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Abstract
ARIMA (p,d,q) model and ANN have been widely used to
predict time series data with evidence of relative superiority
of ANN. Various combinations of ARIMA (p d q) as well as
ANN has been used for comparative predictive accuracy.
This paper attempts to identify superior combinations in
ARIMA model as well as ANN model for predicting Indian
Stock Market namely NSE Nifty fifty using daily data of ten
year period. Through the simultaneous use of AAE, RMSE,
MAPE and MSPE statistical tools, the predictive accuracy of
ARIMA (p d q) and ANN model has been compared. The
results indicate ARIMA (2,1,2) and ANN ( 4-10-1) with both
train functions GDX and BFG are best predictors with ANN
dominating over ARIMA model in the final outcome.
Keywords: Stock Market Prediction, ARIMA, ANN Model,
Predictive Accuracy
Introduction
The models used for forecasting of stock markets are either
deterministic or stochastic in nature. These models for
forecasting time series data are based on four components i.e
the tendency, the cyclical trend, the seasonal trend, and
random changes. The first three components are deterministic
in nature, while the last one is the stochastic in nature (Rusu
& Rusu, 2003). The stock market being dynamic in nature
generates white noise which cannot be effectively predicted
by deterministic models. Therefore research has mostly
focused on random walk models prominent amongst which
are autoregressive category of models considered as better
representative of stochastic models for predicting stock
market. The linear models have inherent limitation for their
failure to learn the real world problems of forecasting gave
rise to development of nonlinear models such as nonlinear
autoregressive, threshold models (Tong, 1983), and
autoregressive bilinear models (Granger and Anderson,
1978), smooth transition regression model (Bacon and watta,
1971), autoregressive heteroscedastic model (Engle,1982)
exponential smooth transition autoregressive (ESTAR) model
(Taylor and Sarno, 2002), markov switching model
(Hamilton, 1996). Though these models have provided better
results than the linear models, their universal acceptability is
constrained due to nature of markets, length and period of
study. (Zhang, 2001). Modelling of stochastic time series data
by researchers (Hornik, Stinchcombe, and White, (1989),

Hill, O’ Connor, and Remus (1996), Tang, Almedea and
Fishwick (1991), Tang, Fishwick (1993) and Zhang (2003),
Chiang et. al., (2007)) using artificial neural network models
for the purpose of forecasting found significantly accurate
results over traditional and modern linear and nonlinear
models. Extensive literature by Zhang et al. (1998) found
ANN superior to other forecasting models. ANN based stock
market studies performed over different markets, have also
certain degree of differences. These differences open up
avenues for further examination of the approaches to test their
predictive accuracy based on the auto learning of the time
series data as applied to Indian Stock market.

Literature Review
An appropriate prediction modelling of stock prices has
always been a challenge. In this context the work of Brock
(1992) to study the stochastic behavior of stock returns by
using AR (1), the GARCH-M and Exponential GARCH
models have not generated any significant different results as
compared to traditional models. Neural network modeling
gave better prediction over logistic regression and
discriminant model as concluded by Hill et.al (1994). Stansell
and Eakins (2004) tested nineteen sectoral indices through
NN model and found the forecasted results being superior to
layman decisions. Merh, Saxena and Pardasani (2011),
analyzed the forecasting efficiency of ARIMA and ANN
models for BSE 30 share index (Sensex) closing value for a
period of five years using AIC criteria and statistics AAR,
RMSE, MAPE and MSPE for residual error. Comparative
statistics indicated ARIMA outperformed ANN model.
Kumar & Thenmozhi (2012) used hybrid of ARIMA and
neural network model and found the hybrid model as more
efficient than other independent models. Kuo and Reitsch
(1996), applying conventional and neural network model and
basing their investigation using standard error of estimate
(SEE) and mean absolute deviation (MAD), suggested that
neural network is a better predictive model as compared to
traditional Box Jenkins method of forecasting. Disorntetiwat
(2001) analyzed selected global indices of the world using
ARIMA model and neural network model found later one as
more effective model for the purpose of predicting stock
prices, option prices and indices. Ghiassi et.al. (2005)
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comparative study of dynamic neural network model,
traditional neural network and autoregressive integrated
moving average (ARIMA) models for forecasting time series
events showed that dynamic neural network is more accurate
and performs significantly better than the traditional neural
network and ARIMA models. Samanta and Bordoloi (2005),
while predicting Indian stock market using neural network
suggested that if the market is efficient, random walk model
can be a better predictor over any other models. Simon (2005)
tested the Eugen Fama (1970) weak- form efficiency of the
market and suggested that in current scenario weak-form
efficient market hypothesis can be rejected as NN models are
quite effective in the future price predictions. The study by
Ruxanda and Badea (2014), using ANN along with trained
function, found that BFGS outperforms other train functions
was supported by Idowu et al. (2012) in their study which
found ANN better in predicting volatile stock exchanges due
to minimum error thus providing sufficient ground for the
rejection of efficient market hypothesis (EMH) which negates
stock market predictability due to random behavior. Sharma
and Pandey (2014) using GARCH model to check the
efficiency of Indian stock market found no significant results
and concluded that the date of dividend announcement does
not have significant impact on share prices behavior. Dunis
and Huang (2002) analyzed GBP/USD and USD/JPY
exchange rates volatilities for forecasting by using neural
network regression (NNR) and recurrent neural network
(RNN) to conclude that both the models outperformed the
conventionally used GARCH model. The results of Devadoss
and Ligori (2013) indicate that artificial neural network is
able to predict BSE stock prices with better accuracies.
Fadlalla, and Amani, (2014), in their work to predict Qatar
Exchange Index using ARIMA modeling and multilayer
perceptron ANN model found that ANN outperformed
ARIMA model with predictive accuracy of more than 98
percent. Moghaddam et. al. (2016) used feed forward
artificial neural network trained by back propagation to
forecast NASDAQ stock exchange daily return also found
ANN as more efficient model for predictive purpose as
compared to tradition models. The capability of NN for nonlinear time series study has been demonstrated by Lapedes
and Farber (1987a and 1987b) to decode genetic protein
sequences and decode deterministic chaos. Meissner and
Kawano (2001), Lin and Yeh (2005) while forecasting option
prices, found that neural network significantly outperformed
old age traditionally established Black-Scholes model of
option price forecasting. Andreou et. al. (2006) also found
NN outperformed traditional models of forecasting call
options pricing. Wong (2009) in their study of Australian
stock market suggests that the predictive efficiency is
enhanced if NN is used in conjunction external variables. In
their comparative approach to determine forecasting
effectiveness of ARMA Model, Random Walk Model and
Neural Network Model to predict currency prices,
Mammadova (2010), reached the conclusion that Neural
Network Modeling outperformed ARMA as well as Random
Walk. Dunis et al. (2012) evaluated the accuracy of artificial
neural network models with other random walk models
showed that multilayer perceptron outperforms all other
models on most performance measures. Chang et al. (2013)

