with its 

gradient value of the error surface by increasing to speedup the convergence process which is done 

by magnified gradient function. MGF_Quickprop [21] solves the above drawback of the standard 

Quickprop among the mentioned fast algorithms in literature.   It magnifies the gradient function 

of the activation function of the learning algorithm with violating its gradient decent property. 

 The Error function defined is 𝐸𝑗(𝑝) = 𝑦𝑗(𝑝) (1 − 𝑦𝑗(𝑝)) in standard Quickprop and it is 

magnified by using a power factor 1/𝑆, where S is the positive real number and it is greater or 

equal 1.  In [21, 22],  the error function is rewrite as  𝐸𝑗(𝑝) = [𝑦𝑗(𝑝)(1 − 𝑦𝑗(𝑝))]
1

𝑆⁄
 in MGF-

Quickprop and it was proved that the convergence rate of MGF-Quickprop is always higher than 

standard Quickprop. 

|(
𝜕𝐸

𝜕𝑡
)

𝑀𝐺𝐹−𝑄𝑢𝑖𝑐𝑘𝑝𝑟𝑜𝑝
| < |((

𝜕𝐸

𝜕𝑡
)

𝑄𝑢𝑖𝑐𝑘𝑝𝑟𝑜𝑝
)|                                                                                  (8) 

From above equation (8), the system error can be further reduced by using the MGF-Quickprop 

which is magnifies the gradient of the error surface.   

Consideration of the ratio of the derivative of the action function of the Quickprop is 𝑓(𝑥) =
1

1+𝑒−𝑥 

and its partial derivative function is 𝑓′(𝑥) = 𝑓(𝑥)(1 − 𝑓(𝑥)).  In the proposed MGF-Quickprop 

algorithms; it is magnified by using a power factor 
1

𝑆
 ,  it will become as 𝑓′(𝑥, 𝑆) =

𝑓(𝑥)(1 − 𝑓(𝑥))1/𝑆 .  

[4] PERFORMANCE EVALUTIONS 

In this section, the effectiveness of the proposed ICCNN is evaluated on a set of benchmark time 

series analysis data which is used as a model to predict future values based on previously observed 

values.  

[4.1] Stock price prediction  

Predicting stock future price [23] is broadly considered as topic in many fields namely trading, 

finance, statistics and computer science,  which naturally to predict the direction of the future price 

such that stocks can be bought and sold at profitable positions.  Even small improvements in 

predictive performance can be very profitable.  Moreover leading approach for prediction stock 

price in computer science seems to be using neural networks and evolutionary algorithms.  In this 

paper, the proposed model has been applied to predicting the stock closing price in future days 

including State Bank of India, HCL datasets that is obtained in yahoo financial section [8, 24].  The 

datasets contain an open price of the day, high price of the day, average price of data, and closing 
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price of the day which is used as an input data and its closing price of the day used for target value 

of the model. The performance evaluation of the proposed model has been done by selecting stock 

market datasets into two types including short-term [25] data and long-term  [26] data for predicting 

the stock closing price in future days 

[4.2] Performance Measurements  

In order to study the performance of the proposed Improved Cascade Correlation Neural Networks, 

that is measured by statistical measures namely Mean Absolute Error and Root Mean Square Error 

(RMSE), its performance is evaluated to applying well standard time series analysis dataset 

including stock price prediction.  

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑡(𝑖) − 𝑦(𝑖)|𝑁

𝑖=1                                                                                                           (10) 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑡(𝑖) − 𝑦(𝑖))2𝑁

𝑖=1                                                                                                    (11)    

Where, N is the number of data points, t is the actual target value of ith positions and y is the 

predicted output of ith  position.   

[4.3] Result Analysis  

The performance evaluation of the proposed model is conducted on two types of predictions such 

as short-term prediction and long-term prediction.  The experimental results implemented using 

MATLAB R2015b.  In short-term prediction, both State Bank of India and HCL datasets are 

collected for 784 working days for 3 years data that covers the period from January 2014 to 

December 2016.  From the whole dataset, 600 data points are used to training and its remaining 

184 data points are used to testing in both State Bank of India and HCL.  

In long-term prediction, the State Bank of India dataset is collected for 2858 working days and 

HCL dataset is collected for 2862 working days of data points are covering the period from January, 

2006 to December 2016, in which, 2500 data points are used to training phase for both datasets 

and its remaining 362 data points of state bank of India, 358 data points of HCL are used to testing 

phase.  

