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Abstract

We propose a new methodology to aid in
designing a portfolio of investment over multiple
stock markets. It is our hypothesis that financial
stock market trends may be predicted better over a
set of markets instead of any one single market. A
selection criteria is proposed in this paper to make
this choice effectively. This criteria is based upon
the observed backpropagation and recurrent neural
networks prediction accuracy, and the overall
change recorded in the previous year. The results
obtained when using data for four consecutive years
over five international stock markets supports our
claim.  Backpropagation networks use gradient
descent to learn spatial relationships. On the other
hand, recurrent networks are capable of capturing
spatiotemporal information from training data. This
paper analyzes application of recurrent networks to
the stock market return prediction problem in
contrast with backpropagation networks. On the

A neural network is a computer program that
recognizes patterns and is designed to take a pattern
of data and generalize from it. An essential feature
of this technology is that it improves its performance
on a particular task by gradually learning a mapping
between inputs and outputs. There are no set rules
or sequence of steps to follow in generalizing
patterns of data. The network is designed to learn a
nonlinear mapping between the input and output
data. Generalization is used to predict the possible
outcome for a particular task. This process involves
two phases known as the training phase (learning)
and the testing phase (prediction).

Regression models have been traditionally used
to model the changes in the stock markets. Multiple
regression analysis is the process of finding the least-
squares prediction equation, testing the adequacy of
the model, and conducting tests about estimating the
values of the model parameters, Mendenhall et al.
[1]. However, these models can predict linear
patterns only. The stock market returns change in a

basis of the results observed during these nonlinear pattern such that neural networks are more
experiments it follows that the effect of learning appropriate to model these changes.
temporal information was not substantial on the Studies have shown that backpropagation

prediction accuracy for the stock market returns.

Introduction

In this paper we investigate if backpropagation
and recurrent neural networks can be effectively used
in designing portfolios across many international
stock markets after the trends in these markets for
several calendar years are known. Stock prices
fluctuate daily resulting in a nonlinear pattern of
data. One of the three outcomes may occur in the
stock price: rise, fall, or remain the same, which will
occur is uncertain.
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networks may be used for prediction in financial
market analysis. Refenes et al. [2] compared
regression models with a backpropagation network
both using the same stock data. In comparison with
regression models backpropagation proved to be a
better predictor. The results showed that the Mean
Squared Error (MSE) for the neural network was
lower than the Multiple Linear Regression (MLR)
model. The MSE for the network was 0.044 and the
MSE for the MLR model was 0.138 such that the
neural net proved to be more effective in learning the
training data than the MLR. For the test data, which
was different from the training data, the neural
network MSE was 0.066 which is also lower than the
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MLR MSE of 0.128. According to Refenes et al. [2]
“neural networks are capable of making better
prediction in capturing the structural relationship
between a stock's performance and its determinant
factors more accurately than MLR models.”

Kryzanowski et al. [3] using Boltzmann machine
trained an artificial neural network with 149 test
cases of positive (rise in the stock price) and
negative (fall in the stock price) returns for the years
1987-1989 and compared this to training the
network with positive, neutral (unchanged stock
price), and negative returns for the same 149 test
cases for the years 1987-1989. The network
predicted 72% correct results with positive and
negative returns. However the network predicted
only 46% correct results with positive, neutral, and
negative returns.

If stock market return fluctuations are affected by
their recent historic behavior, Tang (4] neural
networks which can model such temporal
information along with spatial information in the
stock market changes can prove to be better
predictors. The changes in a stock market can then
be learned better using networks which employ a
feedback mechanism to cause sequence learning.

Recurrent networks use the backpropagation
learning methodology. The main difference between
a feedforward backpropagation network and a
recurrent network is the existence of a feedback
mechanism in the nodes of the recurrent network.
This feedback mechanism facilitates the process of
using the information from the previous pattern
along with the present inputs. Copy-back/Context
units are used to integrate the previous pattern into
the following or a later input pattern, Morgan et al.
[5]. This ability of recurrent networks in learning
spatiotemporal patterns makes them suitable for the
stock market return prediction problem.

