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Abstract: Forecasting the stock market is a challenging task
because of its stochastic and complex nature. Various statistical
models and data mining techniques have been developed in the
recent years and applied to stock market forecasting. A review
of the relevant literature shows that only a very few studies
have applied high frequency data to forecast the stock market
and among these studies, only one or two have applied data
mining techniques. There are no studies on forecasting high
frequency data of stock index using multivariate adaptive
regression splines. In this paper we study the applicability of
the following four data mining techniques: backpropagation
neural network (BPNN), support vector regression (SVR),
multivariate adaptive regression splines (MARS) and Markov
chain incorporated into fuzzy stochastic (MF), for one-step-
ahead forecast of S&P CNX Nifty index of India and Nasdaq
composite index of USA with every sixtieth minute data. The
results of the study shows that SVR is better than the others
for forecasting high frequency data of both indices with an
accuracy of 99.7 %.

Keywords: Data mining, Markov chain into fuzzy stochastic,
multivariate adaptive regression splines, neural network,
support vector regression.

INTRODUCTION

A series of data that represents specific activities of an
entity that occur at periodic intervals of time is termed
a time series and is used in the fields such as medicine
(Friston et al., 1994), finance (Demyanyk & Hasan, 2010)
and engineering (Weerasinghe et al., 2010) for prediction
and decision making activities. Some real-life examples
of time series analysis include weather forecasting,
estimation of power consumption and prediction of
earthquakes etc.

Stock market is an important area where time series
analysis is applicable. Analysts, traders and investors
are constantly required to predict the stock values at
a future time (t + 1). Traditionally, analysts have used
fundamental and technical analyzes to forecast the stock
values but there is now an increasing trend to apply data
mining techniques (Fu, 2011). Forecasting stock market
is challenging because of its noisy, nonlinear and volatile
nature that is driven by macro and micro factors such
as organizational policies, political events, economic
conditions and exchange rates (Kimoto et al, 1990;
Fu, 2011).

This study compares various forecasting techniques
that can be used in mature and emerging markets that
experience high levels of fluctuations. The fluctuations
are typically a result of high-risk trading by retail
investors who predict the market using interrelated
attributes such as the relative strength index (RSI),
moving average (MA), exponential moving average
(EMA) and William’s %R, %K, %D.

This study also provides useful insights into successful
forecasting of the next-hour-value of the index using data
mining techniques with one dependent variable (close
price) and an independent variable (1 time lag of close
price). High frequency data from S&P CNX Nifty Index
(Nifty) and Nasdaq composite index (NCI) are used to
test and compare the performances of back propagation
neural network (BPNN), support vector regression
(SVR), multivariate adaptive regression splines (MARS)
(Friedman, 1991) and Markov chain into fuzzy stochastic
(MF) model (Wang et al., 2010). This study will provide
traders and analysts with a reference model to avoid blind
and irrational prediction.
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In economics and financial studies, the random walk
hypothesis by Malkiel and Fama (1970) and the efficient
market hypothesis by Fama (1991) are very popular.
These two hypotheses state that the stock market evolves
randomly and no investor can earn excess returns by
predicting or timing the market. There are, however,
views that oppose the above hypotheses, where the
financial market is believed to be predictable to an extent
(Wang & Zhu, 2010). Thus there have been many studies
on the development of models based on intelligent
soft computing techniques for predicting the market
(Sureshkumar & Elango, 2012). Recent years have
witnessed the application of data mining techniques for
forecasting the stock index. Some relevent and useful
studies on the forecast of stock market using BPNN,
SVR, MARS and MF are described below.

Back propagation neural network

Since the 1990s, ANN is a popular soft computing
technique that has been used extensively in forecasting
financial time series. There has been growing interest
in applying neural network modelling to financial
engineering in the recent years, because of its interesting
learning abilities (Thenmozhi, 2006). In the recent time,
Kara et al. (2011) proved the success in applying BPNN
to modelling and forecasting financial time series. In
particular, neural networks are increasingly used to
model the stock market because of their nonlinear nature
(Kimoto et al., 1990; Schierholt & Dagli, 1996). Modular
neural network has been used in the past to predict the
TOPIX index (Kimoto et al., 1990). These studies have
accurately predicted the market and thus promised good
profit in simulation on trading stocks. In another study
(Chiang et al., 1996), BPNN was compared with linear
regression and other non-linear regression models to
predict 101 US funds, and BPNN was shown to better
predict mutual funds than the others.

Yet in another study, change point analysis was
integrated with BPNN (Oh & Han, 2000) to predict
treasury bills and treasury bonds. The integrated model
was compared to BPNN and the former was found to
have a better prediction capability than BPNN alone.
Safer (2003) compared the ability of BPNN and MARS
in predicting abnormal returns of the index by using
the insider stock trading data and found that the BPNN
performed better than MARS. Linear regression, logistic
regression, BPNN, support vector classification (SVC)
and principal component analysis (PCA) with all four
classifiers were applied by Son et al. (2012) to forecast
the trend of KOSPI 200 high frequency data, which
had shown that BPNN performed better than the other
compared techniques when a dimension reduction was
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applied. Kumar and Thenmozhi (2012) studied the
prediction performance of BPNN, ARIMA-EGARCH
and ARIMA-EGARCH-BPNN in Nifty and S&P 500
returns and showed that BPNN outperformed the other
two hybrid models by providing lower MAPE. Apart
from forecasting financial time series data, ANN has also
been applied in rainfall prediction (Rathnayake et al.,
2011), speech recognition (Dahl et al., 2012) and biology
(Boorman et al., 2011) etc., with promising results in
each case.

