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Abstract

In this paper we introduce a novel classification algorithm called MCC (Minimal
Cover Classification), which works well for numerical data and categorical data.
Given a new data tuple, it provides values for each class that measures the
likelihood of the tuple belonging to that class. We then apply the MCC algorithm
on real stock market data to predict the ‘upward’ or ‘downward’ trend of k-days
stock returns. To improve the prediction accuracy we use the discrete Fourier
transform and its inverse transform to filter noise whilst preserving the trend of
global movement of time series in the time domain. The experimental result
shows that the MCC algorithm is comparable to C4.5. Using MCC as a mining
algorithm to predict the ‘upward’ or ‘downward’ trend of k-day stock returns, the
average hit rate on pre-processed data is 20.55% higher than that on the original
data. This means that the prediction accuracy has been remarkably improved by
means of the proposed M CC algorithm on noise filtered time series.

1 Introduction

Time series account for a large amount of the data stored in databases. A
common task with a time series database is to look for an occurrence of a
particular pattern within a longer sequence. Such queries have obvious
applications in many fields, such as identifying patterns associated with growth
in stock prices or identifying non-obvious relationships between two time series
of weather data, or detecting anomaliesin an online robot monitoring system.



Usually if raw data is filled with noise this could affect the mining
algorithm’s accuracy. In the stock market for example, the closing price of each
day is influenced daily by various factors and there is alot of noise as a result,
making it difficult to observe long-term features. Therefore, there is a clear
advantage if we pre-process the original raw data and work on the pre-processed
information. However, since the data sets occurring in practice tend to be very
large, most of the work has focused on the design of efficient algorithms for
various mining problems and, most notably, the search of similar (sub)
sequences with respect to a variety of measures [1,2,3,4,10]. Given the
magnitude of many time series databases, much research [5,6,7,8,9] has been
devoted to speeding up the search process.

Surprisingly, little work has been done to develop efficient algorithms to
analyse and mine on noise filtered time series in the time domain. Such work is
of crucial importance since noise in original time series directly affects a mining
algorithm’s accuracy.

The remainder of the paper is organised as follows. Section 2 introduces a
noise filtering method. Section 3 defines a stock prediction problem. Section 4
introduces a novel classification algorithm and describes how to use the
algorithm to predict the ‘upward’ or ‘downward’ trend of stock returns. The
experimental results are described and the evaluation is shown in section 5.
Section 6 completes the paper with a discussion and suggestions for further
work.

2 Time SeriesNoise Filtering

In the stock market application domain as an example, the closing price of each
day is composed from a mixture of daily random events and long-term trends.
We therefore need to pre-process the raw data in order to produce cleaner data
with aslittle extraneous noise as possible.

Assume that the raw time series d,,,, (t) is composed additively from a long-

term signal d(t) and noise n(t), that is d,,, (t)= d(t) +n(t). The cleaning

operation is expected to produce d (t), an estimation of the long-term signal
d(t) by removing n(t) . In order to do so, we characterize the signal d(t) and the
noise n(t) . The noise signal is of random nature and is influenced daily from
various sources. In contrast, the long-term signal is stable, deterministic, and
influenced by relatively few factors. If we apply the Fourier transform, we can
identify the long-term signal d(t) as it is constructed mainly from waves with
low frequency (slow changes over time), while the noise signal is constructed
from waves with high frequency (fast changes over time). In this paper, we use
the real discrete Fourier transform (RDFT) and its inverse operation (IRDFT) to
filter noise from the raw time series.



The n-point Real Discrete Fourier Transform of asignal ;<:[ X ],t=0, 1, Y,

n-1 is defined to be a sequence X of n/2+1 complex numbers X, f=0, 1, ¥, n-
1, given by

n-1
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Inegn (1), i istheimaginary unit. The signal X can be recovered by the inverse
transform:
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To efficiently filter noise, we add a parameter m to egn (2) to control the number
of coefficients used to invert data from frequency domain to time domain. Egn
(2) isthen changed to equ (3).