Backpropagation networks are independent of the
sequence in which the inputs are presented whereas
the recurrent networks take into account the
sequence. Thus the recurrent networks represent the
idea of predicting stock market returns on the basis
of recent history more closely. Since no training
occurs during testing, a pattern is matched with its
closest learned training pattern (independently) and
the corresponding output is generated. Hence, if
there was no training after week 48 and we test the
network for week 59, it will be matched with the
learned data set for weeks 1-48 and maybe week 37
will be used to predict the output for week 59 --
intrinsically assuming that week 36 before weck 37
is a good representative of week 58 preceding week
59. Although, this is ideally what we hope to occur,
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there is no guarantee that the neural networks will
use this relationship. It may use other learned
information based on the data.

We propose that the prediction accuracy of a
network along with additional information available
from recent history of a stock market can be used to
make  effective  stock  market  portfolio
recommendations. This idea is further described in
the next two sections for backpropagation and
recurrent neural networks.

Hypothesis

It would be of interest to find out whether it is
profitable to invest in one market or over several
markets. If one should choose to redirect capital
between different stock markets, what parameters
must be considered?

We propose a new method for making the choice
of investment over different stock markets. Profit
maximization when investing in  multiple
international stock markets using neural networks is
based on the following criterion. A stock market’s
behavior over the recent past is the only information
typically available for predictions. A rising market
may be assumed to continue to rise in the near future
while a market on a downward trend is generally
expected to drop further. This makes the overall
stock return per dollar d observed in the recent past
as one of the main contributing factors to predict the
trends for the immediately following period of time.
This value d is arrived at by dividing, the difference
in the stock return values on the last and the first
working day in the stock markets for the
corresponding years, by the stock return value on the
opening day in the calendar year.

The accuracy of the networks must also be taken
into account when predicting the stock market
trends. An estimate of prediction accuracy is
established by training a network on the available
recent past data. This second parameter is used in
modifying the past available trend information to
predict the future stock market trends.

Consider that a choice for the i stock market
investment has to be made between many markets
for the j™ year. Common sense leads to investing in
a market where the prediction accuracy 1., for the
previous year was higher and stock returns per dollar
&1 for the previous year went up. In a simple
combination of these two criterion a determinant Ty
is computed in choosing a stock market for profit
maximization:
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Ty = (6ij_| X nij-l) fori=1ton
where n is the total number of stock markets. The
value of the determinant T is computed at a frequent
interval (1 year) and a choice of the stock market is
made for the largest value of t at that time. This is
called the t-criteria for selection of a stock market.
A stock market is chosen for every year using the
T criteria. Experiments show that the stock return
changes for the markets selected by using the
determinant T over a number of years (two in our
case) had the highest overall gain. The same
markets show the largest overall gain in the graph in
Figure 2. The overall gain for the chosen markets are
computed by summing the stock returns per dollar
for each year. A proof for the validity of this method
can be constructed by establishing whether the
overall stock return per dollar for the combination of
markets arrived at by this method is the largest
amongst all other possible combinations.

Experiments using a Backpropagation
Network

Network

A backpropaganon neural network implemented
by Pao {6] was used in these experiments.
network employs a two-pass weighted learning
algorithm known as the generalized delta rule
(Rumelhart, et al. [7]). In a forward pass through
the network, an error is detected, the measured error
is then propagated backward through the network
while weights are adjusted to reduce the overall
error. This iterative process that the network goes
through in reducing the overall error is known as
gradient descent,

These networks are highly suited for the stock
market return prediction problem. Backpropagation
and other neural networks have been used by
Widrow, et al. [8], Kryzanowski, et al. [3] and
Refenes, et al. [2] for financial data analysis.

Tlis
L LD

Methodology

Standard supervised backpropagation neural
network learning methodology was followed in these
experiments. A subset of available stock market
return data was used to construct training samples
for the network. Training of a backpropagation
network involves obtaining optimal values for the
learning rate, the momentum of learning, estimating
the number of hidden layers and the number of
nodes in each layer. The overall error is tracked
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until a minima is obtained by altering the fore-
mentioned parameters. A trained network can then
be used in predicting future stock market returns. A
10-5-2 architecture for the three hidden layers was
used. In the following experiments the networks
were trained between 100,000 to 500,000 iterations
to obtain overall errors in the range of 0.04 to 0.07.
A learning rate of 0.7 and the momentum rate of 0.9
produced the best results.