Although there are various ANN models that have
been studied for various applications, it appears that the
back propagation neural network (BPNN) is the most
popular and extensively used technique in forecasting.
This study used BPNN as one of the techniques to
forecast the intraday data of stock markets.

Support vector regression

Although ANN has provided good forecasting results, it
has some limitations such as over-fitting and dependence
on the operators to control the parameters. As a result
of these weaknesses researchers have developed many
models to improve the ANN model. In 1995, Vapnik
developed the support vector machine (SVM) model
for classification, which is widely acceptable and it
overcomes the limitations of ANN. Many researchers
have found that the SVM is superior to BPNN making
it a particularly attractive data mining technique in
forecasting studies. SVM is further divided into SV
classification (SVC) and SV regression (SVR).

SVR has been found to outperform BPNN in terms
of NMSE, MAE, DS and WDS in forecasting future
contracts (Tay & Cao, 2001). Kim (2003) compared SVC
with BPNN and case based reasoning using 12 technical
indicators to forecast the Kospi index and found that SVC
outperformed the other models, proving the applicability
of SVMs in forecasting financial time series. A hybrid
model of ARIMA-SVR was developed and compared with
ARIMA and SVR in forecasting daily closing prices of
10 stocks in NYSE (Pai & Lin, 2005). The authors found
that the hybrid model minimizes the forecasting errors
considerably. In another study, the USD/GBP exchange
rates were successfully forecasted by employing the SVM
model using daily data (Cao et al., 2005), thus exhibiting
promise in financial time series modelling applications.
Sai et al. (2007) developed a model that integrated rough
set and SVC (RS-SVM) to investigate the trend of H & S
300 index. This model was compared with RW, ARIMA,
BPNN and SVC models. The error and computational
time for the integrated model were much less than those
of the other models.
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Kumar and Thenmozhi (2007) predicted S&P CNX Nifty
based on SVR, BPNN, random forest regression (RF) and
linear ARIMA model and found that SVR outperformed
the other models in forecasting the index. Fu and Cheng
(2011) applied SVR in forecasting financial returns of
the Shanghai Composite Index for the data comprised
358 observations. The SVR model was compared with
BPNN and ARIMA and it was found that SVR (4.12
%) outperformed BPNN (4.98 %) and ARIMA (5.64)
with lowest MAPE. SVM has also been applied in other
fields such as inventory level prediction (Faccio et al.,
2010), defect modelling (Chatterjee & Majumdar, 2011)
and spectroscopy (Balabin & Lomakina, 2011) etc., with
promising results. At present, SVR is widely used in
forecasting time series data.

With the help of earlier literature, it was understood
that SVR is a successful technique in solving forecasting
problems in financial time series. Thus, this technique
was implemented in this paper to successfully forecast
intraday data of stock markets.

Multivariate adaptive regression splines

Multivariate adaptive regression splines (MARS),
introduced by Friedman (1991) has been steadily
attracting researchers in the field because of its
propensity to model nonlinear relationships between
the attributes (Abraham et al., 2001; Lu et al., 2012).
It has been applied in many fields of engineering, but
only within the last decade a few researchers have
compared MARS with the other well-known techniques
for forecasting financial time series data. Lu et al. (2009)
compared the performances of MARS, BPNN, SVR and
linear regression in forecasting daily close price of the
Shanghai B share market index. This study showed that
MARS was found to outperform the other models with
the lowest error and highest accuracy. Kao et al. (2013)
built an integrated model called Wavelet-MARS-SVR
and compared it with Wavelet-MARS, Wavelet-SVR,
ARIMA, SVR and ANFIS models for the prediction
of stock index of two mature and emerging markets
and the proposed model showed better performance
than the other models in predicting the indices.
Fazel Zarandi et al. (2013) analyzed the performance
of MARS with least square estimates (LSE), SVR
(all kernels) and ANFIS in Friedman artificial dataset
and Sugeno stock prices dataset, Tehran stock
exchange dataset and Ozone level datasets. The study
found that MARS was more accurate than the other
techniques in predicting all datasets. More recently,
MARS has been gaining popularity among researchers
in other fields such as bankruptcy (De Andrés et al.,
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2011), credit risk (Lee & Chen, 2005), rainfall prediction
(Abraham et al., 2001), disease risk research (Yao et al.,
2013), team behaviour prediction (Abreu et al., 2013),
energy expenditure (Butte et al., 2010) tourism demand
(Lin et al., 2011) etc.

MARS models are easier to interpret than the other
techniques, because in the final model the original
variables can be directly identified and the interactions
between the variables are known. MARS is useful to
build flexible models without the disadvantages of the
other ‘black-box’ methods. Thus, MARS was used in
this paper to successfully forecast intraday data of stock
markets.