used backpropagation neural network along with volatility
models EGARCH and EGARCH-M to forecast option prices,
found that neural network along with EGARCH provide
better forecasted result than GARCH-M. Onder et. al. (2013),
used neural networks in modeling and estimation of
macroeconomic parameters such as gross domestic product
(volume, NGDPD), gross national savings (NGSD_NGDP),
inflation (average consumer prices, PCPI), population (LP),
total investment (NID_NGDP), unemployment rate (LUR),
volume of exports of goods and services (TX_RPCH),
volume of imports of goods and services (TM_RPCH) for
prediction and found more accurate results over traditional
models. Abdelaziz et. al. (2014), focused on number of
variables to be used as an input to NN model and argued
against the use of excess number of variables for prediction
purpose generating white noise. The authors used 0-1 multi
objective models for the selection of indicators to be used as
inputs on the basis of covariance maximization and took ten
indicators as input variables for the forecasting purpose.
Atsalakis and Valavanis (2009) in their survey of more than
hundred published articles related to stock market forecasting
found that neural network and neuro-fuzzy models provide
more robust results than their counterparts. However, the
results of computer based techniques are dependent on trial
and error procedure and do not provide universally accepted
results across indices and markets. The literature thus points
out that neural network modelling is widely used along with
modern autoregressive and volatility measurement models for
the purpose of forecasting stock prices, indices, option prices
or macroeconomic variables across developed and developing
countries.
Research Gap
Therefore literature review shows a gap that which is/are the
statistical models one use for the purpose of forecasting. The
models used for study are not universally accepted by
researchers. It has been observed that when time frame and
market had changed, findings are not making consistency
with past studies. Therefore, there is a scope that which of the
statistical model can be used specifically in developing and a
fastest growing economy of the world i.e. Indian Stock
Market is a curiosity factor for this research work.
Objective of the Study
The objective of the study to analyze the models ARIMA
(p,d,q) in its various lag to know which one model is giving
best results in the developing economy like India where the
volatility in the market is very high and market working
widely on a concept of heard behavior. In later stage we also
analyzed the forecasting accuracy of Neural Network using
various train function to know that which one function is
giving more accurate results. In last we have also made the
comparison between best model of ARIMA(p,d,q) and Neural
Network train functions to know that which one provide more
accurate results.
Hypothesis
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H01: ARIMA (p,d,q) and Neural Network in their different
variant have same level of predictive accuracy across the
markets.
H11: ARIMA (p,d,q) and Neural Network in their different
variant have different level of predictive accuracy.
H02: Selected ranked one ARIMA (p,d,q) model and ranked
one Neural Network with trainfunctions have same level of
predictive accuracy.
H22: Selected ranked one ARIMA (p,d,q) model and ranked
one Neural Network have different level of predictive
accuracy, Neural Network have better predictive capacity in
their current form and situation.
Research Methodology
ARIMA (Autoregressive integrated moving average) models
are the general class of ARMA (autoregressive moving
average) models used for forecasting of a time series that are
non-stationary against time. The first step in the ARIMA
modeling is that to transform series into stationary by
differencing called integration in the procedure of modeling.
Further the lagged values and estimated errors of the
stationary series are used to model time series. The fine- tune
of this model is to remove autocorrelation from the
forecasting error by adding lags of the differenced series
and/or lags of the forecast error to the prediction as moving
average as required. This model work on the concept of
maximum likelihood to estimate the parameters can be used
for future forecasting. ARIMA models are expressed in the
form of ARIMA (p,d,q), where p stands for number of
autoregressive terms, d is indicator of non-seasonal
differences, and q denotes the lagged forecast error in the
prediction equation model. Mathematically, ARIMA (p,d,q)
model (Sio-long, 2010) can be define for the time series {y1,
y2,…..} as

Where B is the backward shift operator, Byt = yt-1, =1-B is
the backward difference, and
and
are polynomials of
order p and q respectively. ARIMA which consists of three
different parts, i. e. an autoregressive part AR(p)
, an integration part I(d)
average MA (q) part
. The selection of best
model for the purpose of forecasting in traditionally done by
statistical values such as R square and Adjusted R squares,
while in current scenario, the statistical measures such as
Akaike Information Criterion (AIC), and Schwartz Bayesian
Criterion (SBC) are more appropriate and used as
=

,

and

a

From above literature review, research gap and objective of
the study it has become clear that using of neural network
modeling for the prediction of stock markets provide much
accurate result as compare to other models (Guresen et.al.
2011, White 1988). Neural network is a mathematical model
used for predicting stock indices is based on human neurons,
a biological concept of stochastic decision making. Through
Neural network it has been tried to build a machine based
cognitive system that tries to mimic the thinking process of
human’s brain. To analyze the predictive capability of neural
network we have taken daily data of closing, opening, high
and low prices of NSE Nifty fifty. For the analysis we used
Matlab R 2014 mathematical software for a period of ten year
in which two hundred fifty four days used for predictive
purpose. For the training purpose we used multilayer
perceptron under ANN (artificial neural network) defined as
input layer (independent variable) output layer (dependent
variable) and hidden layer a construct used to develop a best
fit relationship between input and output. However, still
there is a lot of ambiguity in the selection of training function
which one universally accepted by researchers for the purpose
of predictions. The ambiguity regarding training functions,
network structure such as number of inputs delayed lag and
hidden layers are still provide a huge scope for the
researchers. Training functions such as Levenberg-Marquardt
(LM),
BFGS
Quasi-Neuton
(BFG),
Resilient
Backpropogation (RP), Scaled Conjugate Gradient (SCG),
Conjugate Gradient with Powell/Beale Restarts (CGB),
Fletcher-Powell Conjugate Gradient (CGF), Polak-Ribiere
Conjugate Gradient (CGP), One Step Secant (OSS), Variable
Learning Rate Backpropagation (GDX), Radial Basis
Function (RBF), Recurrent Neural Network (RNN), General
Regression Neural Network (GRNN), Feed Forward
Multilayer Perceptron (FFMLP) are used by researchers
along with network structure in the combination of input,
hidden layers and output for predictive purpose have no
consistency in accepting any one among above mentioned
training functions.
The objective of using different training algorithm to reduce
E (error) defined as;

moving

AIC = T ln (residual sum of squares)+2n
SBC = T ln (residual sum of squares) + n ln (T)

(2)
(3)

Where n is the number of parameter estimated (p + q +
possible constant term), and T is the number of observations.
The minimum value of AIC specifies the best model. Using
of AIC and SBC values guide one to select a model that fit
the data well without incorporating any needless coefficients.

