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Abstract

Background/Objectives: This research checks the ef-
fectiveness of past trend data for forecasting a future stock
data. The corroborated examinations from this research
guide the more right decision making for stock investments.

Methods/Statistical Analysis: In order to check the
effectiveness of past trend, three prediction models are pro-
vided. An autoregressive model only considering recent data
is compared with a model incorporating past trend. Then, a
trend data is compensated and is incorporated to the second
model. Multi-layer perceptron, Partial least square method
and Support vector regression analyses are applied for test-
ing these prediction models and the total forecasting errors
are compared.

Findings: As test results, Partial least square method
is considered as the best forecasting analyzer. However,
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the analyzers’ performances are different in each forecasting
model. Support vector regression shows the best forecast-
ing performance in testing the autoregressive model. Then,
the consideration of past trend gives much worse forecast-
ing errors than a general time-serial model without trend
components. It implies that the accurate extraction of past
trend is difficult and a general past data fails to characterize
current stock data. As a result, a recent data based stock
prediction is considered as a much better stock investment
strategy.

Improvements/Applications: This research results
are used as a decision-making guidance for stock investment.
In order to increase the forecasting accuracy, partial consid-
erations of accurate trends are expected.

Key Words : Time Series, Trend Analyses, Forecasting
Performance, Partial Least Square, Multi-Layer Perceptron,
Support Vector Regression.

1 Introduction

Forecasting of stock prices has been wide issues in many research
studies, markets and related applications. While many forecast-
ing methods have been proposed, the embedding uncertainties on
stock prices make it possible to predict stock indices inaccurately.
In particular, sudden political issues or other events might influ-
ence heavily on the changes of stock prices. This study focuses on
issues handing the past trend in its forecasting. While many re-
gression based forecasting methods attempt to predict stock prices
with predefined decision variables, they are limited in the fact that
insufficient number of decision variables are used for its prediction.
As stock prices are influenced by many economic, political, social
and other aspects, it is impossible to consider overall aspects and
to incorporate those in a prediction model. For this reason, time
series based prediction approaches have been used popularly. When
time series based methods are applied, the basic assumption is that
past data trends influence on current data. It indicates that similar
aspects are included already in the past trend and a future data
can be analyzed using the consideration of the trends.
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In usual, past data can be classified into two types: recent data
and past trend data. When several seasonal effects! are included
and they invoke cycles, the past trend data have to be consid-
ered with a recent data. This research examines the influence level
of the past trend in a stock prices’ forecasting. While there are
huge beliefs that the past trend is important for considering a fu-
ture stock index, this paper corroborates its effectiveness with case
studies. These investigations help to guide a right decision making
for stock investments. In order to check the influence degree, this
research provides three types models: a prediction model without
past trends, a forecasting model considering past trend and a com-
pensated trend based model. In order to test and compare them,
different analyzing methods are applied.

The following section provides the related background and liter-
ature reviews. Section 3 describes three types of forecasting models
and Section 4 introduces the applied analyzing methods. Then, nu-
merical studies are provided in Section 5 for examining the effective-
ness of a past trends’ consideration in the stock prices prediction.

2 Background and Literature Reviews

In general, a stock data is considered a typical non-stationary data?.
Figure 1 shows a Korea Composite Stock Price Index (KOSPI) data
which is acquired from the site (http://global.krx.co.kr) of Korea
Exchange (KRX).

<Financial Trends>

<Days>

Figure 1: KOSPI Data from June 4th, 2015 to March 28th, 2017

As shown in Figure 1, the data is a heavily fluctuating and
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volatile data. In order to analyze these kinds of data, Granger?
uses nonlinear function based approaches. However, these variables
based regression models fails to incorporate overall various aspects
which influence on the stock prices.

For this reason, time series based forecasting is applied for their
forecasting. As usual time series analyses, Autoregressive model
(AR), Moving Average model (MA) and its integration ARMA
methods are applied for analyzing stationary data. Subha* exam-
ines the stationarity on a stock data and attempt to analyze using
these methods.

Autoregressive integrated moving average (ARIMA) model, Au-
toregressive conditional heteroscedasticity (ARCH) model and a
generalized ARCH (GARCH) models are considered as represen-
tative analyzing methods for nonstationary data. Many research
papers including Arowolo® use these methods for analyzing stock
data and for forecasting a future data.

As stock data incorporates many volatile changes, the prepro-
cessing methods are required. The representative method is incor-
porating smoothing method. Hong and Lee® uses moving average
based smoothing methods. The usage of smooth methods helps to
find a trend.