Fuzzy logic and Markov chain

Fuzzy logic and Markov chain concepts have been
extensively applied in forecasting stock markets
(Lee & Shin, 2009; Zhang & Zhang, 2009; José Luis
Aznarte et al., 2012). Lai et al. (2009) developed a hybrid
model by integrating fuzzy decision tree and genetic
algorithm (GAFDT) and found that it was better than the
respective individual models in the prediction of stocks
of Epistar Corp, Silicon Integrated System Corp and
UMC Corp of TSEC index. AR, STAR, NCSTAR and
LEL-TSK techniques have also been used to predict the
DIJIA index of 23 companies (Jos¢ Luis Aznarte ef al.,
2012). Among these, the LEL-TSK technique was found
to have the best accuracy in prediction. Wei et al. (2011)
used an ANFIS to forecast the TAIEX and found it to be
better than the other techniques.

In another study, hidden Markov model (HMM) was
found to be a good predictor of the trend of SCI and
Shenzhen -Sinopec shares (Zhang & Zhang, 2009). HMM
was also developed with EM algorithm and compared
with RNN to predict the S&P 500 index (Zhang, 2004).
This model was found to successfully predict the index
in both bull and bear markets. Fuzzy stochastic and grey
prediction models were developed to predict the next-
hour-value of Taiwan stock exchange (Wang, 2003).
The index was successfully predicted with a very little
deviation when the fuzzy stochastic technique was
applied. A hybrid model combining the hidden Markov-
fuzzy stochastic was developed by Wang et al. (2010)
to forecast the Taiwan stock exchange and was found to
perform better in 298 of 330 trials in predicting the per-
hour data than the fuzzy stochastic technique.

It is observed that most studies have hitherto focused
on the use of daily close of stocks and indices for
forecasting with some individual and hybrid techniques,
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and using advanced techniques beyond the understanding
of traders and investors. The major gaps in stock market
predictive studies are identified based on the previous
literature and listed as follows: (a) few studies have
applied high frequency data to forecast stock index;
(b) even among the studies that have used the high
frequency data for prediction, data mining techniques
have rarely been applied; (c) there have been no studies
on application of MARS in forecasting the intraday price
of stock indices; (d) many studies have applied support
vector classification (SVC) rather than support vector
regression (SVR) to forecast stock indices and (¢) a very
few researchers have used the lag value of the dependent
attribute as an independent attribute to forecast the stock
index. These specific issues are addressed in this research

paper.

FORECASTING TECHNIQUES
Back propagation neural network

The principle of neural network is derived from the human
nervous system where every neuron receives signals from
the outside or from an adjacent neuron, and processes it
through an activation function to produce outputs that are
then transmitted to the other neurons. The strength of the
input depends on the weight of the neurons; the higher
the weight of the neuron, the stronger is the input and
betters the connection between neurons, and vice versa.
A detailed description about this technique can be found
in Chen et al. (2006), Han et al. (2012) and Kara et al.
(2011).

Epsilon - support vector regression

The support vector machine introduced by Vapnik in 1995
(2000) can be used for either classification or regression.
It minimizes the upper bound of the generalization error
by applying the structural risk minimization (SRM)
principle. This overview is to understand the concept of
SVM.

SVR is formulated as
Y = wo(x)+b, (D)

where @(x) is a feature, which is mapped nonlinearly from
the input space x. Kernel functions play a major role in
classification or regression through SVM. In most cases
SVM s give good results when the radial basis function
(RBF) kernel is used. To know the detailed description
about this technique, please refer Smola and Scholkopf
(2004).
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Multivariate adaptive regression splines (MARS)

MARS is a multivariate nonlinear and non-parametric
regression procedure developed by Friedman (1991). It
is an extension of linear models that can model the non-
linearity and interactions between the variables without
the need for human intervention. MARS can also rapidly
find the attributes to be used and the end points of the
intervals. It can allow any degree of interaction to provide
a model that fits best with the data.

Markov chain into fuzzy stochastic

Wang (2003) proposed a fuzzy stochastic model to
forecast the stock market by considering the situations in
the stock market as random process:

X =X .(2)

(n+1)

where 1 = ZZi{ﬂ(th)_ﬂ(tn)/J and n = 1.2,..J € N;

where N refers to natural numbers, u(t,) is a membership
function u(t,) = (x/y)?, where x is the observed value of a
specific hour t, on a day and y is the highest value at the
specific hour of the day t,. In this study, the parameter r
of the fuzzy stochastic prediction model in equation (2)
is adjusted by the Markov chain concept.

Markov chain is a progression, which consists of a
finite number of states and some known probabilities P
where p.. represents the probability of moving from one
state j to another state i. The probabilities p; are called
transition probability. The process can remain in the
state it is in, and this occurs with probability p,, which is
known as state probability. A random process (X , n > 0)
on state space S is said to be a Markov chain if i and j
belong to S.