P is equal to number of training patterns, and Ep is error for
training pattern p, where N is total number of output nodes,
Oi is the network output at the ith output node, ti target output
at the ith output node. In every training algorithm, an attempt
is made to reduce the error by adjusting the weights and
biases.
The mathematical expression of neural network in which
information comes via inputs that are individually weighted is
as under:

Where;
y(k) is output value in discrete time k.
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f is a nonlinear (sigmoid) transfer function define the
properties of artificial neural network wi (k) is weight value
in discrete time k where i goes 0 to m.
xi(k) is input values in discrete time k where i goes from 0 to
m.
b is bias.
The topology used in the artificial neural network for the
study is close loop feedforward propagation suggested by
Elman and Jordan referred as simple recurrent network. It is a
simple three layer artificial network that has back loop from
hidden layer to input layer through context unit. This
topology under dynamics environment is defined as nonlinear
autoregressive network with exogenous inputs (NARX) is
used for study. The defining equation for the NARX model is

Where the next value of the dependent output signal y(t) is
regressed on previous values of the output signal and
previous values of an independent (exogenous) inputs signals.
Tools for Measuring Forecast Accuracy of the Models:
The performance accuracy of the forecasting can be judge
through the forecasted errors measured on alternative criteria
for various models are given below:

2007 to December 2016. While for the Neural Network
modeling we have also included the data of opening index,
high and low along with closing index to fulfill the need of
the NARX model used for the purpose of time series
nonlinear data forecasting. Data are directly collect from the
website NSE segment historical data.
Table 1: India’s Position among world stock market based on
Market Capitalization and change since October 2003

World's Top 10 Countries by Market Cap
Market
Mkt Cap
Cap (US $ (US
$
trillion)
trillion)
October
October
Rank Market 2016
2003

%
Change

1

U.S.

23.8

12.7

87.4016

2

China

6.6

0.42

1471.43

3

5.2

3.1

67.7419

4

Japan
Hong
Kong

4.1

0.83

393.976

5

U.K.

3

2.2

36.3636

6

Canada

1.9

0.74

156.757

7

France
German
y

1.9

1.3

46.1538

1.8

0.94

91.4894

India
Switzerl
and

1.7

0.23

639.13

1.4

0.66

112.121

8
9
10

Source: Bloomberg
Extracted from: http://www.businessinsider.com/worldstock-market-capitalizations-2016-11?IR=T

Where;

These statistical tools are used for the measure the accuracy
of the forecasted series. The calculated lowest value from
above formula denotes the superiority of the models. On this
basis we can assess the performance of ARIMA (p,d,q) and
ANN models.
Data Collection
Data collection is done based on literature review. For the
ARIMA (p,d,q) model, we used time series closing index of
NSE Nifty fifty for the period of 10 year started from January

From above table we can see that China and India’s market
capitalization have changed by 1471.43 percentages and
639.13 percentages, the highest growth rate among top
ranked stock exchanges. We can also observe that in year
2003 China and India were at 9th and 10th position
respectively, while in year 2016 China achieved 2nd rank
while India also reached at 9th position. It can be also noticed
that BSE is one of the oldest stock exchange matured by 141
year in 2017 while NSE is only 24 year old but have position
of 11th and 12th in world stock exchanges in terms of market
capitalization and in BSE highest number of companies 5743,
listed in the world.
Analysis and Interpretation
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Figure1: NSE Nifty Fifty Closing Index
Source: Self Calculated
Table 1.1: General Statistics
[See in Appendix 1]
Table 1.2: Stationary Test Using Augmented Dickey
Fuller Test Statistics
[See in Appendix 1]

From the Table 1.1 we can observe the general statistics for
indices NSE Nifty fifty closing calculated by using EVIEWS
7 for the period January 2007 to December 2016. We can
observe from the data that during the span of 10 year the
index has grown by more than three times as the maximum
and minimum values are showing in the table. From the
statistics of Std. deviation, skewness, kurtosis and jarque-bera
test show that data is not normally distributed and nonstationary in nature as can be observed from the Figure 1 and
Table 1.2 performed for stationary test using Augmented
Dicky Fuller test for stationarity, which show that the index
has positive trend and non-stationary in nature. So it required
that data must be transformed into stationary show that result
can be generalized against varying times.
Table 2: Statistics from ARIMA (p,q,d) Model for NSE
Nifty Closing

Table 2 is the results of ARIMA (p,d,q) model for NSE Nifty
fifty taken by using EVIES 7. In ARIMA (p,d,q), p denote for
autoregressive function , d denotes for integrated function and
q denotes for moving average function. We adopted trial and
error method to find which ARIMA model is best performing
for Indian Stock Market. The various statistics extracted from
the model such as R-Squared, Adjusted R-Squared, S.E. of
Regression, Sum Squared Residual, Log Likelihood, Mean
Dependent Variance, Standard Deviation of Dependent
Variance, Akaike Info Critarion, Schwarz Criterion and
Hannan Quinn Criterion for both the indices shown in Table
2. Based on statistical value we have ranked the ARIMA
(p,d,q) model in the order of best to worst performer in given
situation in Table 3. From the Table 3 we can see that for
NSE Nifty fifty standard error of regression, sum of squared
residual, log likelihood, and akaike info criterion are giving
priority to ARIMA (2,1,2) model, while R-square and mean
dependent variance giving priority to ARIMA (2,2,2),
Adjusted r-square to ARIMA (1,2,1),standard deviation of
dependent variance to ARIMA (0,1,2) and Schwarz criterion
and Hannan Criterion to ARIMA (0,1,1) models. Statistical
findings of ARIMA (p,d,q) model can be used for the purpose
of forecasting. Therefore based on the given priority for all
the tested models in Table 3 we have calculated cumulative
weighted ranked score for NSE Nifty fifty as shown in Table
4. From this table we can see that for NSE Nifty fifty first
three ranked ARIMA (p,d,q) models are ARIMA(2,1,2),
ARIMA(0,1,1) and ARIMA (1,1,0). From this table one can
infer that ARIMA (2,1,2) has ranked first position for NSE
Nifty fifty among varying ARIMA (p,d,q) model and using
same for forecasting purposes will give best optimum
forecasted results for the index. Therefore researcher used
ARIMA (2,1,2) model for the purpose of forecasting be seen
from the Figure 2 in which NSE Nifty fifty closed and nifty
fitted, is shown in upper segment of the figure and
predicted, actual, fitted for nifty shown in the figure. From
the figure we can see that nifty fitted is the mirror image for
their actual index.
The analysis of neural network models are also done as of the
ARMA (p,d,q) models to select one among the varying
models for the purpose of forecasting of NSE Nifty fifty.

