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To predict military spending in China based on ARIMA and
artificial neural networks models

Abstract. This study takes the initiative to forecast China’s military spending based on autoregressive integrated moving average (ARIMA) models
and artificial neural networks (ANNs) models. The mean absolute percentage error (MAPE) approach is applied to measure prediction accuracy. The
results indicate that these single variable ARIMA models show higher accuracy and stability than those made by the single variable ANNs models
across the four time periods, namely the short term (1 year), the medium term (3 years), the medium-long term (5 years), and the long term (10
years). As to multiple variable ANNs models, the prediction accuracy of each model with different variables has advantages in different time periods.
The highest accuracy for the long term predictions among all of the multivariate models is made by ANN2 including China’s military spending and
GDP. ANN3 including variables of China’s military spending, GDP, and inflation rates illustrates the most accurate prediction for the short term and
medium-long term, while ANN4 including China’s military spending, GDP, inflation rates, and Taiwan’s military spending shows the highest accuracy
for the medium term prediction. This concludes the contributions of this study.

Streszczenie. W artykule przedstawiono wyniki analizy dotyczgcej przewidywanych wydatkéw Chin na militaria, opracowanej na podstawie modelu
autoregresji (ang. ARIMA) oraz sztucznych sieci neuronowych (ANN). Doktadno$c predykcji oparta zostata na funkcji $redniej wartosci absolutnej
procentowego uchybu. Badania wykazujg, ze model ARIMA ma wyzszg doktadno$c¢ i stabilno$¢ niz model oparty na ANN w odniesieniu do czterech,
réznych okreséw (1, 3, 5, 10 lat), przy czym dla ANN badanie wykonano dla czterech warto$ci doktadno$ci predykcji. (Przewidywania wydatkéw

militarnych Chin na podstawie modeli ARIMA i sztucznych sieci neuronowych).

Keywords: Atrtificial neural networks (ANNs), Autoregressive integrated moving average (ARIMA), Forecasting, Military spending
Stowa kluczowe: sztuczne sieci neuronowe (ang. ANNs), autoregresja, przewidywanie, wydatki militarne.

1. Introduction

The fact that China's active diplomatic and business
activities with other countries has led to a substantial growth
of its economy in recent years have drawn much more
attention for China’s “peaceful rise” and its great-power
status [1]. The increasing military spending of China reflects
its general economic growth. Indeed, China will become a
global partner or military superpower relying on its military
spending [2]. Its military spending growth had shot up to
189 percent over the period 2001 through 2010 before it
became the fastest growing country in the world, while that
of the USA’s was 81 percent and European NATO countries
remained flat or even declined over the same period.
China's military spending, about $119 billion In 2010, was
approximately twice as much as the United Kingdom, $59.6
billion, France, $59.3 billion, Russia, $58.7 billion, and
Japan, $54.5 billion [3].

Many researchers have been dedicated to develop
and improve time series forecasting models over the past
several years [4]. Being as an active research method, time
series prediction has drawn significant attention for
applications in variety of studies [5]. Autoregressive
integrated moving average (ARIMA) model is one of the
most principal and widely used time series models [6].
ARIMA models can be used to forecast water quality [7], air

quality [8], epidemiology [9], [10], consumers’ expenditure
[11], sales forecasting [12], energy price [13], ozone levels

[14], ammonia concentration [15], etc. ARIMA models are
applicable when the time series are stationary without
missing data [16]. However, they have limited accuracy due
to its failure to forecast extreme cases or nonlinear
relationship. On the other hand, artificial neural networks
(ANNs) have been suggested as an alternative method for
nonlinear models [17]. ANNs models are an interconnected
group of natural or artificial neurons that use mathematical
or computational models for information processing based

on a correlated method for calculation.These models also
can change their structure based on internal or external
information that flow through the network or system. As
noticed, when data have shown more non-linear orientation,
ANNs models are more accurate than ARIMA models [14].
These advantages make them attractive in predicting

nonparametric nonlinear time series models [4], [5], [8], [18],
[19], [20], [21], [22], [23], [24], [25], [26].

Although these two models have the above
advantages in prediction for some specific situations, the
forecasting results are out of expectation under some
conditions. For example, as function approximators, the
application of ANNs showed significantly non-accurate
predictions than those made by linear regression [27] and
ARIMA models failed to forecast extreme concentrations of
respirable suspended particulate matter (RSPM) in urban
Delhi and Hong Kong [28]. When the data are linear without
much disturbance, predictions conducted by ANNs are

worse than those obtained by linear models [5]. In addition,
a research applied auto regressive (AR) model and BP
neural network for the Dissolved Oxygen (DO) outperforms
in short interval prediction, while BP neural network
illustrates better performance in longer interval prediction
[29]. Furthermore, Taskaya & Casey [30] operated
autoregressive linear and time-delay neural networks
models with nine data sets for predicting and learned that
the former achieve higher accuracy than that made by the
later in some cases. Denton [31] indicated that under ideal
states, with all regression assumptions, there was little
variance in the forecasting between ANNs and linear
regression, and only under less ideal states, such as
outliers, multicollinearity, and model misspecification, ANNs
models illustrated better results. Certainly, both ARIMA and
ANNs models have their success in prediction for linear or
nonlinear patterns. Therefore, no general models exist to fit
for all circumstances.