As the dataset of Nifty and NCI are grouped by the
hour, the random variable X represents the stock index
value at the n™ hour in this study. X = 1, represents
the stock index is in the rising trend; X = 2, represents
the opposite trend i.e., stock index falling, where
n = 1,2,....,N. a(n) in equation (3) and (4) represents
the probability (i = 1,2) of the state in situation i at the
n™ hour, like a(n) = P(X = i). p; states the probability
(1,j = 1,2) of the transmit of the first state from a certain
hour in situation i and to the next hour in situation j, like
p; =PX, ) =J | X,=1). Thus X . depends only
on X and p,;. The following is obtained according to the
concerned probability formula

a;(n+1)=a(n)p;;+a, (n)py -(3)

ay(n+1)=a;(n)p;,*+ a, (N)py, (4
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Here 1, is used to represent the change rate (i = 1,2 and
j=1,2) from a specific hour’s state in situation i to the to
the next hour in situation j, as r,; = = Z:]]‘ w(tar) — u(ta)/k,
where u(t,) is defined as (x/y)?, where x is the index
value of a specific hour t, on a day and y is the highest
value of the index at the specific hour of the same day.
The r parameter of the prediction model is obtained using
equation (3) and (4)
711 P11 + 121 P21 applied when the stock index is on rising trend

r= {rlzplz + 13,022 applied when the stock index is on falling trend

(5

METHODS AND MATERIALS

This section describes the experiments performed and the
comparative performances of the four techniques namely,
BPNN, SVR, MARS and MF to predict the one-step-
ahead forecast of Nifty and NCI indices. NCI is a leading
index in NASDAQ stock market, which is followed in
the USA as a sign of performance of stocks in technology
and growth companies. Nifty is a benchmark index of
the Indian stock market and it covers 22 sectors of the
Indian economy. The one-minute high frequency data of
the indices were collected between January 2, 2012 and
September 28, 2012 on all full trading sessions and from
this dataset, every sixtieth minute was taken for analysis.
The missing observations were filled with the mean value
of the respective hour. The trading time for Nifty index
was between 9:15 a.m. to 3:30 p.m. and that for NCI was
9:30 a.m. to 4:00 p.m. In this study we considered the
time and data for full day trading sessions on weekdays
between 9 a.m. to 4 p.m. for both the indices to simplify
the data processing.

To see the performances of the used techniques in the
sample period, this study divided the dataset for examining
the out-of sample performance of BPNN, SVR, MARS
and MF. The datasets used in this analysis were divided
into training (80 %) to build the model and testing (20 %)
to estimate the model. Every sixtieth minute data taken
for this analysis were normalised based on the min-
max normalisation reported by Han et al. (2012). The
experiments were performed using the dataset with min-
max normalized variables, viz., normalised close price
of an index as the dependent attribute and normalized
lag close price of an index as an independent attribute
for BPNN, SVR and MARS. For the MF model, the
denormalized close price of the index was used. The
collected data were taken from Google Finance.

The forecasting techniques were analyzed based on
the statistical measures such as the mean absolute error
(MAE), mean absolute percentage error (MAPE), mean
square error (MSE), root means square error (RMSE)

Table 1: A portion of model selection results of
BPNN model — Nifty

No. of nodes in Learning Testing
hidden layer rate MAPE
2 0.35 1.7465
0.325 1.6941

0.3 1.6407

0.275 1.6027

0.25 1.5674

3 0.35 1.5409
0.325 1.5077

0.3 1.4566

0.275 1.4704

0.25 1.4655

4 0.35 1.5407
0.325 1.5071

0.3 1.4573

0.275 1.4744

0.25 1.4706
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Table 2: A portion of model selection results of
BPNN model — NCI

No. of nodes in Learning Testing
hidden layer rate MAPE
3 0.15 1.2556
0.125 1.2272

0.1 1.2097

0.075 1.2013

0.05 1.1884

0.025 1.1929

4 0.15 1.1702
0.125 1.1512

0.1 1.1472

0.075 1.2001

0.05 1.1946

0.025 1.1984

5 0.15 1.1945
0.125 1.1804

0.1 1.1697

0.075 1.1512

0.05 1.1311

0.025 1.1555
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Theil’s U — statistics and forecasting efficiency (%). The
formulae for these statistical performance measures are
given below.

1 N
—— 2
MSE = szef’
1 N
— — 2
RMSE = Nzn=1en
1 N
MAE = 52l
I lenl
MAPE - Nzn 100 <a—n>
1
| e
Theil U Statistics = | i - |
[(Jﬁzﬁ:l a“rzl> + JN Zgzl y‘r%J
Forecasting Efficiency = [100 - (Theil U Statistic x 100)]

where e_ is the difference between actual a_ and predicted
A and n is number of observations. MAE, MAPE, MSE
and RMSE are called as “measures of fit”. These values
help to measure the deviations between the actual and
forecasted values. The Theil’s U statistics is a measure
of the efficiency of the model to predict the data. Smaller
the values of these parameters, closer are the predicted
values to actual values. The MAPE was used to select the
best model in the particular techniques. Tables 13 and 14
shows the performances of all the techniques used based
on the denormalized test data values of the actual and
predicted results.

In the representation of BPNN model, the architecture
was formed with a single input node in the input layer,
three nodes in the hidden layer and a single node in the
output layer. The input node consisted of the normalized
lagged close price of Nifty or NCI index’s sixtieth minute
data as it is the forecasting attribute, and the output node
was the the normalized close price as it is the forecasted
attribute. The trained BPNN architecture of this study
was 1-X-1. This represents the neural network with
1 neuron in the input layer (normalized lagged close
price), X neurons in the hidden layer and 1 neuron in
the output layer (normalized close price), since one-
step ahead prediction is made in this study. Since there
are no rules to determine the number of nodes in the
hidden layer (Han et al., 2012), the nodes in the hidden
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layer tested were set from 1 to 5 for Nifty and NCI. We
applied tansig function for the nodes in the input layer
and the hidden layer, while linear funtion was applied at
the output layer. The model selection results for Nifty and
NCI are presented in Tables 1 and 2, respectively. Another
important measure to train the network is learning rate.