[See in Appendix 1]
NSE Nifty Closing, Estimated and Residuals

Table 3: Ranking of ARIMA(p,d,q) Model based on
Statistics for NSE Nifty Closing

10,000
Target Series

Fitted

Error

Nifty Closing Index

8,000

[See in Appendix 1]

6,000

Table 4: Calculation of Cumulative weight based on statistics
from ARIMA(p,d,q) for Nifty closing

4,000

2,000

ARIMA(p,d,q)

Cumulative Weighted
Ranked Score

Rank

ARIMA(2,1,2)

9.09

1

ARIMA(0,1,1)

7.55

2

ARIMA(1,1,0)

6.91

3

ARIMA(2,1,1)

6.91

4

0

-2,000
2007

2008

2009

2010

2011

2012

2013

2014

2015

2016

Year

Figure 2: Actual, Estimated and Residual NSE Nifty ARIMA
(p,d,q) Ranked One Model
Source: Self Calculated
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[See in Appendix 1]

ARIMA(0,1,2)

6.82

5

ARIMA(1,1,1)

6.64

6

ARIMA(1,2,1)

6.45

7

ARIMA(2,2,2)

6.27

8

ARIMA(2,2,1)

6.18

9

ARIMA(2,1,0)

5.36

10

ARIMA(1,2,0)
Source: Self Calculated

3.82

11

Figure 3: NSE Nifty Closing Index Regression-R Graph
using Neural Network Ranked One Model
[See in Appendix 2]

For the purpose of forecasting of NSE Nifty fifty closing
researcher used neural network along with varying train
functions to find the best forecasted result. The statistical
findings are shown in Table 3 for NSE Nifty fifty. Neural
network which is working on the concept of biological human
neurons thinking understood to be read out the situation from
the given situation beyond linear trends in the data.
Therefore, it has been understood that neural network can
better read the trend in the data than other time series models
used for forecasting. As we see that neural network divide
whole of the data into three part for the purpose of
forecasting, part one is called training part, second and third
part is called validation and testing or forecasting of the data.
In this study we have taken a ten year span started from
January 2007 to December 2016. From this span of time first
nine year is used for training purpose and last one year in
which approximately 254 working days are included for the
purpose of validation and forecasting. For the calculation of
results we have used mathematical software Matlab R-2014.
The R- statistics which is used to know what degree of model
is capable to explain the output in the given situation, show
that in all cases model is capable to explain more than 99
percent of the forecasted data. Though all the train functions
are capable to explain 99 percent of the forecasting, while
here also the same situation like ARIMA (p,d,q) models
which one is best forecasting model. Further we have ranked
all the train function based on their R statistics shown in the
Table 5. From this table one can observed that there is
contradiction among the models as the R statistics for
training, validation, test and for whole data are giving
different priority for different train functions. While From
Table 5 we can see that for NSE Nifty fifty traingdx have
highest score and trainbfg is on second position. Therefore it
can be inferred that traingdx and trainbfg are the best train
function among all the train functions used for the purpose of
forecasting. Figure 3 is drawn from the calculated data to see
the forecasted results and models performance as based on RStatistics. Figure 3 which is drawn based on the best train
function show NSE Nifty fifty target series or NSE Nifty fifty
closing, fitted or estimated and residuals for the period. We
can see that fitted lines for both the indices are as same as of
their original lines deemed to be mirror image for the index,
while the residuals for the index is very small in variation as
shown in the Figure 3.
Table 5: Statistics from Trainfunction (Neural Network)
for NSE Nifty Closing Index

Table 6: Ranking of Neural Network Models based on
Statistics for Nifty Closing and Sensex Closing

Regression
R-Training

R-Validation

R-Test

R-All

Traingdx

Traingdx

Traingdx

Traingdx

Trainbfg

Trainbfg

Trainbfg

Trainbfg

Trainrp

Trainscg

Trainscg

Trainrp

Trainscg

Trainrp

Trainrp

Trainscg

Trainoss

Trainoss

Trainlm

Trainoss

Traincgp

Traincgp

Trainoss

Traincgp

Traincgp

Trainlm

Trainlm
Trainlm
Source: Self Calculated

Table 7: Calculation of Cumulative weight based on statistics
from Trainfunction using Neural Network for
Nifty closing
Cumulative
Model
Weighted Score
Rank
Traingdx

7.86

1

Trainbfg

6.86

2

Trainrp

6.14

3

Trainscg

5.57

4

Trainoss

5.43

5

Trainlm

4.29

6

Traincgp
Source: Self Calculated

3.86

7

Table 8: Comparative residual statistics for Neural
Network tainfun ction and ARIMA(p,d,q) model for NSE
Nifty Closing Index
[See in Appendix 1]

Till this point we found that both the models ARIMA (p,d,q)
and Neural Network both are capable to be used for the
purpose of forecasting, but the question is among these two
segment of the models which one have better accuracy over
other can be answered with the help of calculation of residual
and making comparison among them. The same is done by
researcher and the statistical findings are shown in Table 8 for
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ARMIA (p,d,q) and Neural Network for the index. For the
testing of residuals we have calculated average absolute error
(AAE), root mean square error (RMSE), mean absolute
percentage error (MAPE) and mean standard percentage error
for both the indices NSE Nifty fifty from the estimated value
found through the use of ARIMA(p,d,q) and Neural
Networks. Table 8 show the calculated value for NSE Nifty
fifty, a horizontal comparison between the calculated
statistics from the residuals for ranked one models show that
all the statistical value found through ARIMA model are
more than the Neural Network model can be interpreted that
neural network have better forecasting accuracy than ARIMA
model. While for second and consecutive ranked models
show that event in some cases ARIMA models have better
forecasting power than their counterpart neural network
models. We have used ranked one neural network for the
purpose of prediction of stock market for the period of 254
working days (approximately one year) shown in Figure 4 for
both the indices, show that predictive accuracy is quite high
as graphical representation show that expected output and
predicted output are almost same for both the indices.

