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Abstract-In this paper two computationally efficient functional link artificial neural network (FLANN) modelshave been 

critically examined by LMS, RLSlearning algorithms to efficiently trace the price movements of the stock market data for 
future days ahead.DJIA stock indices have been taken into consideration to validate all the models and comparison among 

them has been carried out with respect to the results obtained. From the simulation results, it is observed that the 

performance of LMS and RLS tuned FLANN model for the case of lower number of ahead prediction task is promising, 

simpler, and involves lesser computation as compared to other such models used by the researchers. 
Keywords: FLANN, LMS, RLS, Potential Indicators, Stock Indices. 

 

 
I. INTRODUCTION 

Stock Market prediction is carried to determine the appropriate time to buy, hold or sell. As it affects 

economic conditions of a country, it always becomes a popular field of research. As more and more money is 

being invested by the investors in the stock market, the risk associated with it also increases. Thus tracing of 

stock index system is very essential. But it is not an easy task to predict stock market prices because the stock 

market is chaotic in nature and stock indices are nonlinear, dynamic, non-parametric, and complicated. That’s 

why stock market tracing research offers many challenges and opportunities. 

The Dow Jones Industrial Average (DJIA) index was launched in 1896 with 12 stocks and is now the 

world’s most often quoted stock exchange index, based on a price-weighted average of 30 significant companies 

traded in the New York Stock Exchange (NYSE) and NASDAQ. The general indication of the behaviour of the 

market towards different information is obtained by the index. The Standard & Poor (S&P) 500 is another well-

known index considered by the researchers for the index tracing systems. The volatility of the financial time 

series changes with respect to time. Also, Stock market is affected by many factors such as investor’s 

expectations, psychology of investors, institutional investor’s choices, general economic conditions, political 

events, policies of the firms as well as movement of the other stock market, etc.[1]. 

Till today, research in the field of stock index tracing system on numerous stock exchanges across the globe 

is in primary stage. Still, a big question comes into the mind of the researcher’s, whether stock market can really 

be predicted? Numerous challenges still exist in everyday application of stock floor by the investors to obtain a 

huge return. The major theories regarding these facts include Random Walk Hypothesis and the Efficient 

Market Hypothesis [2]. The model using potential indicators in combination with neural network to predict 

DJIA index was able to make positive out-of-sample which is effective in improving the accuracy of stock price 

prediction [3]. 

It is observed that, in order to improve the prediction capability, the complexity of the neural network 

models are increasing in general, resulting longer training time and higher computational resources. Hence, our 

approach in this paper emphasizes on how to overcome complexities of the neural network models and increase 

the prediction accuracy by using a super performance FLANN model learned by Least Mean Square (LMS) 

andRecursive Least Square (RLS) learning algorithms over Multilayer Perceptron-Backpropagation(MLP-BP) 

model. 

The remainder of the paper is structured as follows. Section 2 discusses the related works about the FLANN. 

Section 3 discusses about thedifferent proposed approaches. Analysis of dataset and input selection are 

discussed in Section 4. Section 5 describes about the experimental results along with the model comparisons. 

Finally, conclusions and future research direction are discussed Section 6. 

 

II. FUNCTIONAL LINK ARTIFICIAL NEURAL NETWORK 

 

FLANN is a class of High Order Neural Network (HONN) that utilize higher combination of its inputs [4]. It 

was created by [5] and has been successfully used in many applications such as classification [6][7], pattern 

recognition [8], and prediction [9]. FLANN is much more modest than MLP since it has a single-layer network 

compared to the MLP but still able to handle a nonlinear separable prediction task with faster convergence rate 

and lesser computational load. The architecture is basically a flat network without any hidden layer which has 

made the learning algorithm used in the network less complicated [10]. The functional expansion of the inputs 

to the network effectively increases the dimensionality of the input vector and hence the hyper-planes generated 
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by the FLANN provide a greater discrimination capability in the input pattern space. In this paper, emphasis is 

given to trace the stock index system using the potential indicators based FLANN computational model. Figure 

1 shows the basic architecture of the FLANN. 