This research focuses on the effectiveness of the detected past
trend in stock indices prediction.

3 Forecasting Model of Stock Data

This section provides analyses of the targeted stock data. As shown
in Figure 1, the stock prices are fluctuating comparatively heav-
ily. It indicates that it is difficult to forecast future stock data
using stationary data based analyses such as AR, MA and ARMA.
Even, several non-stationary data analyses (e.g. ARIMA, NARCH,
GARCH) fail to forecast a future prediction comparatively accu-
rately. One of the main reasons is the embedding trends in the
data. For instance, a year’ KOSPI data might have seasonal trends
(e.g. semiannually, quarterly or monthly). Similarly, overall KOSPI
data might have a yearly trend as shown in Figure 2.

This paper examines how yearly trend influence on the forecast-
ing of stock data using several forecasting methods. As a target
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data, KOSPI data with the same period (June 11th ~ December
28th) in 2015 and 2016 are considered. As shown in Figure 2, it
seems that these data have a partial trend. In particular, the latter
half of the data has a more explicit trend than the first half of the
data.

Figure 2: KOSPI Data from June 11th to December 28th in 2015
and 2016, respectively

In order to check the trend and its usages for a stock data fore-
casting, this paper tests three types of models: 1) a time series
model without a yearly trend, 2) a time series model with a yearly
trend and 3) a time series model with an adjust yearly trend. The
first model is defined using (1).

Xt—l—l = ¢1.Xt+...¢m.Xt_(m_1)+wt+1 (1)
wyy+1= the white noise of the forecasting model

As shown in (1), the forecasting target index (X;,1) at time is
estimated using the sum of linear combinations with the previous
data and their coefficients. (1) indicates a AR(m) model, where the
white noise is modelled using a Gaussian distribution with mean 0.
Its sigma is estimated using the average variance of the data. The
second model is defined using (2) with a yearly trend.

X1 =01 Xi+ .0 Xi—me) +01. T+ + 00 Ty w1 (2)

As defined in (2), T}, is the data at time (t+1) in the previous
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year and ¢; is its coefficient. The model integrates the first model
and the trend data. As a trend data, the data from (t+1) time to
(t-n) in the previous year is used. The reason for including 7},
is resulted from the fact that the maximal likelihood trend data of
X118 Tyyq.

The final model is the variation of the second model with modi-
fied trend. For example, the trend is considered as relative data. As
shown in (3), the current data and the previous data has a strongly
positive trend as shown in figure 3.

.
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Figure 3: Stock Data with a relative trend data

In this situation, the compensation value (m2/m1) is multiplied
to the trend data, it closed to the current data. It indicates that
the compensated trend data might advantageous for forecasting the
future data. The final model (4) borrows this concept.

Xy = Z::t—(m—l) 0. X;+0. Zz:ﬁi @i T+ Wi (4)

where 0 = compensation value.

While (3) uses each x and each T, it is different from the fact
that (4) handles each x and feT for predicting a future data.

This research compares three types of forecasting models. The
primal objective of this research study is to validate the usage of a
yearly trend data for predicting a stock index. In order to estimate
each parameters and forecasting the future data, three methods are
applied. The following section provides the detailed features and
characteristics of these methods.



International Journal of Pure and Applied Mathematics Special Issue

4 Forecasting Methods and Analyses

As discussed in the previous section, this paper tests three types
of forecasting model: AR model, AR model with trend data and a
time-series model with compensated trend data. In order to find
each modeling parameters and predict a stock index using them,
three analyzing methods (Neural network, Partial least squares and
Support vector regression) are applied. Neural network” is a kind
of network consisting input layer, output layer, hidden layer. The
connection between two layers is achieved using weight vectors and
an activation function. (5) shows a simple relationship between a
input layer (X) and its output layer(Y).

Y, = o 2w + 60) 5)

where x; = the i'* input data, y; = the j' output data, w;; =
the weight from x; to y;, b = bias vector, § = the coefficient of bias
vector and ¢(e) = activation function.

In order to determine each parameter of the neural network
model, backpropagation method ® using Levenberg - Marquardt
method? is used. When a neural network is used for estimating the
third model (4), the overall architecture is constructed as shown in
Figure 4.
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Figure 4: Multi-layer Perceptron model with past trend data in its
input node
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As shown in (4), its input node consists of three types of data:
current AR(m) node, the trend data with the size n and its bias.
The model is used for predicting the estimated xt+1.

The second analyzing method is Partial Least Squares (PLS)
method. The primal usage of PLS method is a projection method
using latent variables to a lower dimension from a high dimension
with process variables (k) and quality indices (m). The detailed
algorithm and usages are provided in Rosipal and Kramer '° and
Mevik and Wehrens 1.