Figure 4: NSE Nifty Closing Network Prediction using
Neural Network GDX Train Function.
[See in Appendix 2]

The research work is carried out for the period of ten year
started from January 2007 to December 2016 using two time
series forecasting models i.e. ARIMA (p,d,q) and Neural
Network in their varying form. Though both the models are
well established models for the purpose of forecasting and
prediction still they have their limitations. If we comparing
ARIMA models with neural network, neural network is
basically provide graphical results. The basic drawback of
this model is it is based on trial and error, such as many times
we train the model we get different results from same
network structure and train function. Though some of the
statistical guidelines provided for the construction of structure
but they are not consistent in all the cases. As we can see that
even in case of NSE same time horizon two different train
function have priority over others with same inputs and
hidden layers. On the other hand though ARIMA is providing
all required statistics for the purpose of analysis, while this
become inefficient in case of long duration time span and
high volatility in the series as the characteristics of the Indian
Stock Market.
Conclusion
From the above analysis it can be concluded that though
neural network have better predictive capability in case of
long span of time and nonlinear volatile series as of Indian
Stock Market Index NSE. While we cannot ignore the
importance of ARIMA models used since decades for the
purpose of forecasting, though neural network have
advantage over ARIMA models but still they are capable to
provide a right and validated direction for the investors to
make better decisions using these models. Our study is

making similarity with Tsaih, Hsu and Lai (1998) forecasted
S&P 500 stock using Neural Network Model find superior
results over other models, while their study for monthly,
weekly and daily data show that forecasting for daily data
was not strong contributed by researcher that may be due to
excessive noise in the data. Our findings are also finding
support from Yu and Phua, Ming and Lin, (2001) for daily
data find the ANN have better forecasting power than other
regression models. The finding by Thenmozhi (2001) and
Altay and Esq (2005) also support to our findings in favour of
ANN model.
This research comprises only closing, open, maximum and
minimum data of indices as independent variables and study
is done only for NSE Nifty fifty for the period of ten year
include January 2007 to December 2016 one can include
some other balance sheet heads as independent variables and
in same time this study can be extended to other indices and
developing economies to test and generalized the findings of
the ANN models.

References
[1] Abdelaziz, F. B. Amer, M. and El-Baz, H. (2014), “An
epsilon constraint method for selecting indicators for
use in neural networks for stock market forecasting”,
Information System and Operation Research, Vol. 52
No.3,
pp.
116–125.
http://dx.doi.org/10.3138/infor.52.3.116
[2] Altay, E. and Satman, M. H. (2005), “Stock market
forecasting: artificial neural network and linear
regression comparison in an emerging market”, Journal
of Financial Management & Analysis, Vol. 18 No.2, pp.
18-33.
https://www.researchgate.net/publication/251368933.
[3] Andreou, P. C. Charalambous, C. and Martzoukos, S.
H. (2006), “Robust artificial neural networks for pricing
of european options”, Computational Economics, Vol.
27 No.2-3, pp. 329–351. DOI: 10.1007/s10614-0069030-x.
[4] Ao, Sio-long, (2010), Autoregressive and ARIMA
Models, Applied Time Series Analysis and Innovative
Computing, Springer Dordrecht Heidelberg London
New York, Lecture Notes in Electronic Engineering,
Volume 59, pp 14-16. www.springer.com/series/7818
[5] Atsalakis, G. S. and Valavanis, K. P. (2009),
“Surveying stock market forecasting techniques - part
ii: soft computing methods”, Expert Systems with
Applications: An International Journal, Vol. 36 No.3,
pp. 5932-5941, doi>10.1016/j.eswa.2008.07.006
[6] Bacon, D. W. and Watts, D. G. (1971), “Estimating the
transition between two intersecting straight lines”,
Biometrika , Vol. 58 No.3, pp. 525-534.
http://dx.doi.org/10.1093/biomet/58.3.525.
[7] Brock, W., Lakonishok, J. and LeBaron, B. (1992),
“Simple technical trading rules and the stochastic
properties of stock returns”, The Journal of Finance,
Vol. 47 No. 5, pp. 1731–1764, DOI: 10.1111/j.15406261.1992.tb04681.x
[8] Chang, T. Y Wang, Y. H. and Yeh, H.Y. (2013),
“Forecasting of option prices using a neural network

Page 238 of 244

International Journal of Applied Engineering Research ISSN 0973-4562 Volume 14, Number 2, 2019 (Special Issue)
© Research India Publications. http://www.ripublication.com

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

model”,
Journal of Accounting, Finance &
Management Strategy, Vol. 8 No.1, pp.123-136.
Retrieved from: 4015b107f5bdc2102fba0b47607f5033.
Chiang, Y.M. Chang, F.J. Jou , B.J.D. and Lin, P.F.
(2007), “Dynamic ANN for precipitation estimation
and forecasting from radar observations, Journal of
Hydrology, Vol. 334 No.1-2, pp. 250–261.
doi:10.1016/j.jhydrol.2006.10.021
Devadoss, A. V. and Ligori, T. A. A. (2013),
“Forecasting of stock prices using multi-layer
perceptron”, International Journal of Computing
Algorithm, Vol 2, pp. 440-449. Available at:
http://www.academia.edu/7763169
Disorntetiwat,
P. (2001), “Global stock index
forecasting using multiple generalized regression neural
networks with a gating network”, Ph.D. Dissertation,
University of Missouri-Rolla, Missouri, United States,
UMI Microform 3013198.
Dunis, C.L. and Huang, Xuehuan (2002), “Forecasting
and trading currency volatility: an application of
recurrent neural regression and model combination”,
Journal of Forecasting, Vol. 21 No.5, pp. 317-354. DOI:
10.1002/for.833.
Dunis, C. L. Laws, J. and Schilling, U. (2012),
“Currency trading in volatile markets: did neural
networks outperform for the eur/usd during the financial
crisis 2007–2009?”, Journal of Derivatives & Hedge
Funds,
Vol.
18
No.
1,
pp.
2–41.
doi:10.1057/jdhf.2011.31
Engle, R. F. (1982), “Autoregressive conditional
heteroscedasticity with estimates of the variance of uk
inflation”, Econometrica, Vol. 50 No.4, pp.987–1008.
DOI: 10.2307/1912773
Fadlalla, A. and Amani, F. (2014), “Predicting next
trading day closing price of Qatar Exchange Index using
technical indicators and artificial neural networks”,
Intelligent Systems in Accounting, Finance and
Management, Vol. 21 No.4, pp. 209–223. DOI:
10.1002/isaf.1358
Fama, E. F. (1970), “Efficient capital markets: a review
of theory and empirical work”, The Journal of Finance,
Vol.25 No.2, pp.383–417. DOI: 10.2307/2325486.
Ghiassi, M. Saidane, H. and Zimbra, D. K. (2005), “A
dynamic artificial neural network model for forecasting
time series events”, International Journal of Forecasting,
Vol.
21
No.2,
pp.
341–
362.
Doi:
10.1016/j.ijforecast.2004.10.008.
Granger, C. W. J. and Anderson, A. P. (1978), “ An
introduction to bilinear time series models”, Publisher :
Gottingen: Vandenhock & Ruprecht.
Guresen, E. Kayakutlu, G. Daim, T. U. (2011), ‘sing
artificial neural network models in stock market index
prediction’, Expert Systems with Applications: An
International Journal Volume 38 Issue 8, Pages 1038910397 . doi:10.1016/j.eswa.2011.02.068
Hamilton, J. D. (1996), “Specification testing in
markov-switching time-series models”, Journal of
Econometrics,
Vol.70
No.1
,
pp.127.157.
Doi:10.1016/0304-4076(69)41686-9.