 

 

 

 

 

 

 

 

 

 

 

Fig.1Architecture of functional link artificial neural network 

 

III. OUR APPROACH 

The most popular model used to solve complex prediction problem is multilayer neural network. There are 

many algorithms to train neural network models. However, due to the complex nature of the model, one single 

algorithm cannot be claimed to be the best for training to suite different scenarios of complexities of real life 

problems. Looking into this matter, number of layers and number of neurons in the hidden layer need to be 

changed. As the number of layers and the number of neurons in the hidden layers increases, training of the 

model becomes more complex. 

To overcome the complexities associated with multilayer neural network, a single layer neural network can 

be considered as an alternative approach. But the single layer neural network being linear in nature often fails to 

solve the complex nonlinear problems. The prediction task in stock market is highly nonlinear in nature. 

Therefore, a single layer NN cannot solve this problem.  

Hence, to bridge the gap between linearity in the single layer neural network and the highly complex and 

computationally intensive multilayer neural network, the FLANN architecture with different learning algorithms 

like LMS and RLS is proposed for prediction of stock index. In contrast to the linear weight of the input pattern 

produced by the linear links of the artificial neural network, the functional link generates a set of linearly 

independent functions acting on elements of a pattern and evaluates these functions. Figure 2 shows a simple 

proposed model using FLANN architecture with a pattern of eleven inputs for the purpose of stock index 

prediction. 

The basis functions for the FLANN, B= { Фi∊ L(A)}i∊ x is to be selected keeping the following characteristics 

into considerations: i) (Фi = 1, ii) the subset Bj = {Фi∊ B  }
j 

i=1 is a linearly independent set, i.e.,  if 
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of basis functions to be considered for the proposed model using FLANN as shown in Figure 2. Thus, the 

FLANN consists of N basis functions { Ф1, Ф2, Ф3, …… ФN} ∊BNwith the following input-output relationship for 

the j
th
 output: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2 Proposed Model using FLANN architecture 
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                                                                             (1) 

 
where,                                                                                         (2) 
 

where X ∊ A ⊂
nR , i.e., X= [ x1,x2………xn ]

T
  is the input pattern vector, ŷ ∊

nR , i.e.,    ŷ = [ŷ1ŷ2…..ŷm]
T
 is 

the output vector and Wj = [Wj1Wj2…….WjN ] is the weight vector associated with j
th

 output of the network. The 

non-linear function considered in this caseρ (•) =tanh(•).Considering the m-dimensional input vector, A can be 

written as : 

 

(3)              

 
where, W is (m x N) weight matrix of FLANN given by, W = [w1w2 ……..wm]

T
, Ф = [Ф1(X)Ф2(X)…….. ФN 

(X)]
T
  is the basis function vector, and S = [S1S2………SN]

T
 is a matrix of linear outputs of FLANN. The m-

dimensional output vector ŷ may be given by: 

 

)()(ˆ  wfSy                                                             (4) 
 

A. Learning of FLANN Model 
 

The hardware structures of MLP and FLANN differ in the sense that FLANN has only input and output 

layers and the hidden layers are completely replaced by the nonlinear mappings. In fact, the task performed by 

the hidden layers in an MLP is carried out by functional expansions in FLANN. Being similar to a MLP, the 

FLANN also uses BP algorithm to train the neural networks. A shown in Figure 2, the STAGE-1 describes the 

11 potential indicators [3] as the input factors of the validated datasets taken as the input of the network. These 

eleven potential indicators are then mapped to a higher dimensional space by functional expansion using 

trigonometric functions as given below:  
 

Ф= [(x1, sinπx1, sin2πx1, cosπx1, cos2πx1), (x2, sinπx2, sin2πx2, cosπx2, cos2πx2),……( x55, sinπx55, sin2πx55, 

cosπx55, cos2πx55)](5) 