There is a considerable literature to discuss the
Granger causality relationship between military spending
and economic growth [32], [33], [34], [35], [36], [37], [38],
[39], [40]. Besides, Wanger & Brauer [41] employed
dynamic forecasting genetic programming (DFGP) to
predict the US’s gross domestic product (GDP) with its
military spending as one of the GDP’s determinants and the
results were compared with the prediction made by a
regression-based prediction. The results revealed that
unlike regression-based model, DFGP did not generate any
prior assumption regarding any functional form or produced
the time-span for prediction. In addition, Andreou &
Zombanakis [42] applied ANNs models to predict the future
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behavior of relative security between Greece and Turkey
and concluded that high forecasting performance permitted
the application of alternative scenarios to predict the impact
of the Greek-Turkish arms race on the relative security of
the Greek-Cypriot alliance. Moreover, Andreou &
Zombanakis [43] predicted the burden on the Greek
economy resulting from the arms race against Turkey
based on ANNs models to measure the pressure on the
military debt and the GDP share of defense expenditure on
Greece. The results exhibited highly satisfactory accurate
prediction on both military debt and defense expenditure.
Furthermore, military spending and economic growth are
correlated and economic growth will not be the single
determinant of military spending. The research completed
by Starr et al [44]. showed that the relationship between
defense spending and inflation was mutually related in
France and Germany. Chan’s [45] study proved that military
spending tended to be more import-demanding in the
developing countries and was possible to generate
domestic inflation. Military spending might cause inflation

and further hinder economic growth [46], [33]. China is
emerging rapidly as the next global superpower based on
its economic and political development. It is reasonable for
Taiwan to deliberate the issue of military spending due to
the hostile relationship between Taiwan and China in the

past [38]. However, little study has dedicated to predict
China’s military spending based on ARIMA and ANNs
models. Therefore, the aim of this paper is to apply these
two methods for predicting China’s military spending trying
to understand and compare the accuracy obtained by both
methods in different time period.

The rest of the paper is organized as follows. In the
next section, the basic concepts of ARIMA and ANNs are
introduced. The third section presents the prediction results
from the empirical investigation. Concluding remarks are
provided in the final section.

2. Methodology

To analyze time series data and make accurate
forecasting are motivated many researchers in several
fields, ranging from the natural sciences, economics, and
management related disciplines. It is well noticed that
ARIMA models are designed for predicting linear data,16
while ANNs models are suitable for data with nonparametric
and nonlinear patterns [5], [8], [17], [18], [22], [26].
Obviously each model possesses its own strength and has
different applications. Based on single variable ARIMA
models and single variable as well as multivariate ANNs
models to conduct forecasting, this study applies the mean
absolute percentage error (MAPE) approach to evaluate
prediction accuracy.

2.1 Research period

This study extrapolates predictions into separates
periods of time, namely the short term (1 year), the medium
term (3 years), the medium-long term (5 years), and the
long term (10 years). items of data provided by Stockholm
International Peace Research Institute (SIPRI) and
International Monetary Fund (IMF) for the period of 1953 to
2006 are used for prediction analysis. Out-of-sample
forecast tests based on the 54 yearly data are conducted
for predicting military spending for the four different time
periods. Of those, the first 53 items, dating from 1953 to
2005, are used to establish the short-term model and the
result is compared to the data in 2006 to determine the
accuracy of that model. In the same fashion, the medium-
term model uses 51 items of data from 1953 to 2003 testing
against the data from 2004 to 2006. The medium-long-term
model uses 49 items of data up to 2001 testing against the
data from 2002 to 2006; and the long-term model uses 44

items of data up to 1996 testing against the data from 1997
and onward.

2.2 Autoregressive integrated moving average (ARIMA)
models

For more than three decades, ARIMA linear models
have dominated many fields of time series prediction. In an
ARIMA (p, d, q) model, the future value of a variable is
supposed to be a linear function of several past
observations and random errors. The general form is shown
as follows:

(1) o(B)V'(yu) = O(B)ay

where y; and at are the actual value and random error at
time period t, respectively.