%, = (Ry+ Ryy2 COS(P 1))/2+ § R; cos(2p ft/n)

f=1
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To grasp the idea here, the best way is by means of an example, so we
graphically illustrate the transform results of one stock called ABF randomly
chosen from London Stock Exchange over the period 1995-1999 (from 6" Oct.
1995 to g" Sept. 1999). The original time series of ABF shown in Figure 1
includes 1024 numbers, each representing the price of the stock at the end of an
operational day. At first we use the real discrete Fourier transform to transform
the original time series from the time domain to the frequency domain, and then
invert it from the frequency domain to the time domain using only the first few
of coefficients in the frequency domain - abandoning the rest of Fourier
coefficients. The transformed results are shown in Figure 2 to Figure 3 using
different number coefficients to invert a time series from the frequency domain

to the time domain.

700

600 4
500 4
4007

300
200
100

0

1 106 211 316 421 526 631 736 841 946

Figure 1. The original data set which contains 1024 data points.
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Figure 2. The noise filtering results when mis set to 256, 128 respectively.
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Figure 3. The noise filtering results when m is set to 64, 32 respectively.

On comparison, it is obvious that the transformed time series has some merit as
follows:
(2) it preserves the global movement trend of the original time series.
(2) it keeps the time localization property between the original time seires and
the preprocessed time series in the time domain.
(3) it eliminates the high frequencies which can be seen as a kind of noise in the
original time series.

As the pre-processed time series has these features it suggests a means of
abandoning the original time series, and letting any mining algorithms directly
carry out operations on the transformed data to improve the mining accuracy.

3 Defining Stock Prediction Problem

To make our ideas and mechanisms concrete, we continue to use our stock

market problem for illustration. A traditional way to define the stock prediction

problem is to view the stock returns as a time series Ry(t) [10]. For example, k-
day returnsR(t) are defined as

_ Closdt) - Closdt - k)

R(t)=100 Closdt - k) @)

The returns R(t) are the primary target in most research on the predictability of

stocks. Similar targets can be identified in other application domains. Some of

thereasonsfor using it are:

(1) R(t) hasrelatively constant range even with the input of many years of data.
The raw prices Close(t) obviously vary much more and make it difficult to
create a valid model for longer periods of time.

(2) R(t) for different stocks may be compared on an equal basis.




(3) It is easy to evaluate a prediction algorithm for Ry(t) by computing the
prediction accuracy of the sign of Ry(t). A long time accuracy above 50%
indicates that a good prediction has taken place.

Assume that the predictions of stock prices for time t based on the previous k

days are expressed by the time series { Cl osgt), t=k+1, Y2, N}. The actual prices
are denoted by the time series { Closdt), t=1, ¥, N}. The predictions of the k-
day return at time t are denoted by the time series { lik (t), t=k+1, ¥4, N}. The
actual returns are denoted by thetime series{ R, (t) , t=k+1, ¥, N}.

To predict the k day return in the future, R(t) is assumed to be afunction g of

the q previous (lagged) valuesin the same time series.
Rdt)=9(Rd(t-k), Re(t-k-1),%3 Rt-k-0-1) ©)

The task for the learning or modeling process is to find the function g that best
approximates a given set of measured data.

To evaluate a prediction algorithm for R(t), we modify egn (5) to egn (6) by
computing the prediction accuracy of the sign of Ry(t) and use hit rate [11] asa
performance metric.
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The hit rate of astock return is defined as
fswso>df,
R™ (7)

‘{Sk 5.0 * 0.,

It indicates how often the sign of the return is correctly predicted in a prediction
algorithm. It is computed as the ratio between the number of correct non-zero
predictions ék (t) and the total number of non-zero moves in the stock time
series. Refer to [11] for the reason why both zero predictions and zero returns are
removed from the computation of the hit rate.

The stock return prediction problem is changed to classification problem by
modifying egn (5) to egn (6) and it is obvious that the classificataion accuracy is
the same as the hit rate of the sign of ék (1) inegn (7).

4 Classification Algorithm

A classification algorithm called MCC was designed to be used for predicting in
the stock market. Before describing the MCC agorithm, we introduce some
notation used in our MCC algorithm first. A tupleis called a hyper tuple if its
entries are sets for categorical data or intervals for numerical data instead of
single values; atupleiscalled asimpletupleif al its entries have a cardinality of
1. The ‘+' operator represents the set union operation for categorical data, and
the interval merging operation for numerical data respectively. Suppose y is a
simple tuple denoted (y1, Y2,%4, Ym), Z is a hyper tuple denoted (i, Z5,%, Zy).



