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ABSTRACT
Stock prices are very dynamic and susceptible to quick changes because of the
underlying nature of the financial domain. Difficulty in prediction of stock prices comes from the
complexities associated with the market dynamics when parameters are constantly shifting and
are not fully defined. Recently a lot of interesting work has been done in area of applying
Machine Learning Algorithm for analyzing and predicting stock prices. In this paper an attempt is
made to predict the daily closing prices of BSE sensex data using the daily opening price, high
price and low price. Due to the volatile nature of the closing prices, the basic assumption of
normality for parametric modeling of the data is not met. There by nor parametric neural network
models are proposed. In addition the prediction variables considered are multi collinear and hence
classical Ridge Regression model is fitted. Computation nonparametric neural network model
surpassed classical statistical model in predicting the daily prices. Standard error measures are
used to validate the prediction ability of the proposed models.
Keywords: Multilayer Perceptron, Normality, Multicollinearity, Ridge Regression, Mean
Absolute Error.

I. INTRODUCTION
Interest in financial markets has increased in the last couple of decade, among
participants, private-sector market operators, policymakers and academics. . It is often argued that
financial market is very efficient. Therefore, it is difficult to make short term and long term
forecasting efficiently. A large body of literature has been accumulated over many years
concerning the validity of the efficient market hypothesis (EMH) with respect to stock markets.
Predicting the stock market is very difficult since it depends on several known and unknown
factors. The power of neural networks is its ability to model a nonlinear process without a priori
knowledge about the nature of the process. In this paper we have made an attempt to explore the
emerging field of artificial neural network to the complex task of modeling stock prices in the
Indian context. We examined both Feed Forward Neural Network (FFN) using back propagation
algorithm with early stopping and Radial Basis Neural Network (RBN).
The network inputs, architecture, training strategies were decided based on experimental
results. The trained networks are then used for price prediction of stock. There have been a
number of attempts to apply ANN to the task of modeling security prices ([2], [4], [6], [7], [8]
and [10]). When it comes to performing a predictive analysis of the security prices, it is very
difficult to built one general model that will fit every market and every security. Experience has
shown that such models tend to be specific to markets and asset classes and a general model may
not be applicable across markets and asset classes. One of the major problems faced in modeling
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financial markets is the fact that the information comes in from very large number of sources, and
at least some of the price movements are direct results of the expectation by market participants
of that very moment [11]. It has been observed that financial markets get affected by virtually
anything that has a bearing on the economy.
In Indian context stock price and trend prediction using neural network was done [9]. In
recent years, the genetic algorithm (GA) and the neural network system (NNs) have been widely
used to solve financial decision-making problems due to their excellent performances in treating
non-linear data with self-learning capability. ([3], [8])
The research work is organized as follows: Section 2, briefly discuss Multivariate
normality, the fundamental concepts of ANN, Multicollinearity and Ridge Regression: Section 3,
discuss checking multivariate normality , construction of ANNs for modeling BSE SENSEX data
and fitting Ridge Regression and Section 4, is Conclusion.

II. METHODOLOGY
A. Multivariate Normality

Many Multivariate normality tests are available to test the Marginal normality in a multivariate
data. The Shapiro-Wilk test is used if sample size is less than or equal to 5000. Mardia's skewness
and kurtosis coefficients are computed and tests of significance are performed for these
coefficients using asymptotic distributions. These tests are generally effective for testing
multivariate normality. Henze-Zirkler test statistic is found with the associated p-value using the
lognormal distribution.
Let

be a

x

matrix of

observations on a

dimensional vector

and

with sample mean and covariance
Create the

x

where

matrix:
(1)

And define multivariate measures of skewness and kurtosis as:
(2)
and
(3)
An omnibus test based on these measures is given by
(4)

(5)
The Henze-Zirkler test is based on a nonnegative functional D(.,.) that measures the distance
between two distribution functions and has the property that
if and
only if
where
is a d-dimensional normal distribution.
The distance measure D(.,.) can be written as

(6)
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were

and

are the Fourier transforms of P and Q, and

function. The density of the normal distribution

is a weight or a kernel

is used as
(7)

were |t| = ( t' t)0.5. The parameter

depends on n as

(8)
The test statistic computed is called
and is approximately distributed as a log normal. The
log normal distribution is used to compute the null hypothesis probability.
B. Multilayer Perceptron