o(B) = 1—Z£1¢>1Bi, O(B)= I—Z?:lﬁj BJ are polynomials

in B of degree p and q, @i(i=1, 2, . ., p), V=(1-B), B is

the backward shift operator, p and q are integers and the
orders of the model, and d is an integer and the number of
regular differencing. Random errors, at, are the noise
components of the stochastic model assumed to be
independent, identically distributed (iid) with a mean of zero
and a constant variance of 02, NID(0, 02). The ARIMA
modeling method includes three steps: model identification,
parameter estimation, diagnostic checking. Stationary is
necessary for an ARIMA model to predict. Data
transformation is required to generate the stationarity of
these time series. The first step in model identification is
that if a time series is generated from an ARIMA process, it
should have some autocorrelation properties. It is likely to
identify one or more feasible models for the given time
series. The temporal correlation structure of the sample
data is proposed to use the autocorrelation function (ACF)
and partial autocorrelation function (PACF) to identify the
order of the ARIMA model1 [16], [47]. The model that gets
the minimum Akaike Information Criterion (AIC) is chosen
as the optimal model. After the functions of the ARIMA
model have been specified, estimation of the model
parameters is forward. When the fitting model is chosen
and its parameters are estimated, the Box-Jenkins
methodology requires to examine the residuals of the model
is minimized. It can be achieved using a nonlinear
optimization process. The last step is diagnostic checking of
the model. Several tests are operated for diagnostic check
to determine whether the residuals of the ARIMA models
from the ACF and PACF graphs are independent and
identically distributed [7]. As a good prediction model, the
residuals are used to examine the goodness of fit of the
model that meets the requirements of a white noise
process. If the model is not suitable, a new model should be
identified. The steps of parameter estimation and diagnostic
checking are repeated many times until an optimal model is
selected [5]. The last selected model is used to forecast the
value.

2.3 Artificial neural networks (ANNs) models

ANNs can be classified as a kind of artificial intelligence
with self-learning function. ANNs models are a vast parallel
processing of the information from the data and has a
natural tendency for storing experiential information and
making it available for the later use [48]. They can be widely
used in many fields related to classification and forecasting.
Users of ANNs do not need to design a complex program to
solve problems. ANNs models are capable to estimate a
large class of functions with high accuracy [5] without any
prior assumption and identify patterns or trends and learn
from the environment. The most commonly used form of
ANNs models are the three layer feed-forward back-
propagation neural network [49]. The basic principle of
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calculation applies the concept of the gradient steepest
descent method to minimize the average squared error
between the network's outputs. In other words, take the
desired output value to minus the inference output value to
get the error signal, then it can be returned to the network.
After repeated amendments, a minimum error can be
reached. This network model characterizes as part of multi-
layer, feed-forward network with supervised learning. The
network includes three basic frameworks, namely input
layer, hidden layer and output layer. In order to calculate
the precise output value under repeated learning
processes, the information provided to the network must
have the input values and target output values. And in the
processes of unceasing endeavors, the gap between the
output inference value of network and target output values
can be narrow down and reach convergent effect. In
general, if there are many uncertainties, and non-linear
complex relationships existed between the output and input,
the back-propagation neural network can be applied to
solve such problems. The model is illustrated by a network
of three layers of simple processing units linked by acyclic
connections. The relationship between the output (y;) and
the inputs (y+-1, . . .,y+-p) has the following algorithmic

illustration:
Q p
(2) yi=wo+ D Wig (Wart 2 W, Y, )+ er,
j=l i=1
wherew;; (i=1,2,...,P,j=1,2,...,Q)andw (=
1, 2, . . ., Q) are model parameters often called linking

weights; P is the number of input points; and Q is the
number of hidden points. The sigmoid function is often used
as the hidden layer transfer function, that is,

(3) Sig(x) = 1/{1 + exp(-x)}

Hence, the ANNs model executes a nonlinear operative
mapping from the previous observations to the future value
yt, where W is a vector of all parameters and f(:) is a
function defined by the network formation and correlation
weights.

(4) Y= f (yt—1| RN yt‘P1W) t e,

Thus, the neural network is equal to a nonlinear
autoregressive model. Expression (2) indicates one output
point in the output layer, which is normally used for one-
step-ahead prediction. The simple network given by (2) is
amazing effective. It can estimate random function as the
number of hidden points Q is adequately Iarge.4 Simple
network framework that has a small number of hidden
points often performs well in out-of-sample prediction. The
generalization ability begins to worsen when the network
starts to match the noise of the training data and the data
trained is more than needed [50].

2.4 Measurement of prediction
MAPE approach is frequently adopted as the
measurement criteria of prediction accuracy in a fitted time
series. MAPE is mainly used to measure the percentage of
unexplained part of a model constructed. Therefore, the
smaller the MAPE value obtained may indicate that more
accuracy of the model will be. Also, it means that a better
match exists between the historical data and the estimation
result of the forecasting model. MAPE equation is shown as

follows: n _

MAPE = 1 D F-A
N t=1

x100%

t

Where At is the actual value and Ft is the value
predicted. The difference between At and Ft is divided by
the actual value At again. The absolute value of this
computation is summed for every prediction point in time
and divided again by the number of fitted points n. This
makes it a percentage error, so one can evaluate the error
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of matched time series that differ in levels. Lewis [51]
categorizes the value of MAPE into 4 levels illustrated.
Lewis's explanation of MAPE results is a means to assess
the accuracy of the prediction--less than 10% is a highly
accurate prediction, 11% to 20% is a good prediction, 21%
to 50% is a reasonable prediction, and 51% or more is an
inaccurate prediction.

