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Abstract— Adding the dimension of time to
databases produces time series databases (TSDB) and
introduces new aspects and difficulties for data mining,
knowledge discovery and prediction of sample points. In
this paper, we introduce the method for the prediction of
the next sample point with multi-layer neural network|1]
in TSDB. Predicting the next sample point in TSDB in-
cludes cleaning and filtering the time series data, identi-
fying the most important predicting attributes, and ex-
tracting a set of association rules that can be used to pre-
dict the time series behavior in the future. Our method
is based on signal processing techniques, and TSDB for
the closing price of a stock are used as an example.

1. Introduction

In most knowledge discovery problems and prediction
of time series data in futures behavior in the future, it
is very difficult without the process to time series data.
A regular static (non-series) database contains a set of
records, each constructed from a set of attributes. The
ordering of records in a static database has no signifi-
cance, at least from the data mining aspect[2]. In con-
trast, a time series database (TSDB) contains a set of
records in which some of the attributes are associated
with a time-stamp.

A TSDB can be a stock market database in which
each record includes, besides the static attributes such
as stock name and sector, some dynamic attributes such
as closing price and transaction volume, which pertain
to a specific day. Other types of time series databases
include online monitoring systems, sales transactions in
a grocery store, and web usage data.

A major difference between static and dynamic (time
series) databases lies in the information carried by each
attribute. Unlike static databases, where each attribute
in a record is independent of attributes in other records,
in TSDB some attributes are meaningful only as part
of a time segment. In a stock market database, we are
more interested in the behavior of the stock over time
rather than in its value on a single day. The behavior

is due to several components like a periodic, aperiodic
components and white noise in TSDB. They make it
difficult to predict the next sample point and extract
the regulations.

In this paper, we introduce the method for the pre-
diction of the next sample point with multi-layer neural
network in TSDB. The process of the prediction of the
next sample point in TSDB includes cleaning and fil-
tering of TSDB using the low pass filter and band pass
filter. The divided components are applied to inputs of
our system.

2. Filtering process using LPF

To clean the data, one can use a low-pass filter (LPF)
operator, which eliminates the high frequency waves
(which are mostly noise) and leaves only those with low
frequency (mostly long-term signal).

There are several LPF operators, in the time and fre-
quency domains. One of the simplest is the finite impulse
response (FIR) form[3]. In stock-market data, a simple
moving average filter, which is one of the FIR low-pass
filters, is often used. The filter is defined as

=
yr[n] = I z[n — k] (1)
k=0
where
yr[n] output signal;
xz[n]  input signal;
L the days to average;

Fig.1 is TSDB for the stock closing price of the Nikkei
225 futures from 4th Jan ’91 to 30th Jan '97. We can
find the high frequency components which move quickly
in several days and the low frequency components which
move slowly and are often called trend line.

In prediction of the next stock price, the former is im-
portant. The high frequency components are obtained
after the original signal is divided by the processed sig-
nal with a simple moving average filter. We think the
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Figure 1: TSDB for the stock closing price of the Nikkei
225 futures from 4th Jan ’91 to 30th Jan '97.

x10 °
25

Amplitude
=
=

-

Frequency [1/day]

Figure 2: This figure describes frequency characteristic
of the Nikkei 225 futures from 4th Jan '91 to 30th Jan
'97. We removed the direct current component.

division process method is better than the subtraction
process method because the former includes normaliza-
tion.

3. Filtering process using BPF

We describe our proposal method for extracting the
profitable components with band-pass filter (BPF) in
this section. The profitable components may be signals
which largely affect TSDB. Fig.2 is a frequency charac-
teristic of Nikkei 225 Futures. We can find some peaks
in Fig.2, which means that the TSDB include the each
frequency components more.

In our proposed method, the more included frequency
components in TSDB are extracted using BPF. We pro-
pose that the BPF is designed with a moving average
filter. The sequences y,[n] which include the compo-
nents more is obtained as

_ YL, [’I’L]
YL [TL]

, Ly < Ls. (2)

Yp[n]

Table 1: The combination of the optimum L; and Lo
using BPF

frequency [1/day] || 0.017 || 0.024 || 0.040 || 0.051 || 0.057
Ly 9 10 14 33
Lo 11 13 18 42

We also applied the division process for the reasons noted
in section 2.