The weighted sum is defined by  

 

 

                                                                                                  (6) 
 

 

 

 

The motivations for using trigonometric polynomials in the functional expansion stage is that, of all the 

polynomials of N-th order with respect to an orthonormal system {Фi(x)}
N

i=1 , the best approximation in the 

metric space L
2
 is given by the N

th
 partial sum of its Fourier series with respect to this system. Thus, the 

trigonometric polynomial basis functions given by {1,cos(π x),sin(π x),cos(2π x),sin(2π x),....,cos(Nπ x),sin(Nπ 

x)} provide a compact representation of the function in the mean square sense. However, when the outer product 

terms are used along with the trigonometric polynomials for function expansion, better results were obtained in 

the case of learning of a two-variable function. The trigonometric polynomial expansion of the original data set 

is used in the STAGE-II of Figure 2. 

The STAGE-III of the FLANN architecture describes the training of the datasets and the learning of the 

FLANN network. The learning of ANN can be described as approximating a continuous, multivariate function 

f(X) by an approximating function fw(X).Given a function the objective of the learning algorithm is to find the 

optimum weights such that fw(X) obtained approximates f(X) within an error e. This is achieved by recursively 

updating the weights. Let the training sequence be denoted by {Xk,   yk } and the weight of the network be W(k), 

where k is the discrete time index given by k= κ + λK, where λ =0,1,2,….., and κ = 0,1,2,…,K. From equation 2, 

the j
th
 output of FLANN at given time k is given as below: 
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For all X ∈A and j =1, 2, 3… m where )]()......()([ 21 kNkk   . Let the corresponding error be 

denoted by ej(k)=yj(k) – ŷj(k). 

The LMS, RLS are the two different learning methods used in our approach for training the dataset which 

has been described below. 
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1) LMS Learning 
 

Least mean squares (LMS) algorithm is a stochastic gradient descent method in which the filter is adaptive 

based on the error at the current time. It was invented in 1960 by Stanford University professor Bernard 

Windrow and his first Ph.D. student, Ted Hoff.The adaptive linear combiner output yk linear combination of the 

input samples. The error in measurement is given by: 

k
T
kkk Wd  (8) 

where, 
T
k is the transpose vector of input samples. To develop an adaptive algorithm, it is required to estimate 

the gradient of ξ=E [ε
2
k] by taking differences between short term averages of ε

2
k. Instead, to develop the LMS 

algorithm process, ε
2

kis taken as the estimate of εk. Thus at each iteration in the adaptive process a gradient 

estimate form is as follows: 

 

 

 

 

 

 

 

 

 

 

 

With this simple estimate, the steepest descent type of adaptive algorithm is specified as  

 

 

            =Wk + 2μskXk,                                                          (9) 

 

where “μ” is the gain constant that regulates the speed and stability of adaptation. Since the weight changes at 

every iteration are based on imperfect gradient estimates, the adaptive process is expected to be noisy. The LMS 

algorithm can be implemented without squaring, averaging or differentiation and is simple and efficient process. 

As with all adaptive Algorithms, the primary concern with the LMS algorithm is its convergence to the weight 

vector solution, where error E [ ε
2

k] is minimized. 

In our proposed model, the Least Mean Square (LMS) update rule for all the weights of the FLANN is 

given by, 

 

)()()()1( kkkWkW                               (10) 

 

where, W = [ w1(k)w2(k)…….wm(k)]
T
 is the m x N dimensional weight matrix of the FLANN at the k

th
time 

instant is,  

 

δ(k) = [δ1(k)δ2(k)………δm(k)]
T
                                   (11) 

 

And   δj(k) = (1- ŷj (k)
2
)ej(k)                    (12) 

 

 

 

2) RLS Learning 

 
 