3. Empirical analysis
3.1 Single variable ARIMA models

This study employs single variable ARIMA models and
single variable as well as multivariable ANNs models.
Before beginning empirical analysis, data must be verified
as stationary in order to yield more significant results. This
is accomplished by using the Augmented Dickey-Fuller
(ADF) test, the widespread unit root test. If the test shows
the data to be non-stationary, they will be made stationary
using finite-difference methodology. The unit root test
consists of three types: trends and intercepts, only
intercepts, and none; these three types are compared one-
by-one. Analysis of the raw data for China’s military
spending is shown in Table I.

Table 1. The results of unit root tests of China’s military spending.

Excluding Including Including
Prediction . intercept but .
) intercept and A intercept and
periods time trend excluding time time trend
trend

t p t p t p
value [value | value| value value | value
Short term -0.169 |0.620 1.433 | 0559 | -1.831 | 0.675
Mediumterm | 153 05136 [1.678 | 0436 | -1.910 | 0.634
Med"‘t”e"r'r']‘:”g -0.740 |0.390 1.844 | 0.355 | -1.901 | 0.638
Long term -0.919 |0.313 1.786 | 0.382 | -1.690 | 0.738

w2+ * indicate 1%, 5%, 10% significance level respectively

As illustrated by Table I, none of the predictions for
military spending over the different time periods are
particularly outstanding. This indicates that the raw data
consist of simple roots are not stationary, necessitating
approximations through the first-order differential. Results of
this method can be seen in Table Il. As can be seen from
the results of Table I, the various predictions are now
stationary, while the results of the three unit root tests are
highly consistent. Next, modeling of the research is based
on the differentials data.

Table 2. The results of unit root tests of the first-order Differential
for China’s military spending.

Prediction| Without intercept Wlth_mtercgpt With intercept
. . but without time .
Period and time trend and time trend
trend
t p t p t p
value value value value value value
tShort 7033 1 9000 | 7986 | 0000 | 7993 | 0.000
erm
Medium | -6.979 | 9000 | B:976 | 0.000 | 8% | 0.000
erm
Toendéum 6.983 | 9000 | %943 | 0.000 | 8874 | 0.000
cong 6:638 | 9000 | 8969 | 0.000 | €34 | 0.000

w2+ * indicate 1%, 5%, 10% significance level respectively

The first-order differentials are used to make the
sequence of military spending become stationary. The
sequence is then rendered and analyzed using
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autocorrelation and partial autocorrelation functions (ACF
and PACF) to determine the possible number of periods for
processes AR(p) and MA(q). From ACF graph, we realize
that lag 6 protrudes to double the range of the standard
deviation, while the PACF graph illustrates an exponential
drop, thus being the MA(1) model. Since this is the result of
differentiation, the preliminary model is determined as

ARIMA (6, 1, 1), with a formula expression China DE ,
represents the China’s military spending for the previous

(1-6B)e_

period, while I'represents the white noise of €. :

(1-B)China DE, =(1-6B)e.,

The Q statistics of the residuals indicate that the
coefficients of difference between the different periods are
within twice the range of standard deviation. Q’s value of
7.9508 is belowyp 05 (23.685), indicating the stochastic error
without autocorrelation. Table Il lists the results and
analysis for each period. Based on the above data, these
ARIMA models show the best results for medium term (3
years), followed by short term (1 year), then long term (10
years), and lastly medium-long term (5 years). Medium,
short, and long term results reach high levels of accuracy,
while the result of medium-long term shows good accuracy
only. Due to the national security considerations as well as
the major military weapon system procurement procedures,
establishment of one-generation military force may last for
decades. Empirically, the results revealed that these single
variable ARIMA models based on data obtained from 1953-
2006 provides consistently “highly accurate” and “good”
results to predict China’s military spending over the various
periods. This also demonstrates that China’s military
spending based on national security has been considerable
stable over the past decades. Therefore, long-term military
budget planning is normally consistent and stable in China.
However, the prediction results of short and medium term
outperform those made by medium-long and long term.

Table 3. The prediction results of ARIMA models.

Mean Absolute Results of
Prediction Period Percentage Error Prediction
(MAPE)

Short term (1 year) 8.76% Highly accurate
Medium term (3 years) 8.63% Highly accurate
Medium-long term (5 10.79% Good
years)
Long term (10 years) 9.32% Highly accurate

Table 4. Explanatory of variables under different ANNs models.

3.2 Artificial neural networks (ANNs) model

This section uses back-propagation neural networks as
a means to predict China’s military spending. For this
research, the best model decided finally is a synthesis of
one to four separates input variables, hidden layers and
learning rates. Both one-on-one and one-on-many are
compared in order to determine the optimal combination
(normalized mean square error and mean absolute error
being the smallest, and the prediction value being the best).
Variables are firstly divided into four model types (see Table
IV). ANN1 uses the historical data of China’s military
spending to predict its future spending. ANN2 applies
China’s military spending and GDP as variable. ANN3
includes China’s military spending, GDP, and inflation rates
as variables. Lastly, ANN4 includes variables such as
China’s military spending, GDP, inflation rates, and military
spending in Taiwan.