Table 3: A portion of model selection results of SVR

— Nifty and NCI
C € Nifty MAPE ~ NCI MAPE
2° 27 1.3473 1.2126
2675 1.4012 1.2137
265 1.4117 1.2016
2625 1.4312 1.5
2 1332 1.1346
2775 13335 1.1445
2775 1.3546 1.1401
2725 1.3321 1.1509
2 1.3296 1.1375
2875 1.33 12164
285 13314 1.1935
2825 1.3412 1.1791
210 27 1.3574 1.2081
2675 1.2997 1.195
265 1.3009 12123
2625 13124 1.2583
28 13378 1.1261
2775 1.2964 1.1209
275 1.2883 1.1237
2725 1.2891 1.1454
2 1.35 1.1433
2875 13323 1.1475
285 1.3298 1.1569
2825 1.3311 1.1323
M 27 13509 1.2165
2675 1.3512 1.1355
265 1.3596 1.1397
2625 1.3644 1.1452
28 1.3264 1.134
2775 1.3259 1.1296
275 13174 1.1473
2725 13215 1.152
2 1.3355 1.1347
2875 1.3499 1.1515
285 1.3401 1.1224
2825 1.3306 1.1219
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The learning rates with 0.001 to 0.5 were tested in the
training process. The number of epochs tested in this
study were 10000, 10250, 10500, 10750,...., 25000. To
obtain the best parameter in BPNN, the learning rate and
the momentum were fine tuned. The BPNN topology with
the minimum testing MAPE was considered as the best.

As the second step, SVR was used to resolve the
forecasting problems of BPNN, as it has been proven to
be better than BPNN in stock market forecasting. The
best SVR model can result only with the selection of
best parameters. Hence the RBF kernel was chosen to
train the SVR model for this study. Here also fine tuning
was performed to identify the best parameter C and ¢ for
SVR model with the minimum testing error. The authors
have chosen C from 2! to 2'? and ¢ from 272 to 2'? to
identify the best model. Portions of the best out of the
combinations are presented in Table 3 for both indices.

Thirdly, the basis functions (BF) were used in the
MARS model to forecast the effects of one time lag close
of the index on close price of the index. In order to build
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the best MARS model, a penalty factor from 1 to 5 was
chosen for both time horizons of the indices. The model
with the least MAPE from test data was considered as the
best model.

For the BPNN and SVR, Weka 3.7.7, developed by
Hall et al. (2009) was operated to develop the models.
Statistica 10, provided by Statsoft was used in building
the MARS models and to develop the MF model Ms
Excel 2007 was employed. All the modelling tasks were
implemented on an HP Compaq PC with Intel (R) Core
(TM) 2 Duo E8400 @ 3.00 GHz CPU processor. The
detailed forecasting results of indices using the above
mentioned modelling techniques are described in the
following section.

RESULTS AND DISCUSSION
Back propagation neural network

Tables 1 and 2 show the testing results of BPNN
topology with the combination of different nodes and

Table 4: Basis function and prediction equation of MARS — Nifty and NCI

Index Variable Basis function
BF1 = max(0, Normalized lag close Nifty - 0.243)
Lag close
Nifty BF2 = max(0, 0.243 - Normalized lag close Nifty)
Prediction equation Normalized 60 minute Nifty = 0.243 + 0.993*BF1 -0.977 * BF2
BF1 = max(0, 0.823 - Normalized lag close NCI)
Lag close BF2 = max(0, Normalized lag close NCI - 0.803)
b BF3 = max(0, Normalized lag close NCI - 0.857)
Prediction equation Normalized 60 minute NCI = 0.8215 - 0.993*BF1 + 0.487 * BF2 + 0.815 * BF3
Table 5: A portion of stock index data with pu Index — Nifty and NCI
Close price p index
Date Time
Nifty NCI Nifty NCI
3/1/2012 09:00 4684.65 2657.87 0.968306 0.995941
3/1/2012 10:00 4716.45 2659.56 0.981497 0.997208
3/1/2012 11:00 4719.1 2663.28 0.9826 1
3/1/2012 12:00 4725.55 2653.66 0.985288 0.992789
3/1/2012 13:00 4738.9 2645.94 0.990863 0.987021
3/1/2012 14:00 4728.4 2649.98 0.986477 0.990037
3/1/2012 15:00 4754.05 2655.94 0.997208 0.994496
3/1/2012 16:00 4760.7 2648.72 1 0.989096

Journal of the National Science Foundation of Sri Lanka 42(2)

June 2014



184

learning rates for Nifty and NCI. From Table 1, it is seen
that the minimum MAPE 1.4566 was obtained when 3
nodes were used in the hidden layer. This implies that the
Nifty’s every sixtieth minute close price was successfully
forecasted by 1-3-1 network topology with a learning
rate 0.3 and this network took 15000 iterations to train to
produce the lowest MAPE. Hence it is the best network
topology in forecasting every sixtieth minute close price
of the Nifty index.