The least-squares technique is an algorithm that finds a set of weights that maps the trading 

recommendations by all the rules to the correct trading actions to be taken in stock index predictions. Given the 

set of input factors { )(),...,2(),1( Nuuu } and the set of desired output response { )}(),...,2(),1( Nddd . In 

the family of linear filters their output is computed according to equation 13. 
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Then recursively the parameters { )}(),...,(),( 110 nwnwnw m are found to minimize the sum of error 

squares as equation 14. 
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Where the error signal is 
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And the weighting factor reduces the influence of old data 

niin ,...,2,1,1),(0    

Usually taking the form ( )10   where, niin in ,.....2,1,),(    

In our proposed model, the Recursive Least Square (RLS) update rule for all weights of the FLANN is 

given by 

 

 W (k+1) = W (k) + ej(k)zzk
’
(k)              (16) 

 

Where, zzk(k)=z(k)/(1+q), q=X(k).zk(k) and zk(k)= R(k).X(k) 

 

The autocorrelation matrix R(k) is updated with the equation, 

 

R (k+1) = R (k)-zzk (k).zk (k)
’
(17)  

 

Which is initialized using the expression, R (0) = η.I, where I is the identity matrix and η is the constant.    

 

IV. ANALYSIS OF DATASET AND INPUT SELECTION 
 

Even though the proposed algorithms is primarily intended for prediction of datasets with large number of 

records and a moderate number of inputs, it can also be used very well on more conventional datasets. To 

exhibit this fact we evaluated our algorithm using a dataset consists of historical prices of the daily closing price, 

opening price, and lowest value in the day, highest value in the day and the total volume of stocks traded in each 

day obtained from the yahoo finance website: http://finance.yahoo.com/. We collected daily closing price of the 

index in each day values for DJIA starting from 3
rd

 January 2000 to 22 October 2007 for a period of seven years 

(Figure 3) and have made a dataset using potential indicators as described in [3]. Each input is splitted into five 

branches each being distinct function of the primary input. Thus effectively, now the five times the primary 

inputs are considered which go as inputs to the single neuron. Our proposed system first takes the calculated 

values of the daily closing prices of DJIA stock index using eleven numbers of different potential indicators as 

an input and then functionally expands each of the inputs to four different values using trigonometric functions 

namely sinπx, sin2πx, cosπx and cos 2πx along with the daily closing prices(x) itself as shown in Figure 2. Then 

the functionally expanded dataset is trained and learned using the LMS and RLS algorithm to find out the 

optimum weights as discussed in this paper. The results are compared with the different learning methods and 

with the benchmarks.  

 The proposed model is used to efficiently trace the price movements of the stock market data for future days 

ahead one day, 30-days and 60-days in advance. In our model, the inputs of the network have been normalized for the 

proper training of the network. The inputs are normalized to values between +1 and -1 which has been done by 

the normalization technique using the formula as shown below by considering the maximum and minimum of 

the data set.  

 

   (14) 
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where, Y is the normalized values and X is the present value. 

 

 
Fig. 3 Graph showing daily price change of DJIA 

 

As normalization process is not mandatory but helps to improve the performance, so after pre-processing and 

normalization our dataset is fixed to a total number of 378 numbers of data points. The dataset is divided into 

two one for training and another for testing. The number of samples taken for training and testing are given in 

Table 1. 
 

TABLE I 

NUMBER OF SAMPLES 

Dataset 
Data  

From &To 

Total 

Samples 
Training Testing 

DJIA 

3
rd

 January 2000 

 to 

 22 October 2007 

408 265 113 

 

An optimum value of the convergence coefficient of 0.1 is considered for our all prediction experiments. Our 

trainingprocess involves weight update method which is epoch based. The initial weights of the network are 

taken as 56 random values between -1 to +1. The weights remain unchanged till all of the training dataset is fed 

into the network, compared with the desired output as shown in Figure 4. The mean square error for the entire 

epoch is calculated, and then the adaptive weight update takes place. TheLMS and RLS updated algorithms are 

used in our experiments to updates the weights by adding the product of the convergence constant, the 

respective input with the mean error for the epoch to the weights of the previous epoch.  