[21] Hill, T. Marquez, L. O’Connor, M. and Remus, W.
(1994), “Artificial neural network models for
forecasting and decision making”, International Journal
of forecasting, Vol. 10 No. 1, pp.5-15.
https://doi.org/10.1016/0169-2070(94)90045-0
[22] Hill, T., O’Connor, M., and Remus, W. (1996), “Neural
network models for time series forecasts”, Management
Science,
Vol.
42
No.7,
pp.
1082–1092.
doi>10.1287/mnsc.42.7.1082
[23] Hornik, K., Stinchcombe, M. and White, H. (1989).
“Multilayer feedforward networks are universal
approximators’, Neural Networks, Vol. 2 No.5, pp.
359– 366. https://doi.org/10.1016/0893-6080(89)900208.
[24] Idowu, P. A. Osakwe, C. Kayode, A. A. and
Adagunodo, E. R. (2012), “Prediction of stock market
in Nigeria using artificial neural network”,
International Journal of Intelligent Systems and
Applications, Vol 4 No. 11, pp. 68-74. DOI:
10.5815/ijisa.2012.11.08
[25] Kumar, M. and Thenmozhi, M. (2012), “Stock index
return forecasting and trading strategy using hybrid
ARIMA-Neural Network model”, International Journal
of Financial Management, Vol. 2 No.1, pp. 1-14.
http://www.publishingindia.com/ijfm/30/130/2012/
[26] Kuo, C. and Reitch, A (1995/1996), “Neural network
vs. conventional methods of forecasting”, The journal
of business forecasting methods & systems, Vol. 14
No.4,
pp.
17-22.
https://www.questia.com/library/journal/1P3-9194461/
[27] Lapedes, A. and Farber, R. (1987), “Nonlinear signal
processing using neural networks: prediction and
system modelling”, IEEE international conference on
neural networks, San Diego, CA, USA. Available at:
http://www.osti.gov/scitech/servlets/purl/5470451
[28] Lin, C. T. and Yeh, H. Y. (2005), “The valuation of
taiwan stock index option prices-comparison of
performances between black-scholes and neural
network model”, Journal of Statistics & Management
Systems,
Vol.
8
No.
2,
pp.
355-367.
http://dx.doi.org/10.1080/09720510.2005.10701164
[29] Mammadova, G. (2010), “Forecasting exchange rates
using arma and neural network models”, PhD. Thesis
Presented to the Faculty of Department of Economics,
Western Illinois University, UMI dissertation
publishing Number: 1476761, pp 1-35.
[30] Meissner, G. and Kawano, N. (2001), “Capturing the
volatility smile of options on high-tech stocks- A
combined GARCH-neural network approach”, Journal
of Economics and finance, Vol. 25 No. 3,pp. 276-292.
https://doi.org/10.1007/BF02745889.
[31] Merh, N. Saxena, V.P. and Pardasani, K. R. (2011),
“Next day stock market forecasting: an application of
ANN and ARIMA", The IUP Journal of Applied
Finance, Vol. 17 No. 1, pp. 70-84. Available at:
http://www.iupindia.in/111/IJAF_Market_Reaction_to_
Bonus_Issues_54.html
[32] Moghaddam, A. H.
Moghaddam, M. H. and
Esfandyari, M. (2016), “Stock market index prediction
using artificial neural network”, Journal of Economics,

Page 239 of 244

International Journal of Applied Engineering Research ISSN 0973-4562 Volume 14, Number 2, 2019 (Special Issue)
© Research India Publications. http://www.ripublication.com

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

Finance and Administrative Science, Vol. 21 No. 41,
pp. 89–93. https://doi.org/10.1016/j.jefas.2016.07.002.
Onder, E. Bayir, F. and Hepș en, A. (2013),
“Forecasting macroeconomic variables using artificial
neural network and traditional smoothing techniques”,
Journal of Applied Finance & Banking, Vol. 3 No.4, pp.
73-104.
www.scienpress.com/journal_focus.asp?main_id=56&S
ub_id=IV&Issue=735
Phua, P.K.H. Ming, D.H. and Lin, W.D. (2001),
“Neural network with genetically evolved algorithms
for stock prediction”, Asia-Pacific General of
Operational Research, Vol. 18 No.1, pp. 103-107.
https://search.proquest.com/openview/c250e8710c3c63
022eda37e4ee8fe94b/1?pqorigsite=gscholar&cbl=30752
Rusu, V. and Rusu, C. (2003), “Forecasting methods
and stock market analysis”, Creative Math, Vol. 12 pp.
103 – 110, Available at: creative: http://creativemathematics.ubm.ro/issues/creative_2003_12_103_110.
pdf
Ruxanda, G. and Badea, L. M. (2014), “Configuring
artificial neural networks for stock market predictions”,
Technological and Economic Development of
Economy, Vol. 20 No 1, pp. 116-132.
DOI:
http://dx.doi.org/10.3846/20294913.2014.889051
Samant, G.P. and Bordoloi, S., (2005), “Predicting
stock market- an application of artificial neural network
technique through genetic algorithm”, Finance India,
Vol.
19
No.1,
pp.
173-188.
https://search.proquest.com/openview/914ef53a345151
09e06c5ecef56267b8/1?pqorigsite=gscholar&cbl=27511
Sarno, L. and Taylor, M. P. (2002), “Purchasing power
parity and the real exchange rate”, IMF Economic
Review, Vol. 49 No.1, pp. 65-105. Available at:
https://link.springer.com/article/10.2307/3872492
Sharma, J. K. and Pandey, V. S. (2014), “Dividend
signaling and market efficiency in emerging economy:
A study of Indian Stock Market”, International Journal
of Finance and Accounting Studies, Vol. 2 No.2), pp. 818. doi:10.7575/aiac.ijfas.v.2n.2p.8
Simon, H. K. (2005), “An examination of the weak
form of the efficient market Hypothesis within the
context of the Nasdaq Composite Index: a test of the
forecasting abilities Of artificial neural networks”, The
H. Wayne Hulizenga School of Business and
Entrepreneurship Nova Southeastern University , UMI
Dissertation Publishing Microform 3193844.
Stansell, S. R. and Eakins, S. G. (2004), “Forecasting
the direction of change in sector stock indexes: An
application of neural networks”, Journal of Asset
Management,
Vol.
5
No.1,
pp.
37-48.
https://link.springer.com/journal/41260/5/1/page/1
Tang, Z. Almedia, C. and Fishwick, P. A. (1991),
“Time series forecasting using neural networks vs.
Box–Jenkins methodology”,
Simulation, Vol.57
No.5,pp.
303–310.
Available
at:

[43]

[44]

[45]

[46]

[47]

[48]

http://journals.sagepub.com/doi/pdf/10.1177/003754979
105700508
Tang, Z., and Fishwick, P. A. (1993), “Feedforward
neural nets as models for time series forecasting,”
ORSA Journal of Computing, Vol. 5 No.4, pp. 374–
385. https://doi.org/10.1287/ijoc.5.4.374
Thenmozhi, M. (2001), “Predictability of BSE returns:
an exploratory study”, Delhi Business Review , Vol. 7
No.
2,
pp.
59-69.
Available
at:
http://www.delhibusinessreview.org/latest.htm
Tong, H. (1983), “Threshold models in non-linear time
series analysis: Lecture notes in statistics book series
(LNS, volume 21)”, New York Springer-Verlag. Edited
by: Brillinger, D. Fienberg, G. J. Hartigan, J. and
Krickeberg,
K.
ISBN-9780387909189
&
9781468478884 (online), DOI: 10.1007/978-1-46847888-4.
Tsaih. R. Hsu, Y. and Lai, C. C. (1998), “ Forecasting
S&P 500 stock index futures with a hybrid AI system”,
Decision Support Systems, Vol.23 No1, pp. 161-174,
https://doi.org/10.1016/S0167-9236(98)00028-1
Wong, E. S. K. (2009), “Cognitive pattern analysis
employing neural networks: evidence from the
Australian Capital Markets”, International Journal of
Finance and Economics, Vol. 1 No.1,pp.76-80. DOI:
http://dx.doi.org/10.5539/ijef.v1n1p76
Zhang, G.P. (2001), “An investigation of neural
networks for linear time-series forecasting”, Computers
& Operations Research, Vol. 28 No. 12, pp. 1183–
1202. https://doi.org/10.1016/S0305-0548(00)00033-2

Page 240 of 244

International Journal of Applied Engineering Research ISSN 0973-4562 Volume 14, Number 2, 2019 (Special Issue)
© Research India Publications. http://www.ripublication.com
Appendix 1: Tables
Table 1.1: General Statistics
Stat.

Mean

Median

Maximum

Minimum

Std. Dev.

Skewness

Kurtosis

Jarque-Bera

Prob.

Index
NSE Nifty
Closing

5881.872

5568.4

8996.25

2524.2

1557.932

0.280312

2.317859

80.46289

0

Prob.: Probability
Source: Self Calculated

Table 1.2: Stationary Test Using Augmented Dickey Fuller Test Statistics

T-stat. at
level

NSE Nifty
Closing

-1.134136

Probabi
lity

0.7043

T-stat. at 1
difference

-46.49858

Probabi
lity

0.0001

T-stat. 2nd
difference

-22.24326

Prob.

Test critical
value at 1%
level

0

-3.432815

Test critical
value at 5%
level

Test critical
value at 10%
level

-2.86252

-2.567334

Prob.: Probability
Source: Self Calculated

Table 2: Statistics from ARIMA (p,q,d) Model for NSE Nifty Closing

Models

Rsquared

Adjusted
Rsquared

S.E. of
regressio
n

Sum
squared
resid

Log
likelihood

Mean
dependen
t var

S.D.
dependen
t var

Akaike
info
criterion

Schwarz
criterion

ARIMA(0,1,1)

0.004122

0.004122

75.08067

13951839

-14205.55

1.687561

75.23588

11.47541

11.47776

11.47626

ARIMA(0,1,2)

0.004187

0.003784

75.09339

13950927

-14205.47

1.687561

75.23588

11.47615

11.48085

11.47786

ARIMA(1,1,0)

0.004031

0.004031

75.09867

13952889

-14200.41

1.681515

75.25048

11.47589

11.47824

11.47674

ARIMA(1,1,1)

0.004216

0.003814

75.10686

13950292

-14200.18

1.681515

75.25048

11.47651

11.48121

11.47822

ARIMA(1,2,0)

0.211265

0.211265

91.30328

20615642

-14678.05

0.047474

102.8066

11.86665

11.869

11.86751

ARIMA(1,2,1)

0.465742

0.465525

75.1596

13964242

-14196.18

0.047474

102.8066

11.47791

11.48261

11.47962

ARIMA(2,1,0)

0.00419

0.003787

75.1194

13949307

-14194.85

1.696443

75.26203

11.47684

11.48154

11.47855

ARIMA(2,1,1)

0.005021

0.004216

75.10322

13937661

-14193.82

1.696443

75.26203

11.47682

11.48387

11.47938

ARIMA(2,1,2)

0.008408

0.007204

74.99046

13890215

-14189.6

1.696443

75.26203

11.47421

11.48361

11.47763

ARIMA(2,2,1)

0.465813

0.465381

75.18371

13961897

-14190.73

0.035423

102.8256

11.47896

11.48601

11.48152

ARIMA(2,2,2)

0.465991

0.465343

75.18638

13957237

-14190.32

0.035423

102.8256

11.47943

11.48884

11.48285

Statistics
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Table 3: Ranking of ARIMA(p,d,q) Model based on Statistics for NSE Nifty Closing
Sum
squared
resid