From Table 2, it can be observed that the network with 5
nodes in the hidden layer produces the minimum MAPE
of 1.1311 for NCI. Furthermore, it is understood that
the network with 1-5-1 network topology produces the
lowest error with 0.05 as the learning rate and 17500
epochs and hence 1-5-1 network topology is considered
as the best in forecasting the NCI index. The forecasting
performances of the BPNN topology of each index was
analyzed and presented in Table 13 with MSE, RMSE,

Table 6: A portion of stock index data — Nifty and NCI

B. Senthil Arasu et al.

MAE, MAPE, Theil U statistic and forecasting efficiency
(%) by denormalizing the normalized predicted data.

Support vector regression

Totally 1152 different SVR models each in Nifty and NCI
resulted from the combination of 12 C parameter and 96
€ parameter. A portion of the model selection results is
presented in Table 3 (Nifty and NCI). As observed in
Table 3, the combination of C =2 and £ = 27 produced
the minimum MAPE 1.2883 and was considered the best
SVR model for forecasting the Nifty index. From Table
3, it is observed that the minimum MAPE 1.1209 was
obtained through the combination of C=2%and g =277
for forecasting NCI’s every sixtieth minute close price.
From this analysis, it is understood that SVR performs
better than BPNN in both indices by providing the lowest
MAPE. Increasing the C and decreasing the ¢ parameter
values provided the best results for the indices. The MSE,

Time
Date Index
9:00 10:00 11:00 12:00 13:00 14:00 15:00 16:00
3/1/2012 Nifty 4684.65 4716.45 4719.1 4725.55 4738.9 4728.4 4754.05 4760.7
NCI 2657.87 2659.56 2663.28 2653.66 2645.94 2649.98 2655.94 2648.72
4/1/2012 Nifty 4764.8 4751.45 4756.25 47453 4743.05 4779.85 4748.35 4742.15
NCI 2641.66 2635.9 2635.12 2642.64 2649.04 2649.3 2651.19 2648.36
5/1/2012 Nifty 4749.35 4770.85 4767.6 4771.7 4776.85 4761.85 4739.15 4748.7
NCI 2642.19 2636.5 2640.42 2652.55 2662.5 2670.18 2664.43 2669.86
6/1/2012 Nifty 4734 4714 4691.15 4702.05 4703.6 4718.6 474495 4760.45
NCI 2669.73 2660.14 2670.09 2678.92 2675.04 2678.87 2678.02 2674.22
Table 7: A portion of stock index rising and falling — Nifty and NCI
Time
Date Index
9:00 10:00 11:00 12:00 13:00 14:00 15:00 16:00
3/1/2012 Nifty 1 1 1 1 1 0 1 1
NCI 0 1 1 0 0 1 1 0
4/1/2012 Nifty 1 0 1 0 0 1 0 0
NCI 0 0 0 1 1 1 1 0
5/1/2012 Nifty 1 1 0 1 1 0 0 1
NCI 0 0 1 1 1 1 0 1
6/1/2012 Nifty 0 0 0 1 1 1 1 1
NCI 0 0 1 1 0 1 0 0
June 2014 Journal of the National Science Foundation of Sri Lanka 42(2)
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Table 8: Probability for all time periods in the trained dataset — Nifty and NCI
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Nifty NCI
Time P Py Py o P Py Py, Py

9:00-10:00 5.5 3.25 5.5 425 5.375 45 475 4
10:00-11:00 4.5 4875 425 4875 5.625 4.625 425 4.125
11:00-12:00  3.875 4.75 55 4375 5.75 4.75 45 3.625
12:00 - 13:00  4.125 4.75 45 5.125 6.125 4.125 4375 4
13:00- 1400 4 55 4.875 4.125 55 4.875 4.75 35
14:00 - 1500  4.625 55 4875 35 5.625 3.75 4.75 45
15:00— 1600 5.5 3.875 4.625 45 5 4.625 4375 4.625

RMSE, MAE, MAPE, Theil U statistic and forecasting
efficiency (%) of the SVR model of each index are shown
in Table 13 by the denormalized predicted ouput.

Multivariate adaptive regression splines

Here only one variable was considered as the forecasting
parameter, and so this variable was automatically selected.
In order to explain the MARS prediction model, the first
built Nifty’s MARS model was used as an illustrative
example. For example, if the value of normalized lag
close Nifty for BF1 = max (0, normalized lag close

Nifty - 0.243) in Table 4 is 0.3, then the BF1 = 0.057
and the model predicts that the normalized close of Nifty
is increased by 0.0566 (i.e., 0.993*max (0, 0.3 - 0.243).
The obtained basis function and the attribute selection
result for Nifty and NCI are presented in Table 4. The out
of sample predicted results of the MARS model produced
a GCV error of 0.000306 and 0.000310 for Nifty and
NCI, respectively. From the results in Table 4, the lowest
MAPE obtained for Nifty and NCI, were 1.33062 and
1.523801, respectively. The penalty parameter used to
obtain these lowest MAPE was 2 for both indices.