Assume that Z, is a decision attrinute, ‘y is covered by Z means yil Z (Z is a
set) for categorical attribute andzi; £y, £ Zj» (Z is an interval denoted [Z1, Zo])
for numerical attribute, wherei=1, 2,%4,m1. MCC is described as follows:

Let D be a dataset, D={ d,,d,, ¥4, dn}.d, isasimple tuple, d, =(a,,a;,, ¥,
aim), in which, aj, is a decision attribute. Suppose that S is a finite set of class
labels denoted as S=( s, s,, ¥4 ,S), we have f(d, Y=aiml S. Given anew data point

d (asimpletuple), classification is done in the following way: A

(1) Caculate C1(d,x) and C2(d,x) for al x in D, where C1(dx)={y |yl D, f(y) *
f(x) andy is covered by d+x}. C2(d,x)={y |yl D, f(y) = f(x) and y is covered
by d+x}.

(2) Pick upall the X; having C1(d,x)=0, if thereisjust one X; T D (i=1) such
that d+ X; (ahyper tuple) does not overlap any y inD, wherey X; and f(y) *
f( X;), then classify d asf( X; ).

(3) If there are more than one X; denoted x,,X,,%,X,, i%2 such that
C1(d,x;)=0. In this situation, majority voting of class label among the X; is
used to decide the class label for d. If the number of X; with C1(d,x)=0
belonging to different classes is the same, we caculate their Sum(d, s;) -
thesumof all C2(d, X;) that X; T s; with C1(d,x)=0 for all s;T Sand then
clasify d by s, =max{ Sum(d, s; ) for any s; in S}.

A experiment using the 5-fold cross validation method has been carried out to
evaluate the MCC prediction accuracy, and to compare the experimental results
with C4.5 as our benchmark. The latter is implemented in the Clementine
software package. Seven public datasets were chosen from the UCI machine
learning repository. Some information about these datasetsislisted in Table 1.

Table 1. General information about the data sets.

Dataset | NA | NN | NO | NB NE CD
Aust. 14 4 6 4 690 383:307
Diab. 8 0 8 0 768 268:500
Hear. 13 3 7 3 270 120:150

Iris 4 0 4 0 150 50:50:50
Germ. 20 11 7 2 1000 | 700:300
TTT 9 9 0 0 958 332:626
Vote 18 0 0 18 232 108:124

In Table 1, the meaning of thetitle in each column is follows: NA-Number of
attributes, NN-Number of Nominal attributes, NO-Number of Ordinal attributes,
NB-Number of Binary attributes, NE-Number of Example, and CD-Class
Distribution.



The comparison of C4.5 and MCC in testing accuracy (TA) using 5-fold
cross validation method is shown in Table 2.

Table 2. A comparison of C4.5withMCC

Data set TA: C45 TA: MCC

Aust. 85.2 86.0
Diab. 72.9 72.0
Hear. 77.1 76.0
Iris 94.0 95.0
Germ. 72.5 76.6
TTT 86.2 86.3
Vote 96.1 97.0

Average 83.43 84.13

In Table 2, the meaning of TA is Testing Accuracy. Obviously, The MCC is
an extremely simple and general classification algorithm. Experimental results
show that MCC is comparable to C4.5.

5 Experiment Results

The ultimate goal of noise filtering is to improve the prediction accuracy of the
proposed algorithm. So we designed an experiment to evaluate it to see how well
it performed in prediction with real world time series on the original data and on
the transformed data.

Ten stocks closing prices were randomly chosen and collected from London
Stock Exchange in 1024 trading days. The general information about the chosen
stocks time seriesis shown in Table 3.

Table 3. General information about the chosen stocks time series

Stock name Beginningtime | Endingtime Trading days
ABF 6"0ct. 1995 | 8" Sept. 1999 1024
BAY 6"0ct. 1995 | 8" Sept. 1999 1024
CCM 6"Oct. 1995 | 8" Sept. 1999 1024
SDR 6"0ct. 1995 | 8" Sept. 1999 1024
VOD 6"0ct. 1995 | 8" Sept. 1999 1024
LOG 6"0Oct. 1995 | 8" Sept. 1999 1024
KGF 6" 0ct. 1995 | 8" Sept. 1999 1024
WWP 6" Oct. 1995 | 8" Sept. 1999 1024
NGG 8" Dec. 1995 | 10"Nov.1999 1024
RTK 17" May. 1996 | 19™ Apr. 2000 1024




All the original time series were pre-processed by using egn (1) and egn (3)
with m=128 to filter the noise. A pre-processed time series with the same size of
origina data was obtained for each time series. Then, for each original time
series and its transformed time series we replaced daily stock price by its daily
stock return in terms of egn (4).