The multilayer perceptron (MLP) or radial basis function (RBF) network is a function of
predictors (also called inputs or independent variables) that minimize the prediction error of
target variables (also called outputs). The MLP procedure fits a particular kind of neural network
called a multilayer perceptron. The multilayer perceptron uses a feed forward architecture and can
have multiple hidden layers. It is one of the most commonly used neural network architectures.
MLP optionally rescales covariates or scale dependent variables before training the neural
network. MLP optionally divides the dataset into training, testing, and holdout data. The neural
network is trained using the training data. The training data or testing data, or both, can be used to
track errors across steps and determine when to stop training. The holdout data is completely
excluded from the training process and is used for independent assessment of the final network.
Units in the hidden layers can use the hyperbolic or sigmoid activation functions. Units in the
output layer can use the hyperbolic, sigmoid, identity, or soft max activation functions.
The neural network can be built using batch, online, or mini-batch training. Gradient
descent and scaled conjugate gradient optimization algorithms are available. The MLP procedure
uses random number generation during random assignment of partitions, random sub sampling
for initialization of synaptic weights, random sub sampling for automatic architecture selection,
and the simulated annealing algorithm used in weight initialization and automatic architecture
selection. There are three rescaling options: standardization, normalization, and adjusted
normalization. All rescaling is performed based on the training data, even if a testing or holdout
sample is defined.
C. Radial Basis Function
Radial basis function (RBF) networks have a static Gaussian function as the nonlinearity
for the hidden layer processing elements. The RBF procedure fits a radial basis function neural
network, which is a feed forward, supervised learning network with an input layer, a hidden layer
called the radial basis function layer, and an output layer. The hidden layer transforms the input
vectors into radial basis functions. Like the MLP (multilayer perceptron) procedure, the RBF
procedure performs prediction and classification. RBF optionally rescales covariates (predictors
with scale measurement level) or scale dependent variables before training the neural network.
There are three rescaling options: standardization, normalization, and adjusted normalization.
RBF optionally divides the dataset into training, testing, and holdout data. The neural network is
trained using the training data. The testing data can be used to determine the “best” number of
hidden units for the network.
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The holdout data is completely excluded from the training process and is used for
independent assessment of the final network. Units in the hidden layer can use the normalized
radial basis function or the ordinary radial basis function. Normalized radial basis function uses
the soft max activation function so the activations of all hidden units are normalized to sum to 1.
This is the default activation function for all units in the hidden layer. Ordinary radial basis
function uses the exponential activation function so the activation of the hidden unit is a Gaussian
“bump” as a function of the inputs. The best model is the one which has minimum error. The
models which have the minimum sum of square error and relative error value for both MLP and
RBF are found.
Rescaling of Variables:

X − Mean
s
X − Minimum
Maximum − Minimum

Standardization =
Normalization

=




X − Minumum




-1
Adjusted Normalization = 2 *
Maximum − Minimum 

(9)
(10)

(11)

For normalizing dependent variable normally and adjusted normally a correction factor ε is
applied to the rescaling formula to ensure that all the rescaled dependent variable values will be
within the range of the activation function. Error Functions that are used are sum of square error
and relative error which are measured for training, testing and hold out.
Sum of Square Error, ET (ω ) =

M
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m
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(12)
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= The mean of Yn(m )

D. Ridge Regression

Multiple Linear Regressions are very sensitive to predictors being in a configuration of
near-collinearity: when this happens, the model parameters become unstable (large variances) and
can therefore no longer be interpreted. From a mathematical standpoint, near-collinearity makes
the X'X matrix ill-conditioned. Exact collinearity occurs when at least one of the predictors is a
linear combination of other predictors. X is not a full rank matrix anymore, the determinant of X
is exactly 0, and inverting X'X is not just difficult, it is downright impossible because the inverse
matrix simply does not exist. Ridge Regression is a variant of ordinary Multiple Linear
Regression whose goal is to circumvent the problem of predictor’s collinearity. It gives-up the
Least Squares (LS) as a method for estimating the parameters of the model, and focuses instead
of the X'X matrix. This matrix will be artificially modified so as to make its determinant
appreciably different from 0.
By doing so, it makes the new model parameters somewhat biased (whereas the parameters as
calculated by the LS method are unbiased estimators of the true parameters). But the variances of
these new parameters are smaller than that of the LS parameters and in fact, so much smaller than
their Mean Square Errors (MSE) may also be smaller than that of the parameters of the LS model.

22

Journal of Computer Applications Research and Development (JCARD), ISSN 2248-9304(Print), ISSN
2248-9312 (Online) Volume 1, Number 1, April-June (2011)

This is an illustration of the fact that a biased estimator may outperform an unbiased estimator
provided its variance is small enough.

III. RESULTS AND FINDINGS
The most widely tracked and popular stock index in India is the BSE SENSEX. We used
daily open, high, low and closing prices for the trading period from January 2007 till 26 October
2009 (689 days).
A. Multivariate Normality

The Marginal and the joint normality of the variables are checked using Shapiro- Willks
test , Mardia’s Skewness and Kurtosis and Henze-Zirkler tests. From the Table I and II it can be
clearly seen that the condition of Normality is violated.