Table 9: A portion of change rate calculation — Nifty and NCI

Nifty NCI
Date 09:00 p 10:00 p Date 09:00 p 10:00 p

3/1/2012 0.968306 0.981496691 10/1/2012 0.996628049 1

5/1/2012 0.988519 0.997489462 17/1/2012 0.996266415 0.997162713
10/1/2012 0.974237 0.977556556 18/1/2012 0.972150391 0.980240907
11/1/2012 0.994193 0.99476712 19/1/2012 0.990612494 0.993237104
17/1/2012 0.98412 0.992495865 23/1/2012 0.990502048 1

18/1/2012 0.99773 0.99877411 26/1/2012 0.998467311 1

20/1/2012 0.993791 0.995608184 2/2/2012 0.990985377 0.994231505
30/7/2012 0.9809 0.982271926 6/8/2012 0.985339813 0.990256532
Average pu 0.987669 0.991381119 0.98710555 0.990924443
Change rate 0.003712359 0.003818893
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Table 10: Stock index change rate for all time periods — Nifty and NCI

B. Senthil Arasu et al.

Nifty change rate r

NCI change rate r

Time rll 21 rl2 122 rll 121 rl2 22
9:00 —10:00 0.00371 0.00467 -0.00473 -0.00485 0.00382 0.00527 -0.0054 -0.005
10:00 — 11:00 0.00420 0.00486 -0.00348 -0.00324 0.00522 0.00645 - 0.0055 -0.0063
11:00 — 12:00 0.00306 0.00392 -0.00511 - 0.0052 0.00335 0.00504 - 0.0052 -0.0049
12:00 — 13:00 0.00469 0.00448 -0.00362 - 0.00457 0.00249 0.00361 -0.0023 -0.0031
13:00 — 14:00 0.00548 0.00518 -0.00437 - 0.00659 0.00347 0.00307 -0.0032 -0.0035
14:00 — 15:00 0.00550 0.0054 -0.00642 -0.00797 0.00253 0.00328 -0.0029 -0.0042
15:00 — 16:00 0.00464 0.00522 -0.00212 -0.00535 0.00424 0.004543 -0.0029 -0.0047

Thus, it was found that SVR produced the lowest MAPE
compared to the other models. Although MARS model
was able of identify the important independent attribute,
its forecasting ability for the normalized variables was not
as good as those of BPNN and SVR as seen from Tables
1 to 3. In this study the forecasting ability of the models
built using these techniques was compared for which the
normalized predicted output were denormalized and are
presented in Tables 13, and the robustness evaluation
on these techniques were analyzed and presented in
Table 14.

Markov chain into fuzzy stochastic

Nifty and NCI datasets were used to provide a detailed
analysis on the predictive capability of MF. From Table 5,
it is observed that the time period considered for this
study is reformatted from 9.00 a.m. to 04.00 p.m.

Table 11: Parameter r for the time period 9:00 to 16:

Rising and falling stock index probabilities

The probabilities p,,, p,,, ;> and p,, in equation (3) and
(4) were computed for the rising and falling stock indices
from the datasets. To know the value of the index in the
next period, we used the mentioned dataset, for example
in Table 5 to produce Table 6 for further analysis.

Table 7 indicates the rising and falling measures
of the stock index. “0” indicates that the value of the
index is falling or equal to the previous state (falling).
“1” indicates that the value of the index is rising or
equal when compared to the previous state (rising).
Now to compute the probabilities p,,, p,,, p,;» and p,,
over the training data we use [times of occurrences
of (1,1)/ total number of entries] to find p,,; [times of
occurrences of (0,1)/ total number of entries] to find p ,;
[times of occurrences of (1,0)/ total number of entries]

00 — Nifty and NCI

Nifty NCI
Time Rising Falling Rising Falling
parameter r parameter r parameter r parameter r

09:00 — 10:00 0.035605 - 0.04662 0.044237 - 0.04551
10:00 — 11:00 0.042577 - 0.03062 0.059392 - 0.04949
11:00 — 12:00 0.030578 - 0.05084 0.043204 - 0.04095
12:00 — 13:00 0.040647 -0.03971 0.030142 - 0.02246
13:00 — 14:00 0.050364 - 0.04849 0.034056 -0.02762
14:00 — 15:00 0.055152 -0.05918 0.026534 -0.03267
15:00 — 16:00 0.045818 -0.03387 0.042241 - 0.03442
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Table 12: Comparison of a portion of predicted result for the model with actual — Nifty

and NCI
Nifty NCI
Date Time

Actual Predicted Actual Predicted
7/8/2012 10:00 5309.55 5052.569 3008.58 3140.07
7/8/2012 11:00 5314.8 5540.495 3014.59 2863.301
7/8/2012 12:00 5319.9 5051.338 3024.36 2893.628
7/8/2012 13:00 5327.5 5540.595 3025.29 3116.908
7/8/2012 14:00 5337.3 5602.685 3023.73 2942.865
7/8/2012 15:00 5342.4 5639.931 3021.01 3105.034
7/8/2012 16:00 5331.2 5164.473 3015.86 2918.792

to find p,, and to find p,, [times of occurrences of (0,0)/
total number of entries]. For example, in Table 7, from
timing 9.00 to 10.00, the number of occurrences of (1,1)
in Nifty index is 2 and the total number of entries are 8,
0 p,, is 2/8 = 0.25. In a similar way we can obtain the
value for p, p, and p,,, which is shown in Table 8 for
both indices.

Rising and falling change rate

The stock index change rates were calculated for r,
T, T,, and r,, in equation (5), which are presented in
Table 10. For example, in Table 9, a portion of change
rate r, for the time period 9.00 to 10.00 for Nifty index
was computed.

