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Abstract: Recently, Support Vector Regression (SVR) has been a popular tool in
financial time series forecasting. This study deals with the application of
Support Vector Regression in stock composite index forecasting. A
preprocessing method for accelerating support vector regression training is
presented in this paper. Then we propose a method of support vector
regression by modifying the regularized risk function. A data set from
Shanghai Stock Exchange is used for the experiments to test the validity of our
methods.
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1. INTRODUCTION

Stock market prediction is regarded as one of the most challenging
applications of modern time series forecasting. Over the past decade, neural
networks have been successfully used for modeling financial time series ("2,
A large number of successful applications have shown that ANN can be a
very useful tool for time-series modeling and forecasting Bl The early days
of these studies focused on application of ANNs to stock market prediction
3] Recent research tends to hybridize several artificial intelligence
techniques '“”). However, ANN has a difficulty in explaining the prediction
results due to the lack of explanatory power, and suffers from difficulties
with generalization because of overfitting.

Based on Statistical Learning Theory, Support Vector Machine (SVM),
was first developed by Vapnik %, It has become a hot topic of intensive
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study due to its successful application in classification tasks!'®'"! and
regression tasks!'>'*, specially on time series prediction!'” and financial
related applications!"”). This paper focuses on the application of Support
Vector Machine in regression tasks to make a new attempt to stock
composite index forecasting. A novel method for accelerating support vector
regression (SVR) training based on a measurement of similarity among
samples is presented in this paper. Then, based on the prior knowledge that
in the non-stationary financial time series the dependency between input
variables and output variable gradually changes over the time, specifically,
the recent past data could provide more important information than the
distant past data. We modified the regularized risk function in support vector
regression, whereby the recent & -insensitive errors are penalized more
heavily than the distant ¢ -insensitive errors.

2. PREPROCESSING TO REDUCE TRAINING
DATA

From the implementation point of view, training SVM is equivalent to
solving a linearly constrained quadratic programming (QP) problem with the
number of variables equal to the number of training data points. However,
with the great increment of training data in size, the memory space for
storing the kernel matrix will increase with the level O(N?), where N is
the number of the training data. Hence, designing effective SVM training
algorithms for large data sets will be practically significant.

A novel method based on the similarity measurement, for reducing
training data to accelerate support vector machines training, is proposed here.
The notion of similarity, as a measurement of the approaching degree
between two samples, is introduced to select new training data. The
similarity function S is defined as:

()= f| —— @1
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those data points, which are close to some referenced data point according to
the similarity function, will be discarded because they can be replaced by the
special data point without great influence on the final solution!'®. The
division of data groups will affect generalization performance and it can be
achieved by clustering. In order to reduce possible errors from clustering
phase, we designed a novel clustering algorithm based on K-means and t-test,
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in which after finding the nearest cluster for a data point, we add a
hypothesis testing to verify the statistical significance of correlation between
them.

3. THE MODIFIED SUPPORT VECTOR
REGRESSION

In the field of financial time series forecasting, numerous studies show
that the relationship between input variables and output variable gradually
changes over time, and recent data could provide more information than
distant data. Therefore, it is advantageous to give more weights on the
information provided by the recent data than that of the distant data based on
this prior knowledge!'™'®. In the light of this characteristic, we introduced a
novel approach whereby more weights are given to the recent £ -insensitive
errors than the distant £ -insensitive errors in the regularized risk function.
The regularized term in the regularized risk function is retained, regardless
of the empirical error.

In Support Vector Regression, the empirical risk function has equal
weight C to all the & -insensitive errors between the predicted and actual
values. The regularization constant C determines the trade-off between the
empirical risk and the regularized term. Increasing the value of C, the
relative importance of the empirical risk with respect to the regularized term
grows. For illustration, the empirical risk function is expressed as:

!
E, =C> (¢ +¢)) (.1)
i=1

In our approach, instead of a constant value, the regularization constant
C adopts a weight function:

/
E, =2C({+E) (32)

C, =w(i)C (3.3)

Where w(i)is the weight function satisfying w(i) > w(i—1),i=2,...,n.
As the weights will incline from the distant training data points to the rent
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training data points, C, will give more weights on the more recent training
data points.

4. EXPERIMENTS

Experiments have been conducted to illustrate effectiveness of the
presented method. A data set from Shanghai Stock Exchange was used for
the experiments. We selected daily closing prices of stock composite index
of shanghai stock exchange between Jan.21, 2002 and Sep. 27, 2002. There
are totally 140 data points. 100 data points in front of the data series may be
used as training data sets and the rest 40 data points as testing data. The
experiments will emphasize on verifying the performance of the
preprocessing method and evaluating the effectiveness of the modified SVR.

The experiments first emphasize on verifying the effectiveness of
preprocessing method for reduction training data. Table 1 summarizes the
training and testing results. In practical applications, a suitable similarity
threshold may be selected according to specific requirement of speed and
accuracy. The prediction performance is evaluated using two standard errors;
mean absolute error (MAE) and root mean squared error (RMSE), there are
defined as the following, respectively:

/
MAE =%*Zabs(yi -d), .1
i=1

!
RMSE = /%Z(y,. -d.)?, (4.2)
i=1

Where, y,,d; denote the predicted result and the measured value,
respectively.

Table 1. The training and testing results for different similarity thresholds

S CPU time  No. of training No. of Support MAE RMSE
(Second) vectors vectors

0.2 453 83 23 0.8281 0.8791

0.1 18.6 79 20 0.9194 1.0275

0.05 5.4 51 18 1.6259 2.1851

0.03 2.8 37 19 1.5343 1.9146

0.02 1.9 22 16 3.0517 3.6579

0.01 0.5 10 10 32.5634 38.1064
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We use general RBF as the kernel function. There are two parameters
while using RBF kernels: C and v. It is not known beforehand which C
and y are the best for one problem; consequently some kind of model
selection (parameter search) must be done. The goal is to identify them so
that the classifier can accurately predict unknown data (i.e., testing data).
Note that it may not be useful to achieve high training accuracy (i.e.,
classifiers accurately predict training data whose class labels are indeed
known). Therefore, a common way is to separate training data to two parts of
which one is considered unknown in training the classifier. Then the
prediction accuracy on this set can more precisely reflect the performance on
classifying unknown data. An improved version of this procedure is cross-
validation.

We use a grid-search on C and y using cross-validation. Basically pairs
of (C, v) are tried and the one with the best cross-validation accuracy is
picked. We found that trying exponentially growing sequences of C and v is
a practical method to identify good parameters (for example,
C=27°,..2" y=2""2".2%).

Figure 1 illustrates the predicted and actual values. The dotted line is the
actual value. The smoothing line is the predicted value of our method. From
the figure, it can be observed that the method forecast more closely to the
actual values in most of the time period. The experimental results show that
this method is more effective and efficient in forecasting stock composite
index than the standard SVR and traditional time series forecasting models.
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Figure 1. Forecasting result comparison
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5. CONCLUSION

In this research, a preprocessing method for accelerating SVR training
and a modified SVR are proposed. The objective of this research is also to
examine the feasibility of the methods in stock composite index forecasting
and to improve the accuracy of SVR in terms of parameters selection. By
using our methods, high prediction performance is achieved.
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