We will use stock market data from five different
markets. Stock market data for a year (say, 1989)
from five stock markets (Canada, Hongkong, Japan,
UK and USA) was used to train five networks. The
trained networks are then used to predict the trend in
stock returns during the following year (i.e., 1990).
Actual stock return trends are used to test the
network’s predictions on all the five markets and the
actual annual trends are compared with the observed
predictions of the networks to determine their
accuracy M (i.e., for 1990). The values of stock
returns per dollar & for the years 1990, 1991, and
1992 are computed. The obtained values of & and
are used to compute the corresponding T.

Data

Historical stock market return data from January
1989 through December 1992 for the following five
countries: Canada, Japan, Hongkong, UK and USA
was used. The data consists of daily close prices for
indexes of these five markets. The indexes are the
Toronto 300 Share Index (Canada), Topix (Japan),
Hangseng (Hongkong), the Financial Times Stock
Exchange 100 Share (U.K.), and the Standard and
Poor’s 500 Index (U.S.A.). Each of these indexes is
adjusted by the appropriate exchange rate so that all
the values are in U.S. Dollars. The stock market
return data for each of these countries were
substituted by a number between 1 and O in the event
of rising, falling, and remaining the same . If the
return fell the change was represented by 0.1, if it
had risen the change was represented by 0.9, and if it
remained the same the change was represented by
0.5. The graph in Figure 2 shows the nonlinear
trends in the stock market returns for each of these
five countries from 1989-92.

After tabulating the trends in data an interval of
a week (Monday to Tuesday, Tuesday to Wednesday,
Wednesday to Thursday, and Thursday to Friday)
was chosen resulting in four inputs and one output
(Friday to Monday). A training file is set up with 48
weeks daily data to be trained for January 1989
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Output layer

Input layer

Figure 1: A Backpropagation Network

through November 1989. Training files were created
for each market for the years 1989, 1990, and 1991.
A Test file is set up with data from January 1990
through November 1990. Test files were created for
each market for the years January 1990 - November
1990, January 1991 - November 1991, and January
1992 - November 1992.

Results

The results observed in these experiments are
indicated in Table I. Values of t in bold face are the
largest values between all the stock markets during
that year. Hongkong has the largest determinant t
for the years 1990, 1991, and 1992. Thus it should
be the chosen market for portfolio investment during

the following years of 1991, 1992 and 1993. From
the data shown in Figure 2 the summed stock return
per dollar turns out to be the largest as well thus
verifying our prediction methodology. The values of
summed stock return per dollar for the next best
portfolio combinations are shown in Table II.

Experiments using a Recurrent Network
Network

The recurrent network implementation proposed
by Elman [9], known as TLEARN -simulator
program for neural networks, was used. These
networks use the gradient descent training rule.

Table I
Computation of the Selection Criteria © for years 1990-1992 using a Backpropagation Network
Stock Market 1990 1991 1992
n (%) d T 1 (%) d T N (%) d T
Canada 50.00 -0.19 -0.09 52.08 0.08 0.04 39.58 -0.13 -0.05
Hongkong 64.58 0.07 0.04 4792 042 0.20 31.25 0.29 0.09
Japan 45.83 -0.35 -0.16 56.25 0.07 0.03 60.42 -0.24 -0.14
UK 60.42 0.06 0.03 64.58 0.12 0.08 39.58 -0.08 -0.03
USA 3542 -0.08 -0.03 43.75 0.28 0.12 41.67 0.04 0.02
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Table II
Validation of Selected Portfolios
Year Portfolio I Portfolio I1 Portfolio III Portfolio IV Portfolio V
1991 Hongkong UK USA Japan Canada
1992 Hongkong USA UK Canada Japan
Summed Stock Return
per Dollar 0.71 0.16 0.20 -0.06 -0.16

Trends in Stock Prices in US, Canada,
Japan, Hongkong and UK
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Figure 2: Canada, Hongkong, Japan, UK and USA Stock Exchange Index 1/1/1989 - 12/31/92

The difference in training a recurrent network over a training pattern input at time t,. Figure 3 shows the
backpropagation network is the application of values configuration of the recurrent network that was used.
held back in the context units at time t; to the
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il........ 4 Inputs

Figure 3: A Recurrent Network.