To predict the sign of the stock returns k-day in the future, a sliding window
technique has been used to translate the original time series and the transformed
time series from one-dimensional space into multidimensional space in terms of
egn (5). The window size was set to 6 in the experiment. So each data point in
the multidimensional space had 6 attributes. The 6" attribute was characterised
using aclass label and wasfilled in with the sign of its valuein terms of egn (6).

When all this was done, we used the first four fifths of data points for training
and the last one fifth of data points for predicting in the multidimensional space.
This is a better alternative than cross validation, since data at time t and at time
t+k, k>0 is often correlated. (Consider for example the returns R(t) and Ry(t+1)).
In such a case, predicting a function value R(t;+1) using a model trained with
datat>t; is cheating and should obviously be avoided.

In experiments, we use MCC as a mining algorithm to predict the ‘up’ or
‘“down’ trend of k-day stock returns on both the original time series and the pre-
processed time series. The experimental results were shown in Table 4 and
Tableb.

In Table 5, the average hit rate of predicting the sign of the stock returns k-
day (k=1,2,5,10) in the future on the original time series is only 49.49%, very
close to random prediction. But predicting on the pre-processed time series, the
average hit rate is up to 59.66%. This means that the prediction accuracy has
been remarkably improved by means of the proposed noise filtering method in
this paper.

Table 4. Predictions of k-day stock returns using MCC algorithm

Stock name | 1-day (O) % | 1-day (T) % | 2-days(O) % | 2-days(T) %
ABF 51.06 65.12 53.81 65.61
BAY 49.48 62.68 47.24 62.68
CCM 49.74 61.22 52.02 60.73
KGF 47.40 61.22 50.25 62.20
LOG 57.74 62.68 52.91 60.73
NGG 47.03 62.68 50.52 62.68
RTK 51.56 66.59 44.44 59.12
SDR 48.90 64.15 53.85 59.27
VOD 60.10 65.12 58.08 63.73

WWP 50.85 60.73 49.74 58.39
Average 51.39 63.22 51.29 61.51




Stock hame | 5-days(O) % | 5-days(T)% | 10-days(O)% | 10-days(T) %
ABF 38.69 63.73 42.29 60.88
BAY 52.97 62.18 41.09 58.53
CCM 51.72 57.39 51.24 54.46
KGF 58.91 58.90 47.03 54.56
LOG 56.78 55.45 44.28 52.14
NGG 45.96 57.39 46.03 54.62
RTK 44.55 57.76 47.76 56.92
SDR 44.50 55.98 45.27 54.67
VOD 55.45 57.35 47.76 55.41
WWP 52.26 56.57 38.19 53.59

Average 50.18 58.27 45.09 55.64

In Table4, the symbol (O) representsoriginal data, (T) represents transformed data.

Table 5. A comparison of the average hit rates

k-day Average Hit Rate on Average Hit Rate on
Original data (%) Transformed data (%)
1 51.39 63.22
2 51.29 61.51
5 50.18 58.27
10 45.09 55.64
Average 49.49 59.66
6 Conclusion

In this paper we use the real discrete Fourier transform to filter noise with the
aim of improving the prediction ability in time series — in particular financial
time series. We also developed a novel classification algorithm MCC which was
used to predict the ‘up’ or ‘down’ trend of k-day stock returns. This experimental
results show that the proposed MCC algorithm despite its simplicity is a very
competitive data-mining algorithm. The experimental results further show
applying MCC algorithm on real stock market to predict k-day stock return the
average hit rate predicting on the pre-processed time series is statically 20.55%
higher than that on the original time series.

Further research is required into how to efficiently reduce the original time
series to improve the performance of the MCC agorithm for efficiently
predicting long-term stock movement trend.
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