Variable
OPEN
HIGH
LOW
CLOSING

TABLE I Marginal Normality Tests
Test
Test Statistic
Shapiro-Wilk
0.963
Shapiro-Wilk
0.964
Shapiro-Wilk
0.962
Shapiro-Wilk
0.963

TABLE II Joint Normality
Test
Coefficients Test Statistic
Mardia Skewness 23.025
2660.152
Mardia Kurtosis
70.070
87.273
Henze-Zirkler
15.034

p-value
0.000
0.000
0.000
0.000

p-value
0.000
0.000
0.000

As the normality assumptions are not met the prediction of the closing prices is made
with non parametric neural network model.
B. Neural Network Model

The variables high, low and open are considered as inputs and the closing price as the
target variable. The partitioning of the variables is done in such a way that, out of the entire lot
57.8% of the data are considered for training, 14.9 % for testing and 27.3% as hold out. This
partition is decided based on lesser error value. In the remaining part of this section we discuss,
with specific reference to the above data, the construction of ANNs that perform reasonable well.
In Multilayer perceptron as the data set is very large online training was chosen. Since the
training is chosen to be online the optimization algorithm was fixed to Gradient Descent. The
dependent variable was rescaled standardized, normalized and adjusted normalized. The
covariates were also rescaled in the above said option to standardized, normalized and adjusted
normalized. The active function of the hidden layer was set to hyperbolic tangent and then to
sigmoid function for each rescaling.
The error values (sum of square error and relative error) were measured for all the above
models by checking the active function of the output layer to identity, hyperbolic tangent and
sigmoid. The MLP model which gave the minimum error was the one in which the active
function of the output layer and hidden layer are identity and hyperbolic tangent respectively,
after normalizing dependent variable and standardizing the covariates. The units in the hidden
layers are first set to normalized Radial Basis function.
The input variables are rescaled to normalized, adjusted normalized and standardized.
With these rescaled variables, the output variables are transformed to normalized, standardized
and adjusted normalized and fed into the network. The error values were very less for the model
in which the dependent variable is normalized and the inputs were adjusted normalized with the
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hidden units having normalized Radial Basis function. The predicted value of this best model was
calculated.
C. Ridge Regression

The collinearity analysis of the predictor variables revealed that they are highly correlated
(Table III).
Table III Pearson Correlation Matrix
OPEN HIGH LOW
OPEN 1.000
HIGH 0.999 1.000
LOW 0.998 0.998 1.000
Thus Ridge Regression Model is considered for this data. For different values of
lambda the coefficients of the variables are found. The regression line with the minimum error
value is considered as the best model in predicting the closing prices. The ridge regression with
minimum error is when
λ = 0.1 and the regression equation is
Closing = 495.552 + 0.305 Open + 0.327 High + 0.334 Low
The MAE and MAPE values for the proposed models are given in Table IV. From the table it is
very obvious that Multilayer Perceptron Model predicts the stock prices more precisely than
Radial Basis function and Ridge Regression
Table IV Error Values
MAE
MAPE
RMSE
Multilayer Perceptron 76.66384325 0.005484821 107.2680832
Radial Basis Function

266.385149

Ridge Regression

152.9715

0.019066797 337.0878103
0.011344

198.9701

Table V Network Structure for Multilayer Perceptron Model
Network Information
Covariates
1
Input
Open
Layer
2
High
3
Low
Number of Units
3
Rescaling Method for Covariates
Standardized
Hidden Layer(s) Number of Hidden Layers
1
Number of Units in Hidden Layer 1
2
Activation Function
Hyperbolic tangent
Output Layer
Dependent Variables 1
Closing
Number of Units
1
Rescaling Method for Scale Dependents
Normalized
Activation Function
Identity
Error Function
Sum of Squares
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For the best fitted Multilayer Perceptron Model the Network Structure and the parameter
Estimate values are given in Table V and Table VI respectively. The architecture of the network
is given in Figure 1.
IV. CONCLUSION
The Multilayer Perceptron Model with covariates standardized with hyperbolic tangent as
the activation function of the hidden layer and the dependent variable normalized with identity as
the activation function has minimum MAE, MAPE and RMSE value when compared with the
Radial Basis Function and Ridge Regression. It has been observed that the error increases
gradually during the validation period. Thus, an appropriate approach may be to retrain the
network periodically. There is considerable scope to build on these results further and build ANN
models that can predict the security prices with higher level of accuracy.

Figure 1NETWORK ARCHITECTURE
Table VI Estimated Values of the Parameters
Parameter Estimates
Predicted
Hidden Layer 1
Predictor
Input Layer

Hidden Layer 1

H(1:1)

H(1:2)

(Bias)

-.128

.282

Open

.367

-.209

High

-.332

.019

Low
(Bias)
H(1:1)
H(1:2)

-.264

-.041

Output Layer
Closing

.513
-.717
-.393
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