The final comparing analysis is Support Vector Regression (SVR)
which is driven from Support Vector Machine (SVM). As a common
SVM is used for classifying a supervised data, SVR is considered as
an integrated model with SVM and a regression method. This pa-
per uses epsilon-SVR!'? and nu-SVR'* among many SVR method,
for predicting xt+1.

The following section provides the test results and comparisons
with three types of predicting models and three analyzing methods.

5 Numerical Experiments and Analy-
ses

This section provides numerical experiments with the target data
which is described in Section 3. Table 1 provides the parameters of
three types of predicting model.

Table 1: Parameters for each predicting model

Content Prediction model 1 Prediction model 2 Prediction model 3

-m=3 -m=3 -m=3

-n=3 -n=3
Parameters

-6=0.9985

As provided in Table 1, the first prediction model is considered
as an AR(3) model. In the second model, the same size of trend
data are used for predicting xt+1 with AR(3). The compensation
value (0.9985) is calculated with the comparison between the trend
data and current data. Then, it is multiplied to the trend data for
balancing with the current data.

Table 2 provides control parameters and detailed methods of
three analyzing techniques.
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Table 2: Control parameter and detailed method of each analyzing technique

Analyzing MLP PLS SVR
method
Parameters and | - Number of hidden layer : 1 - Number of latent variables : - SVR type : Epsilon —
Methods -Nodes in a hidden layer : 4 1 SVR

- Kernel type : RBF
- Gamma value : 0
-C:1

- Epsilon : 0.1

- Activation function : TanSig
- Optimizing method
: Levenberg Marquardt method

- Number of iterations : 100

In order to test and analyze them, a big data analyzer, ECMiner
is used as shown in Figure 5. As three analyzing methods use a
training data, 70% of overall data is used as a training data and
30% of data is used as a test data.

Figure 5: Tests and analyses using ECMiner(c)

The predicting performance is measured using (6).

— Ny X, 6
errorioa = Y iy | Xi—Xi| (6)

Figure 6 shows a plot of total errors using three analyzing meth-
ods with the first model - AR(3) model. As shown in Figure 6, SVR
is considered as an analyzer with the lowest forecasting error.

Figure 6: Total predicting errors of AR model
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Figure 7(a) and 7(b) show the total errors of the second (AR

model incorporating past trends) and the third model (AR model
with compensated trends).

(a) Total errors of AR model incorporating past trend

(b) Total errors of AR model with compensated past trend

Figure 7: Total predicting errors considering past trend

The overall total errors are provided in Table 3. As provided
in Table 3, PLS method is considered as a best analyzing method
with respect to the total errors.

Table 3: Total error of each prediction model using three analyzing methods

Content

Total error using MLP

Total error using PLS

Total error using SVR

AR model

11.835

14.335

6.7037

AR model incorporating
trend data

25.3348

12.6569

22.7908

AR model with
d trend data

21.3402

19.8626

24.0640

However, the performances of methods are changed by each an-
alyzed model. For instance, SVR is considered as the most suitable
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model for analyzing the first model. It indicates that the consid-
eration of trend data influences on the forecasting methods and
their results very sensitively. One of most important results is the
fact that the consideration of trend data leads to much worse fore-
casting results in this research. It indicates that past trend fail to
characterize the current trend successfully. Then, the recent data
has more valuable for forecasting future stock data.

6 Conclusion

This paper examines the effectiveness of past trends for forecast-
ing a future stock data. While the consideration of trends might
be helpful for more accurate predictions, this research corroborate
that a recent data is more important and trend data have a neg-
ative impact on the prediction. In order to prove the corrobora-
tion, three types of prediction models are provided: AR model, AR
model with past trend and AR model incorporating compensated
trend data. The compensation is calculated using the comparisons
between current average stock index and past average stock index.

In order to test these model, three different analyzing methods
are applied. As results, PLS method is considered as a good ana-
lyzers in general. However, the performances are different in each
analyzed model. The important fact is that a better forecasting can
be achieved without the consideration of past trends. It indicates
that it is difficult to extract the meaningful trend in stock data and
the recent data based approaches are used for making right deci-
sion in stock investments. This research study corroborates this
examination.

As further studies, the more segmented trend analyses are ex-
pected. While a past trend has to be considered carefully in the pre-
diction of stock index, a partial incorporation of trend data might
help to characterize current data. And, many other analyzing meth-
ods are expected to be applied for accurate forecasting.
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