This paragraph describes the method of selecting L,
and Lo using the energy ratio to extract the profitable
and specific components. In this paper, energy ratio is
expressed by amounts of one specific component Y [w]
and amounts of the entire components as

Y, L, [wi]
ZZ:O YLI Lo [w]

and combinations of the optimum L; and Ls are ob-
tained by argmax E[L1, Ls]. In Table.l, the result of
selecting L from TSDB in Nikkei 225 Futures from 4th
Jan 91 to 30th Jan ’9 is indicated.

E[Ly, Ly] = (3)

4. Simulation

In section 2 and 3, we described the method of filter-
ing the TSDB. In this section, we perform simulations
to predict the ceiling rate, which is an index which indi-
cates the buying or selling signal, with multi-layer neural
network (in this paper, the former is 1 and the latter is
0, we omit how to find the value of the ceiling rate.).

The ceiling rate is used as a text signal and output. In
the input signal, the processed TSDB of the closing price
of Nikkei 225 Futures are applied and the simulations are
performed in three patterns of the input which is applied
to 60 sequences in all patterns. In the first pattern, they
are applied to the 60 sequences in TSDB processed with
only LPF (Fig.3). Before this work, we could find that
the prediction model using L = 3 moving average filter
as LPF (without BPF) was suitable for prediction. In
the second pattern, 55 sequences processed with LPF
and 5 sequences processed with BPF are done (Fig.4).
In the third pattern, 55 sequences processed with LPF
and 5 sequences, which is white noise (WN), are done.
Table.2 describes the parameter of neural network and
Table.3 describes the result of simulation (20 simulations
are performed and the result is the mean of MSE.).

In the cases of using LPF only and using both LPF
and BPF, their prediction models are profitable enough
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Table 2: The parameters in this simulation are noted.

input

processed TSDB of the closing price of Nikkei 225 futures

number of inputs

60

number of hidden nodes

30

output (text signal)

the ceiling rate

training method

back propagation

the term for training

from 4th Jan '91 to 30th Jan 97

the term for test

from Feb 97 to Feb Jan 98

Output

“““ ‘ ‘ ‘Hidden Nodes(30)
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60 sequences
Figure 3: The multi-layer neural network model, 60 se-

quences are applied to the inputs which are TSDB pro-
cessed with LPF only.

Output

5 sequences

‘ Input Nodes

55 sequences

Figure 4: The multi-layer neural network model, 55 se-
quences are applied to the inputs which are TSDB pro-
cessed with LPF and 5 sequences are applied to the
inputs which are TSDB processed with BPF or white
noises.

to trade. The model using both LPF and BPF is more
accurate than any other model. The model using both
LPF and WN is not good one and the components ex-

Table 3: This table describes MSE (mean square error)
in simulation TSDB and test TSDB.

MSE

inputs using LPF only 0.0532
inputs using both LPF and BPF || 0.0523
inputs using both LPF and WN || 0.0571

Figure 5: This figure desicribes Elman nueral network
which is one of recurrent neural networks. Elman nueral
network is a recurrent network with feedback from each
hidden node to all hidden nodes.

tracted with BPF are profitable to predict.

5. Conclusions

In this paper, we are able to conclude that the method
divided into periodic and aperiodic components is more
appropriate than the non-divided method. The more
accurate prediction model is obtained. However, an an-
other filtering and normalization process should be per-
formed. In this work, we designed some filters, but the
results of their simulation are not good. The reason may
be that to extract the more specific component only, we
increased the orders of filters. The longer delays of in-
formation that is most important to predict are brought
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about by its process so that the model may not be able
to predict accurately. We might have to design the fil-
ter to take into account the trade-off between amplitude
response and delays.

Another neural model, especially a reccurent neural
network[4][5], should also be designed. In prediction and
extracting the regulations using TSDB, such models are
frequently used. We are very interested in applying the
TSDB signal processed in our method to inputs of the
model.
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