Log
likelihood

Mean
dependent
var

S.D.
dependent
var

Akaike
info
criterion

R-squared

Adjusted
R-squared

S.E. of
regression

Schwarz
criterion

HannanQuinn criter

ARIMA
(2,2,2)

ARIMA
(1,2,1)

ARIMA
(2,1,2)

ARIMA
(2,1,2)

ARIMA
(2,1,2)

ARIMA
(2,2,2)

ARIMA
(0,1,2)

ARIMA
(2,1,2)

ARIMA
(0,1,1)

ARIMA
(0,1,1)

ARIMA
(2,2,1)

ARIMA
(2,2,1)

ARIMA
(0,1,1)

ARIMA
(2,1,1)

ARIMA
(2,2,2)

ARIMA
(2,2,1)

ARIMA
(0,1,1)

ARIMA
(0,1,1)

ARIMA
(1,1,0)

ARIMA
(1,1,0)

ARIMA
(1,2,1)

ARIMA
(2,2,2)

ARIMA
(0,1,2)

ARIMA
(2,1,0)

ARIMA
(2,2,1)

ARIMA
(1,2,1)

ARIMA
(1,1,1)

ARIMA
(1,1,0)

ARIMA
(0,1,2)

ARIMA
(2,1,2)

ARIMA
(1,2,0)

ARIMA
(1,2,0)

ARIMA
(1,1,0)

ARIMA
(1,1,1)

ARIMA
(2,1,1)

ARIMA
(1,2,0)

ARIMA
(1,1,0)

ARIMA
(0,1,2)

ARIMA
(1,1,1)

ARIMA
(0,1,2)

ARIMA
(2,1,2)

ARIMA
(2,1,2)

ARIMA
(2,1,1)

ARIMA
(0,1,2)

ARIMA
(2,1,0)

ARIMA
(1,1,1)

ARIMA
(2,1,2)

ARIMA
(1,1,1)

ARIMA
(2,1,0)

ARIMA
(1,1,1)

ARIMA
(2,1,1)

ARIMA
(2,1,1)

ARIMA
(1,1,1)

ARIMA
(0,1,1)

ARIMA
(1,2,1)

ARIMA
(1,1,0)

ARIMA
(2,1,1)

ARIMA
(2,1,1)

ARIMA
(1,2,1)

ARIMA
(2,1,0)

ARIMA
(1,1,1)

ARIMA
(0,1,1)

ARIMA
(2,1,0)

ARIMA
(1,1,0)

ARIMA
(1,1,1)

ARIMA
(0,1,2)

ARIMA
(2,1,0)

ARIMA
(2,1,0)

ARIMA
(2,1,2)

ARIMA
(2,1,1)

ARIMA
(2,1,0)

ARIMA
(1,1,0)

ARIMA
(1,2,1)

ARIMA
(2,2,2)

ARIMA
(1,1,0)

ARIMA
(0,1,1)

ARIMA
(1,2,1)

ARIMA
(1,2,1)

ARIMA
(2,1,1)

ARIMA
(1,2,1)

ARIMA
(0,1,2)

ARIMA
(1,1,1)

ARIMA
(2,2,1)

ARIMA
(2,2,1)

ARIMA
(0,1,2)

ARIMA
(2,1,2)

ARIMA
(1,2,0)

ARIMA
(2,2,1)

ARIMA
(2,2,1)

ARIMA
(2,2,1)

ARIMA
(0,1,1)

ARIMA
(2,1,0)

ARIMA
(2,2,2)

ARIMA
(1,2,1)

ARIMA
(0,1,1)

ARIMA
(2,1,1)

ARIMA
(2,2,2)

ARIMA
(2,2,2)

ARIMA
(2,2,2)

ARIMA
(2,2,2)

ARIMA
(1,1,0)

ARIMA
(0,1,2)

ARIMA
(1,2,0)

ARIMA
(1,2,0)

ARIMA
(1,2,0)

ARIMA
(2,1,0)

ARIMA
(2,2,1)

ARIMA
(1,2,0)

ARIMA
(1,2,0)

ARIMA
(1,2,0)

Source: Self Calculated

Table 5: Statistics from Trainfunction (Neural Network) for NSE Nifty Closing Index
Regression
Trainfunction/ Statistics

R-Training

R-Validation

R-Test

R-All

Traingdx

0.99812

0.99826

0.99745

0.99805

Trainbfg

0.99861

0.99884

0.99872

0.99866

Traincgp

0.99714

0.99704

0.99729

0.99714

Trainlm

0.99885

0.99917

0.9985

0.99884

Trainoss

0.99859

0.99872

0.99856

0.99861

Trainrp

0.99835

0.99857

0.99835

0.99838

Trainscg

0.99848

0.99847

0.99812

0.99842

Source: Self Calculated
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Table 8: Comparative residual statistics for Neural Network tainfun ction and ARIMA(p,d,q) model for NSE Nifty Closing Index
Neural Network Trainfunction

ARIMA(p,d,q)

AAE_Y

RMSE_Y

MAPE_Y

MSPE_Y

AAE

Traingdx

45.53204755

67.29328936

0.009041889

0.026904169

54.65064

75.08067

0.010221

Traincgp

60.37764287

84.14870372

0.011517669

0.030361735

54.6544

75.07821

0.010221

Trainbfg

70.75172535

95.85603956

0.014557374

0.05932343

54.67583

75.08349

0.010214

Trainlm

58.97380412

80.96851072

0.010758926

0.023762945

54.67717

75.0765

0.010214

Trainoss

51.45955986

71.15139845

0.009194231

0.01700848

68.8732

91.26638

0.012838

Trainrp

69.61291773

96.55562345

0.013413705

0.040858314

54.66032

75.11403

0.010196

Trainscg

73.50927477

101.6034476

0.013405827

0.037134106

54.66546

75.07385

0.0102

Source: Self Calculated
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RMSE

MAPE

MSPE
0.00022
69
0.00022
68
0.02262
35
0.00022
61
0.00033
52
0.00022
48
0.00022
47

ARIMA(p,d,q)
ARIMA(0,1,1)
ARIMA(0,1,2)
ARIMA(1,1,0)
ARIMA(1,1,1)
ARIMA(1,2,0)
ARIMA(1,2,1)
ARIMA(2,1,0)
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Appendix 2: Figures

Figure 3: NSE Nifty Closing Index Regression-R Graph using Neural Network Ranked One Model
Validation: R=0.99826
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Figure 4: NSE Nifty Closing Network Prediction using Neural Network GDX Train Function

Source: Self Calculated
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