[4.4] Discussions 

The responsibility of the predictor is to produce more accurate prediction within the given 

constraints.  The main factors need to decide to improve the generalization performance of the 

predictor.  In stock price prediction such as computational cost, less memory and accuracy of 

prediction are also considered.  In short-term predictor, they need to low computational cost, less 

memory.  Since, it takes only with two year stock data for learning, more than 10 years data are 

selected for long-term prediction stock, therefore it need huge amount of memory and more 

computational cost for learning process. 

In proposed Improved Cascade Correlation Neural Networks, MGF-Quickprop is used to improve 

the performance of the proposed model that combine with magnifying gradient value of the error 
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surface to speedup the convergence process.  The magnified factor S is defined as S=2 [22].  The 

all learning algorithms weights are initiated by small random values that range between -0.5 and 

0.5 its termination conditions is set 0.0005.  The result of the proposed model has been obtained 

its statistical parameters and its statistical parameters are calculated its average values of the 

different 10 runs on 10 different weights.  The proposed model has been noticed that the error is 

least in comparison with standard CCNA in term of both short-term and long-term stock price 

prediction that applied with both well known stock datasets including SBIN and HCL.  Standard 

CCNN has low convergence rate, because of the weight modification does not include the gradient 

factor error.  Therefore, the proposed criterion improves the effectiveness and accuracy for the 

predicting the stock price and its performance analyzed by statistical measures such RMSE and 

MAE which is depicted in the table 1 for short-term prediction and its graphical representation of 

the prediction relations of the proposed model compared with actual stock price in figure 1 and 

figure 2.  In Short-Term prediction, the proposed model 0.0428 is increased in term of RMSE and 

0.0324 is increased in term MAE for HCL datasets and 0.0356 is increased in term of RMSE and 

is 0.0312 increased in term MAE for SBIN dataset.  Table 2 is depicted the performance of the 

proposed model for long-term prediction and its graphical representation shows in figure 3 and 

figure 4. In Long-Term prediction, the proposed model 0.0502 is increased in term of RMSE and 

0.0408 is increased in term of MAE for HCL datasets and 0.0026 is increased in term of RMSE 

and 0.004 is increased in term of MAE for SBIN dataset.   

The proposed model has formed considerable improvement is achieved when applying state bank 

of India dataset and slightly improved when applying HCL datasets.  The table 1 and table 2 have 

concluding that the proposed model performs always outperform than standard CCNN in term of 

 

Table 1 : Performance of the Short-Term Prediction in Testing 

 

Methods 
HCL1 SBIN2 

RMSE3 MAE4 RMSE MAE 

Improved 

CCNA 
0.0468 0.0370 0.0212 0.0164 

Standard 

CCNA 
0.0896 0.0694 0.0568 0.0476 

 

Table 2 : Performance of the Long-Term Prediction in Testing 

 

Methods 
HCL SBIN 

RMSE MAE RMSE MAE 

Improved 

CCNA 
0.0266 0.0152 0.0387 0.0262 

Standard 

CCNA 
0.0768 0.0561 0.0413 0.0266 

 

 

HCL1 - HCL Technology,  SBIN2 - State Bank of India, RMSE3 - Root Mean Square Error, MAE4 - Mean 

Absolute Error 
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convergence rate. Even though, Quickprop is fastest learning algorithm, but it has low convergence 

rate.  Convergence rate of the proposed algorithms is shows excellent prediction performance in 

all datasets which is better than standard CCNN.  

[5] CONCLUSION 

Predicting the stock price in the stock market is significant for the enlargement of successful market 

trading strategies. Usually, it effects financial investor decision to buying or selling their share in 

the market in right time and even small change of price is earn more benefits to the investors.  

These tasks are highly difficult and complicated to predict the future price of the share. This present 

study is focused on predict the closing price of future days in the well known stock data including 

HCL and State Bank of India.  Two prediction models are compared with short-term data and long-

term data and the proposed Improved Cascade Correlation Neural Network is improving the 

convergence rate than standard CCNN by magnifying the gradient function in error surface.  The 

convergence rate of the ICCNN and its simulation results showed that its convergence rate was 

faster than standard CCNN.  The process of adjusting weight of the networks in deterministic way 

which describing with the computation complexity.  The proposed methods further improve the 

performance and it is outperformed for the time series analysis in term of convergence rate. 
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Figure 2: Performance of the proposed model for HCL datasets in Short-Term Prediction   

 

Figure 3: Performance of the proposed model for SBIN datasets in Short-Term Prediction   
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Figure 4: Performance of the proposed model for HCL datasets in Long-Term Prediction   

 

 

Figure 5: Performance of the proposed model for SBIN datasets in Long-Term Prediction   

 

 

 

 