Network structures are separated into processing units
1, 2, 3, and 4 input layer types. The output layer has one
processing unit, while the hidden layers are set one layer.
Under different networks and different settings, a model’s
learning results are better when the mean squared error
(MSE), normalized mean squared error (NMSE), and mean
absolute error (MAE) are smaller and the related
coefficients are larger. These criteria will be used to select
the optimal model for back-propagation network (BPN).

3.3 Empirical analysis

Following the above-mentioned methodology, the BPN
models show the best results for the long term, followed by
medium-long term, then medium term, and lastly short term.
The two shorter time periods, 1 and 3 years, achieve a
“reasonable” level of accuracy, while the two longer periods,
5 and 10 years, indicate “good” level of accuracy (as in
Table V). In other words, the longer time periods, the better
prediction accuracy achieves.

Table 5. Prediction results of ANN1 for China’s military spending.

Mean Absolute Results of
Prediction Period Percentage Error Prediction
(MAPE)

Short term (1 year) 21.21% Reasonable
Medium term (3 years) 20.03% Reasonable
Medium-long term (5 18.21% Good
years)

Long term (10 years) 11.79% Good

Table 6. Prediction results of ANN2 for China’s military spending.

Mean Absolute Results of
Prediction Period Percentage Error Prediction
(MAPE)
Highly
0,
Short term (1 year) 3.26% accurate
Medium term (3 7.61% Highly
years) accurate
Medium-long term (5 278% Highly
years) accurate
Highly
0,
Long term (10 years) 7.32% accurate

Model Input Layer Output Layer
X1: China’s military spending in the Y: China’s
ANN¢1 | Previous period m|I|tary _
spending in the
current period
X1: China’s military spending in the Y: China’s
ANN2 previous period military
X2: China’s GDP in the previous period | spending in the
current period
X1: thna s mllltary spending in the Y: China’s
previous period milita
ANN3 | X2: China’s GDP in the previous period s encﬁ/n in the
X3: China’s inflation rates in the P gm
- ) current period
previous period
X1: China’s military spending in the
previous period AR
X2: China’s GDP in the previous period :;."g:ma s
ANN4 | X3: China’s inflation rates in the v
: ; spending in the
previous period current period
X4: Taiwan’s military spending in the p
previous period

PRZEGLAD ELEKTROTECHNICZNY, ISSN 0033-2097, R. 89 NR 3b/2013

ANN2 model including military spending and GDP
performs the best resulted in medium-long term prediction,
then short term, followed by long term, with medium term
coming in the last place. All of these periods reach levels of
“highly accurate” (as in Table VI). Meanwhile, ANN2 reflects
that China’s GDP for the given period has an important
effect on military spending. It also shows that this BPN
model has a high level of accuracy in predicting China’s
military spending, and could thus be a valuable reference
for policymakers.

When military spending, GDP, and inflation rates are
used as variables, the medium term predicting is the best,
then medium-long term, followed by short term, with long
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term coming in the last place. In this model, short, medium,
and medium-long predictions all reach “high” levels of
accuracy, while the long-term predicting resulted in
“incorrect” data (see Table VII). The prediction results of
this model with inflation rates are highly accurate in the
short, medium, and medium-long terms. However, the result
of the long term prediction shows “inaccurate” indicating
that the central government and defense department will
consider inflation rates for planning military budget within
one to five years of time periods, but inflation rates are not
suitable for predicting China’s military spending for more
than five years.

Lastly, military spending, GDP, inflation rates, and
Taiwan’s military spending are used as variables. In ANN4
model, the best accurate result came for the medium term,
followed by the short term, then the medium-long term, and
the long term coming for the least accurate. The medium
term prediction exhibits a “high” accuracy level, while short
and medium-long term predictions achieve “good” levels.
Long term prediction results are “reasonable.” (see Table
VIII). Based on the mutual long hostile relationship between
China and Taiwan, the results show that China’s military
spending has been significantly influenced by Taiwan’s
medium-term (3 years) military expenditures.

Table 7. Prediction results of ANN3 for China’s military spending.

Mean Absolute Restilts of
Prediction Period Percentage Error Prediction
(MAPE)
Short term (1 year) 2.97% Highly accurate
Medium term (3 years) 2.10% Highly accurate
Medium-long term (5 2.75% Highly accurate
years)
Long term (10 years) 50.18% Inaccurate

Table 8. Prediction results of ANN4 for China’s military spending.

. . Mean Absolute Results of
Prediction Period Percentage Error (MAPE) Prediction
Short term (1 year) 10.58% Good
Medium term (3 years) 1.2% Highly accurate
Medium-long term 11.22% Good
(5 years)
Long term (10 years) 28.95% Reasonable

Table 9. Comparison of prediction accuracy of ARIMA and ANN
models.

