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i. BACKGROUND
A stock markel is one of the fundamental types of financial markets. The stock
market can also be thought of as a highly complex and adaptive system. Fi-
nancial indices defined on stock prices are used as indicators of the economical
trend of a country. Thus, forecasting the behaviour of the stock market is at pri-
mary concern not only of the business community but also of the policy makers
of a country.
We present here the designing and analysis of a few Artificial Neural Network
(ANN) models to predict future trend of the two major financial indices used in
the CSE namely, the Milanka Price Index (MPI) and. the All Share Price Index
(ASPI) using the financial time-series data of the CSE.
In so doing we consider here two computational methods of input selection for
the Training algorithms for the ANN - the Gradient Descent and, the Gradient
Descent with Learning Rate Adaptation(2] .
A aumber of papers have addressed forecasting problems pertaining to the Sri
Lankan financial/stock market: for instance, in [3] authors report of a method-
ology developed to predict the direction of tomorrow’s closing price of the ASPI
of Sri Lankan stock market using a genetic algorithm as well as an ANN model.
In[4] the author reports about stock market prediction system which is based
on the quantitative and qualitative input vectors where they consider three dif-
ferent types of ANNSs in the analysis.
The results we report in the present paper significantly different from these
earlier studies in the sense that the use of the learning rate adaptation against
constant learning rate used in the above works. Moreover, we shall use the in-
formation theoretic slatistics - Mean Square Error (MSE), Akaike Information
Criteria (AIC) [5] and the Bayesian Information Criteria (BIC) [5] for comar-
ing the ANN models that we employ in the forecasts.
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(47,2, 44,..., %) is the " day input vector, for which the desired output
is (x’l'“,,\’z'""'). Where x; and x; are the MPI & ASPI and the reamining
x7,(i=3,4,...,14) are underlying 12 industry sector values.

» Model-B: The daily MPI and ASPI data which collected from the CSE has
been grouped into 30 consecutive non-overlapping blocks. Thus, each block
shall serve as an input vector whence the MPI (ASPI) of the 31¥ day has been
taken as the desired output corresponding to those 30 inputs. For example, in
the vector,

{[(x1. %2, .. x30), (x31)] (X203, x31) (332)],
coon [t Homsze o X305 (e 3i) ]}

(Xas 1, Xns2: - - - - Xas30) is the (n+ 1) input vector, for which the desired output
is X,4+3) Where x, is the MPI(ASPI) on the 7" recorded day.

C. Determination of the Network Architecture: Different
network architectures have been tested considering two computational method-
ologies employed for minimization of the Mean Square Error (MSE) resulted
due to the errors made in the output produced by the network and the actual
(desired) output, namely:

1l. MATERIALS AND METHODS

A. Collection and Preprocessing of Data: We use the CSE market
data for the period 1985 — 2009 (available for the general public in electronic
form in the official CSE Data CD). of which the first 1/3™ has been used in
training of the ANN, the second one-third for validation (in parallel with train-
ing) and the final (unseen) part to test against the forecasts made by the ANN.

The input range required for the network must be determined. Let's assume

that the input range is from I, t0 Inar. The formula for transforming each data

, X = Xui
value xto an input value [is [1: ¥ = Lnin+ (Inay — fmin) | ————
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« Method (A)

The network architecture mainly depends on
the number of hidden nodes in the network. We|
first chose arbitrary values (between 0 and 1)
for both the learning rate (1) and the momen-|
tum term () to train the network varying num-|
ber of hidden node units m=1,....n7,.... 20.
For each m the MSE has been computed. The
optimal value of m is aof for which MSE,; <
MSE,, for all m > nf. This way one can expect
a faster algorithm as this essentially imposes an
early stopping criterion [or the raining algo-| |Network model selection pro-

+ Method (B)

rithm. cedure using trial and error.

11l. RESULTS: Forecasts for MPi and ASPi
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B.Input Selection Methods: As with any forecasting model,

the selection of appropriate input is extremely important for generalization

ability [6] .Based on the way the input is presented, we propose two different

models for the ANN:

» Model-A: The (historical) daily values of MP1, ASPI and their stocks have
heen considered as inputs and the next day value of MPl and ASPI have been
considered as the desired output.
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D. Performance Measurements: We compare the forecasting ability
of each model via Mean Square Error (MSE), Akaike Information Criterion
(AIC) [5] and the Bayesian Information Criterion (BIC) (5] via which we ex-
amine the best network topology for each model.
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