Here, we have to calculate the average p index for
the period 9.00 to 10.00 and the change rate by finding
the difference between the average p index 0.991381119

(10.00) and the average p index 0.987669 (9.00), and its
difference 0.003712359.

Parameter computing and obtaining the predicted
value

Parameterr=r, p,, +1, p,, was used to calculate the rising
parameter when the stock value increased, and parameter
T = 1,p,, +T,,p,, Was used as a falling parameter for
falling stock index values. The computed r parameter
values for both indices obtained by combining Table 8
and 10 are presented in Table 11.

The next period index value can be predicted by
using the prediction function X ., =X e’ (e represents
2.71828182845904) . For example, to predict the Nifty’s
next period value, we have to take the stock index at
9:00, 9:01 and the parameter r. The reformatted stock
index at 9:00 (5269.75) and 9:01 (5269.25) on August 6,

Table 13: Denormalized stock index forecasting results for all the models in this study

— Nifty and NCI
Index Models MSE RMSE MAE MAPE Theil U
Nifty BPNN 324.867 18.024 12.005 0.221 0.00166
SVR 283.796 16.846 10.805 0.199 0.00155
MARS 287.563 16.958 10.844 0.200 0.00156
MF  56413.184 232.760 237.515 4.294 0.02184
NCI BPNN 49.045 7.003 5.129 0.166 0.00113
SVR 39.715 6.302 4.720 0.155 0.00101
MARS 94.545 9.723 7.218 0.232 0.00157
MF  14572.856 120.718 116.265 3.759 0.01951
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2012, shows that the index is on the falling side and the
corresponding falling parameter during 9:00 to 10:00 is
-0.04662. Substituting the parameter and the index value
at 9:00 in the prediction function 5269.75¢004662 gives
the predicted value of 5029.71 for the next time period
10.00. Likewise the next hour’s values can be predicted
for both indices. A part of the predictions thus made is
shown in Table 12.

The performance of MF technique with other
compared techniques is presented in Table 13.

Comparative result

Table 13 summarizes the forecasting performances of
Nifty and NCI using BPNN, SVR, MARS and MF for the
denormalized predicted data. To evaluate the forecasting
performance of the best model, MSE, RMSE, MAE,
MAPE, Theil U statistic and forecasting efficiency (%)
were used. It can be seen that BPNN, SVR and MARS
has a 99.9 % efficiency in forecasting the indices. It is
observed from Table 13 that the forecasting efficiency
of SVR model is 99.99845 % and 99.99899 % in Nifty
and NCI, respectively, which was better than the other
techniques. From Table 13, we can also observe that
MARS outperformed BPNN and MF with lower errors
in MSE (287.563), RMSE (16.958), MAE (10.844),
MAPE (0.2 %), Theil U statistic (0.00156) and
forecasting efficiency (99.99844 %) in forecasting every
sixtieth minute of Nifty. There were smaller deviations
between the actual and predicted values when the SVR
model was used. Thus the SVR model provided better
forecasting results than BPNN, MARS and MF in Nifty
and NCI indices.

Robustness evaluation

To evaluate the robustness of the SVR model, the
performances of BPNN, MARS and MF models were
tested using different ratios of training and testing
sample sizes. The experiments were based on the relative
ratio of the observations of the training dataset size to
the complete dataset size. In this robustness evaluation,
we considered four relative ratios: 60 %, 70 %, 80 % and
90 %. Table 14, summarizes the forecasting performaces
of the analyzed indices by four techniques in terms of
MSE, RMSE, MAE, MAPE and Theil U statistic. The
SVR models outperformed the other models in all four
different ratios in terms of the five different performance
measures. Thus, the SVR undeniably provides better
forecasting results than the other techniques in both Nifty
and NCI indices. Based on the discussions and findings
reported in this empirical study, we can say that SVR

189

model is most suited for forecasting the next period value
of the index with higher accuracy when using a single
forecasting variable.

CONCLUSION

Earlier studies have examined and compared various
sets of data mining techniques in time series forecasting,
mostly in the area of ANN, SVC and a series of hybrid
models. Asixty-minute dataset from Nifty and NCl indices
were used in this study to evaluate the performances
of BPNN, SVR, MARS and MF techniques. The use
of minute data was found to increase the frequency
and fluctuations among the data. MSE, RMSE, MAE,
MAPE, Theil U statistic and forecasting efficiency
(%) were used as performance measures to check the
forecasting capability of the techniques. The results
shows that an accurate prediction can be made for Nifty
and NCI without the use of extensive market related data
or macroeconomic variables. SVR models were found
to provide better forecasting results than MARS, BPNN
and MF in forecasting Nifty and NCI indices. SVR was
found to outperform the other techniques in considering
the single-time lag close in the input. Also the robustness
evaluation for the employed techniques proves that SVR
outperforms the other techniques in all the datasets.
This study has also justified the recent emergence of
MARS as a better prediction technique for intraday
trade than BPNN in Nifty index. It has contributed to the
knowledge by evaluating the MARS technique in time
series forecasting.

Forecasting stock market is important for fund
managers, policymakers, investors, borrowers and traders.
This study offers investors and analysts a comparitive
study of popular models and recommends the model to
use for successful forecasting of stock index.
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