S ARIMA ANNs (MAPE)
Porod™_|(MAPE)| ANNT | ANN2 | ANN3 | ANN4
ahsgatgrm 8.76% | 21.21% | 3.26% | 2.97% |10.58%
Medium

term 8.63% | 20.03% | 7.61% | 2.10% | 1.2%
(3 years)

Medium-

long term (§ 10.79%| 18.21% | 2.78% | 2.75% |11.22%
years)

(Lfé‘get:g 9.32% | 11.79% | 7.32% | 50.18% | 28.95%

In general, data shown in Table IX, single variable
ARIMA model can achieve “highly accurate” results for
short (8.76%), medium (8.63%), and long (9.32%) term
predictions, and “good” results for medium-long (10.79%)
term predictions. On the other hand, ANN1 shows only
“reasonable” accuracy for short (21.21%) and medium-long
(20.03%) term, and “good” accuracy for medium-long
(18.21%) and long term (11.79%) predictions.

The prediction performance of these single variable ARIMA
models show three “highly accurate” results with only one
“good” result, while the single variable ANN1 models show
only “good” or “reasonable” accuracy for the four different
periods. In comparison of the prediction results made by
ARIMA models and ANN1 models, the ARIMA models are
superior to those conducted by ANN1 due to the
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characteristics of the time series in this research. As for
multiple variable models, ANN3 shows the most accurate
results for both short term (2.97%) and medium-long term
(2.75%) predictions, while ANN4 shows the highest
accuracy for medium term predictions (1.2%). Meanwhile,

ANN2 had the most accuracy for the long term (7.32%).

4. Conclusions

China has, in the past decade, seen immense
economic strides, and with its military budget growing by
the multiples. This has led to something of a threat in the
military stability of Asia, and even of the whole world. These
various factors add up to mean that an accurate prediction
and analysis of China’s military spending are critical to
Taiwan, Japan, USA and other Asian countries.

For single variable models, the ARIMA models show
more stability and high accuracy across all four time
periods, while ANNs models show only “good” accuracy.
The results reveal that the single variable ARIMA models
based on data obtained from 1953-2006 provide
consistently highly accurate and good results to predict
China’s military spending over the various periods. This
also demonstrates that China’s military spending based on
national security has been considerable stable over the past
decades. For multiple variable models, ANN2 including
China’s military spending and GDP indicate the highest
accuracy for the long term predictions among all of the
multivariate models. ANN3 including variables of China’s
military spending, GDP, and inflation rates shows the most
accurate prediction for the short term and medium-long
term, while ANN4 including China’s military spending, GDP,
inflation rates, and Taiwan’s military spending reaches the
highest accuracy for the medium term prediction. This
concludes the contributions of this study.

Based on the national security considerations as well
as the major military weapon system procurement features,
establishment of one-generation military force may last for
decades. The drawing up of military spending budgets is
intertwined with many factors; military, political, and
economic elements will all inevitably have their impacts.
Further studies are needed to use more variables with
various research methods trying to compare the prediction
accuracy made by different approaches for policymakers as
references.

REFERENCES

[1] Zheng B., China’s ‘Peaceful Rise’ to Great Power Status, J.
Foreign Affairs September-October 84(5), pp. 18-24, 2005..

[2] Chen S. and Feffer J., China’s Military Spending: Soft Rise or
Hard Threat? J. Asian Perspective 33(4), pp. 47-67, 2009..

[3] Stockholm International Peace Research Institute, SIPRI
yearbook, 2011. (http://www.sipri.org/).

[4] Zhang G., Patuwo B. E., and Hu M. Y., Forecasting with Artificial
Neural Networks: the State of the Art. J. International Journal of
Forecasting 14, pp. 35-62, 1998..

[5] Khashei M. and Bijari M. A., Novel Hybridization of Artificial
Neural Networks and ARIMA Models for Time Series
Forecasting. J. Applied Soft Computing 11, pp. 2664-2675,
2011..

[6] Shahwan T. and Odening M., Computational Intelligence in
Economics and Finance. Springer, Berlin Heidelberg, New
York, pp. 63-74, 2007.

[7] Faruk D. O., A Hybrid Neural Network and ARIMA Model for
Water Quality Time Series Prediction. J Engineering
Applications of Artificial Intelligence 23, pp. 586-594, 2010.

[8] Diaz-Robles L. A., Ortega J. C., Fu J. S., Reed G. D., Chow J.
C., Watson J. G., and Moncada-Herrera J. A., A Hybrid ARIMA
and Artificial Neural Networks Model to Forecast Particulate
Matter in Urban Areas: The Case of Temuco, Chile. J.
Atmospheric Environment 42, pp. 8331-9340, 2008.

[9] Sanhueza P., Vargas C., and Mellado P., Impact of Air Pollution
by Fine Particulate Matter (PM10) on Daily Mortality in Temuco,
J. Chile. Revista Medica De Chile 134, pp. 754-761, 2005.