The cost function for the training process is the Mean Square Error (MSE). It is suitable to end the 

training of the network when the minimum level of the cost function is observed. Thus for each iteration (epoch), 

the mean square error is calculated. The number of iteration is decided upon by gradient of the MSE curve. It is 

observed that at the 10000 iterations, there is no significant decrease in the MSE; hence the training experiment 

is stopped as indicated in Figure 5. It is also observed that the high number of iterations tends to give better 

training of the network. 
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Fig. 4 Plot of predicted vs. actual price at the last iteration of training for DJIA 

 
Fig. 5FLANN showing mean square error during training 

 

After the completion of the training process, testing is performed on the proposed model. The percentage of 

error is recorded for each dataset and the mean of all the percentage error of the testing data set is calculated. 

The Mean Absolute Percentage Error (MAPE) is used to evaluate the performance of the trained prediction 

model for the test data. The care has been taken to minimize the MAPE for testing patterns in the quest for 

finding a better model for forecasting stock index price movements The MAPE is defined as follows:          

 


 




N

j j

jj

N
MAPE

1

ˆ1
100(19) 

 

Where, jY  is the predicted value and jŶ is the desired value and N is the total number of test data. 

 
 

V. EXPERIMENTAL RESULTS 

In order to evaluate the performance of the proposed learning scheme such as LMS and RLS algorithm updated 

FLANN for prediction of stock index, simulation experiments were carried out on a personal computer having, 

2.30 GHz Core i5-2410M Intel CPU with 4.0 GB RAM in a 64-bit Operating System. The comparison of LMS, 

RLS training algorithms of FLANN modelare discussed based on the simulation results implemented in Matlab 

2010b. The following numbers of experiments have been carried out to study the performances of the systems. 

 

1) Experiment-1 
 

To perform the one day, 30-days, and 60-days in advance prediction with Least Mean Square (LMS) update, 

the experiments were carried out for 10 numbers of times and their MAPEvalue was recorded for each number 

of 10000 iterations. The best MAPE values found is shown in Table 2. 
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TABLE III 

MAPE VALUES WITH LMS UPDATED TARING TO FLANN 

 
 

 

 
2) Experiment-II 

 

To perform the one day, 30-days, and 60-days in advance prediction with Recursive Least Square (RLS) 

update, the experiments were carried out for 10 numbers of times and their MAPE value was recorded for each 

number of 10000 iterations. The best MAPE values found is shown in Table 3. 
TABLE IIIII 

MAPE VALUES WITH RLS UPDATED TARING TO FLANN 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The comparative results of all the learning algorithms to FLANN model like BP, LMS and RLS for one day, 

30-days, and 60-days in advance prediction are shown in Table 4. 

 
 

TABLE IVV 

COMPARATIVE STATUS OF BP, LMS AND RLS LEARNING 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

VI. CONCLUSIONS 
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FLANN model trained with LMS, RLS, and BP has been examined thoroughly for prediction of the stock 

index using DJIA dataset. Further, the usage of the weight values obtained by different potential indicators and 

the set of optimized trigonometric basis functions chosen for the expansion of the inputs gearing up the models 

for enhancing accuracy. Experimental study demonstrated that, in most cases LMS updated algorithm based 

FLANN model proved to be as good as or better than the RLS updated algorithm based FLANN. FLANN 

model has made prediction of the stock market indices simpler and involves lesser computation as compared to 

other such model done in our previous work [3] like MLP-BP model in which MAPE values for one day, 30-

days, and 60-days in advance prediction were found to be  0.80%, 0.92% and 0.96% respectively. Hence, this 

approaches of FLANN model tuned with LMS, RLS as well as BP can attract the researchers working in 

financial domain for prediction task. Future research includes simultaneous evolution of architecture tuned by 

the evolutionary approaches. A rigorous study on the convergence and stability analysis of the proposed model 

will also be made.  
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