Methodology
Supervised backpropagation neural network
learning methodology was followed in the

experiments with recurrent networks. A subset of
available stock market return data was used to
construct training samples for the network. Training
of a recurrent network involves obtaining optimal
values for the learning rate, the momentum of
learning, estimating the number of hidden layers, the
number of copy-back units, and the number of nodes
in each layer. The overall error is tracked until a
minima is obtained by altering the fore-mentioned
parameters. A trained network which has learned
the sequential information in the training set can
then be used in predicting future stock market
returns. A 4-10/10-4/4-1 architecture with 4 inputs,
two hidden layers of 10 and 4 nodes with same
number of copy-back units (indicated as 10/10 and
4/4) was used. In the following experiments the
networks were trained for 10,000,000 iterations to
obtain overall errors in the range of 0.00001 to
0.001. A learning rate of 0.2 and a momentum rate
of 0.4 produced the best results.

Stock market data from five different markets
was used. Stock market data for a year (say, 1989)
from five stock markets (Canada, Hongkong, Japan,
UK and USA) was used to train five networks. The
trained networks are then used to predict the trend in
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stock returns during the following year (i.e., 1990).
Actual stock return trends are used to test the
network’s predictions on all the five markets and the
actual annual trends are compared with the observed
predictions of the networks to determine their
accuracy (i.e., for 1990).

Data

The representation of data, the training files, and
the test files were the same as in the backpropagation
network experiments. There were two groups of
experiments that were performed using the data from
five countries. In the first group, network training
was performed on data from January through
November which were then tested on the following
eleven months for each of the years 1989 through
1992. In the second group, the training period was
increased to two years before testing on the following
years data.

Results

The results observed in these experiments are
indicated in Table III. The values of T yielded the
same  portfolio  recommendations as  the
backpropagation networks in Table II.
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Table IXI
Computation of the Selection Criteria T for years 1990-1992 using a Recurrent Network

Stock Market 1990 1991 1992
%) ) T (%) d T %) S 1
Canada 5833 | -0.19 | -0.111 47.92 0.08 | 0.038 | 58.33 | -0.13 -0.076
Hongkong 64.58 0.07 0.045 43.75 042 | 0184 | 4792 0.29 0.139
Japan 39.50 | -0.35 | -0.138 | 50.00 0.07 0.035 | 54.17 | -0.24 -0.130
UK 66.67 0.06 0.040 52.08 0.12 | 0.062 | 3542 | -0.08 -0.028
USA 43.75 | -0.08 | -0.035 | 41.67 028 | 0.117 | 50.00 0.04 0.020
It may be noted that the observed prediction References

accuracy while using the recurrent network are not
much higher as compared to the backpropagation
network. A simple explanation may be that one
week’s sequence that was learned from the training
data did not contain enough information that would
improve prediction accuracy. Another possibility
could be that the training data for one year was not
sufficient to provide ample information to the
network for prediction. In order to account for lack
of information, in the second group of experiments
the training set was expanded over two years period
before predicting the stock market trends for the
following year. The prediction accuracy was found
to be 10.4% less than the original prediction
accuracy with one years training. This issue needs
further investigating. It is of interest to find what
role temporal information plays in predicting stock
market returns?

Conclusions

We proposed a new method to choose between
stock markets for investment when the network tools
that are being commonly used are known not to have
been very accurate. The proposed new methodology
for building portfolios across international stock
market prediction has proven to be effective on real
stock market data for five countries over four years.
The strength of this approach is that it does not
merely depend upon the accuracy of prediction of a
network. Additional  contextual (market)
information is provided to aid the network in making
decisions for selecting a stock market using a
determinant. Further research is anticipated to
incorporate additional parameters that influence
stock returns with this neural approach. Recurrent
networks which fit a spatiotemporal model for the
stock market time-series confirmed the results that
were obtained for portfolio recommendations using
the backpropagation network.
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