PRZEGLAD ELEKTROTECHNICZNY, ISSN 0033-2097, R. 89 NR 3b/2013



[10] Pope C. A. and Dockery D. W., Health Effects of Fine
Particulate Air Pollution: Lines That Connect. J. Air & Waste
Management Association 56, pp. 709-742, 2006.

[11] Church K. B. and Curram S. P., Forecasting Consumers’
Expenditure: A Comparison between Econometric and Neural
Network Models, International J. of Forecasting 12(2), pp. 255-
267, 1996.

[12] Ansuj A. P., Camargo M. E., Radharamanan R., and Petry D.
G., Sales Forecasting Using Time Series and Neural Networks.
J. Computers and Industrial Eng. 31, pp. 421-424 , 1996.

[13] Koutroumanidis T., loannou K., and Arabatzis G., Predicting
Fuelwood Prices in Greece with the Use of ARIMA Models,
Artificial Neural Networks and a Hybrid ARIMA-ANN Model, J.
Energy Policy 37, pp. 3627-3634, 2009.

[14] Prybutok V. R., Yi J. S., and Mitchell D., Comparison of Neural
Network Models with ARIMA and Regression Models for
Prediction of Houston’s Daily Maximum Ozone Concentrations.
J. European Journal of Operational Research 122, pp. 31-40,
2000.

[15] Gutierrez-Estrada J-C., De Pedro-Sanz E., LO" Pez-Luque R.,
and Pulido-Calvo ., Comparison between Traditional Methods
and Artificial Neural Networks for Ammonia Concentration
Forecasting in an Eel (Anguila Anguilla L.) Intensive Rearing
System. J. Aquacultural Engineering 31(3-4), pp. 183-203,
2004.

[16] Box G. E. P. and Jenkins G. M., Time Series Analysis
Forecasting And Control., Holden-Day, San Francisco, 1976.
[17] Pisoni E., Farina M., Carnevale C., and Piroddi L., Forecasting
Peak Air Pollution Levels Using NARX Models. J. Engineering

Applications of Artificial Intelligence 22, pp. 593-602, 2009.

[18] Cybenko G., Approximations by Super Positions of a Sigmoidal
Function, J. Mathematics of Control, Signals, and Systems 2,
pp. 303-314, 1989.

[19] Hornik K., Stinnchcombe M., and White H., Multi-layer Feed
Forward Networks Are Universal Approximators, J. Neural
Networks, pp. 359-366, 1989.

[20] Pe’rez P. and Reyes J., Prediction of Maximum of 24-h
Average of PM10 Concentrations 30-h in Advance in Santiago,
Chile. J. Atmospheric

Environment 36, pp. 4555-4561, 2002.

[21] Pe’rez P. and Reyes J., An Integratesd Neural Network Model
for PM10 Forecasting. J. Atmospheric Environment 40, pp.
2845-2851, 2006.

[22] Schlink U., Herbarth O., Richter M., Dorling S., Nunnari G.,
Cawley G., and Pelikan E.. Statistical Models to Assess the
Health Effects and to Forecast Ground-level Ozone. J.
Environmental Modelling & Software 21, pp. 547-558, 2006.

[23] Slini T., Kaprara A., Karatzas K., and Moussiopoulos N., PM10
Forecasting for Thessaloniki, Greece. J. Environmental
Modelling & Software 21, pp. 559-565, 2006.

[24] Sofuoglu S. C., Sofuoglu A., Birgili S., and Tayfur G.,
Forecasting Ambient Air SO, Concentrations Using Artificial
Neural Networks. Energy Sources Part B-Economics Planning
and Policy 1, pp. 127-136, 2006.

[25] Sousa S. I. V., Martins F. G., Pereira M. C., and Alvim-Ferraz
M. C. M., Prediction of Ozone Concentrations in Oporto City
with Statistical Approaches. J. Chemosphere 64, pp. 1141-
1149, 2006.

[26] Thomas S. and Jacko R. B., Model for Forecasting
Expressway Fine Particulate Matter and Carbon Monoxide
Concentration: Application of Regression and Neural Network
Models. J. of the Air & Waste Management Association 57, pp.
480-488, 2007.

[27] Foster W. R., Collopy F., and Ungar L. H., Neural Network
Forecasting of Short, Noisy Time Series. J. Computers and
Chemical Engineering 16 (4), pp. 293-297, 1992.

[28] Goyal P., Chan A. T., and Jaiswal N., Statistical Models for the
Prediction of Respirable Suspended Particulate Matter in Urban
Cities. J. Atmospheric Environment 40, pp. 2068-2077, 2006.

[29] Li F. F., Li D. L., Wei Y. G., Ma D. K., Ding Q. S., Dissolved
Oxygen Prediction in Apostichopus Japonicus Aquaculture
Ponds by BP Neural Network and AR Model. J. Sensor Letters
8(1), pp. 95-101, 2010.

[30] Taskaya T. and Casey M. C. A., Comparative Study of
Autoregressive Neural Network Hybrids. J. Neural Networks
18, pp. 781-789, 2005.

[31] Denton J. W., How Good Are Neural Networks for Causal
Forecasting? The J. of Business Forecasting 14 (2), 17 (1995).

[32] Joerding W., Economic Growth and Military Spending. J. of
Development Economics 21, pp. 35-40, 1986.

[33] Chowdhury A. R., A Causal Analysis of Military Spending and
Economic Growth. J. of Conflict Resolution 35,pp. 80-97, 1991.

[34] Khilji N. M. and Mahmood A., Military Expenditures and
Economic Growth in Pakistan. J. The Pakistan Development
Review 36(411), pp. 791-808, 1997.

[35] Chang T., Fang W., Wen L. F., and Liu C., Military Spending,
Economic Growth and Temporal Causality: Evidence from
Taiwan and Mainland China, 1952-1995. J. Applied Economics
3(10), pp. 1289-1299, 2000.

[36] Abu-Bader S. and Abu-Qarn A., Government Expenditures,
Military Spending and Economic Growth: Causality Evidence
from Egypt, Israel and Syria. J. of Policy Modeling 25, pp.
567-583, 2003.

[37] Kollias C., Manolas G., and Paleologou S-M., Defence
Expenditure and Economic Growth in the European Union: A
Causality Analysis, J. of Policy Modeling 26, 553-569, 2004.

[38] Lai C. N., Huang B. N., and Yang C. W., Military Spending and
Economic Growth Across the Taiwan Straits: A Threshold
Regression Model. J. Defence and Peace Economics 6(1), pp.
45-57, 2005.

[39] Lee C. C. and Chang C., The Long-run Relationship between
Defence Expenditures and GDP in Taiwan. J. Defence and
Peace Economics 17(4), pp. 361-385, 2006.

[40] Lee C. C. and Chen S. T., Non-linearity in the Defence
Expenditure-economic Growth Relationship in Taiwan. J.
Defence and Peace Economics 18(6), pp. 537-555, 2007.

[41] Wanger N. and Brauer J., Using Dynamic Forecasting Genetic
Programming (DFGP) to Forecast United States Gross
Domestic Product (US GDP) with Military Expenditure as An
Explanatory Variable, J. Defence and Peace Economics,
October 18(5), pp. 451-466, 2007.

[42] Andreou A. S. and Zombanakis G. A., A Neural Network
Measurement of Relative Military Security: The Case of
Greece and Cyprus. J. Defence and Peace Economics 12(4),
pp. 303-324, 2001.

[43] Andreou A. S. and Zombanakis G. A., Financial Versus Human
Resources in the Greek-Turkish Arms Race: A Forecasting
Investigation Using Artificial Neural Networks, MPRA paper No.
13892, posted 09, January, pp. 1-34, 2000.

[44] Starr H., Hoole F. W., Hart J. A., and Freeman J. R., The
Relationship between Defense Spending and Inflation. J. of
Conflict Resolution 28, pp. 103-122, 1984.

[45] Chan S., The Impact of Defense Spending on Economic
Performance: a Survey of Evidence and Problems. J. Orbis 29,
pp. 403-434, 1985.

[46] Deger S. and Smith R., Military Expenditure and Growth in
Less Developed Countries. J. of Conflict Resolution 27, pp.
335-353, 1983.

[47] Mishra A. K. and Desai V. R., Drought Forecasting Using
Stochastic Models. J. Stochastic Environmental Research Risk
Aassessment 19, pp. 326-339, 2005.

[48] Allende H., Moraga C., and Salas R., Artificial Neural Networks
in Time Series Forecasting: a Comparative Analysis. J.
Kybernetik 38, pp. 685-707, 2002.

[49] Haykin S., Neural Networks, a Comprehensive Foundation.

Prentice Hall, Upper Saddle River, NJ, USA., 1999.

[50] Morgan N. and Bourlard H., Generalization and Parameter
Estimation in Feedforward Nets: Some Experiments, in: D.S.
Touretzky (Ed.), J. Advances in Neural Information Processing
Systems 2, pp. 630-637, 1990.

[51] Lewis C. D., Industrial and Business Forecasting Method.
Butterworth, London, UK., 1982.

Authors: Dr. Kuo-Cheng Kuo, Assistant Professor, Department of
International Trade, Chinese Culture University, 55, Hwa-Kang
Road, Yang-Ming-Shan, Taipei 111, Taiwan, R.O.C. Email:
kuochengkuo@yahoo.com. Dr. Chi-Ya Chang, Assistant Professor,
Department of International Business Administration, Chinese
Culture University, 55, Hwa-Kang Road, Yang-Ming-Shan, Taipei
111, Taiwan, R.O.C. Email: zqy1217@gmail.com. Mr. Wen-Cheng
Lin, Department of Financial Management, National Defense
University, 70, Section 2, Central North Road, Beitou District,
Taipei, 112, Taiwan, R.O.C. Email: fgf680502@gmail.com.

PRZEGLAD ELEKTROTECHNICZNY, ISSN 0033-2097, R. 89 NR 3b/2013 181



