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Abstract: Inflation is one of the primary issues in economics where numerous studies about it have
been done extensively. These days, the world economy instability not only gives negative impact to the
whole world, but they also become as the catalyst to the investors to invest in commodity that is hedge
against inflation, which is gold. This yellow metal commodity acts as a strong shield against inflation,
investment and economic instability. In financial field, it posses low volatility feature where the price
of gold does not easily face with tremendous fluctuation and also not affected by inflation. Thus,
accurate prediction of gold price is vital in determining time to buy and sell in order to help the
investor to gain profit and reduce risk. This paper proposes supervised learning approach, Least
Squares Support Vector Machines (LSSVM) to predict gold price prediction. The performance of
LSSVM depends on the value of its hyper-parameters, which are regularization parameter y and kernel
parameter o°. This is due to allow the model to yield good generalization performance. Thus, the
application of new Swarm Intelligent technique Artificial Bee Colony (ABC) is applied to obtain the
ideal value of LSSVM’s hyper parameters. For experimental purposes, three important features in
predicting gold prices are employed. The first two features are commodity prices, which are the world
gold price based on London Fix and the world crude oil price. One commodity-relevant macro
financial variable, U.S. dollar exchange rate data were also been employed. The implementation of the
proposed model was executed using MATLAB. The comparisons are made in term of Mean Square
Error (MSE) and prediction accuracy. Compared with typical nonlinear intelligent model, Back
Propagation Neural Network (BPNN), the proposed approach shows that the combination of LSSVM
and ABC leads to a better performance. This finding indicates that the integration of ABC-LSSVM
learning paradigm is a promising approach for non-volatile financial prediction.

Key words: Least Squares Support Vector Machines, Artificial Bee Colony, gold price prediction,
non-volatile financial prediction.

INTRODUCTION

The stability of world economy scenario is vital as it would influence the whole world in various aspects
such as politics, socio-economic and lifestyle. Inflation is one of the most predominant matters where it has
attracted many research (Razali and Nurhani Aba, 2010). Studies undertaken not only limited to on how to
control inflation via monetary system and fiscal policies but also on how to hedge against it (Malliaris and
Malliaris, 2009). By referring to (Chunli and Deyi, 2010), there are several main reasons why the economist are
concern about inflation. Among others are where inflation leads to distortion and increased uncertainty in
economic, hence causing unstable political and may create war crisis.

Due to these unwanted scenarios, the market demand for gold increases significantly since gold is the
commodity that hedge against inflation. The gold price depends largely on confidence in the market and is
committed to buy or sell. Gold provides a guarded shelter against inflation, investment and economic uncertainty
where we can see a steady rise in gold in recent times. This showed that it owns the non-volatile feature where the
price of gold does not easily decreases and also not affected by inflation. The economist predicted that the price
of gold will continuously increase with the return of 13% over the next three years and should peak at US2,100
per ounce in 2014 (Arulapalam, 2011). In November 2010, the former Prime Minister of Malaysia, Tun Dr.
Mahathir Mohamad suggested that a new monetary system must be devised based on real value such as gold
(Bernama, 2010a) and hence urges to use of dinar (gold) for trade. This is because the gold price hardly decreases
and gold is suitable to be used worldwide, compared to U.S dollar (Bernama, 2010b). It holds the same value
regardless of geography factor (D.W. Phillips, 2011). Due to gold having a significant role in maintaining value,
investment and world economic stability, prediction for gold price is definitely vital.

Owing to its important, people have been giving more attention to gold price prediction and several
approaches have been reported. The use of Artificial Neural Network (ANN) algorithm has been presented by
(Hussein et al., 2011). However, the result obtained is not promising. The hybrid model of Genetic Algorithm
and Neural Network (GA-BP) has been proposed by (Chunmei, 2009) and the experimental results indicated that
the prediction model yields acceptable results. Reference (Dorigo, 2009) analyzed the inter-relationship between
gold price, oil price and euro rate. They employed time series approach using neural networks for prediction. The
results showed that the gold’s impact on euro is greater and faster than euro’s impact on gold. On the other hand,
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the comparison between multi-layered feed forward (MLFF)) and group method of data handling (GMDH) neural
network with Genetic Algorithm (GA) for gold price prediction has been presented by (Varahrami, 2011). The
experimental results indicated that the result of GMDH is better than MLFF, but it still need to be improved.

Recently, a new and promising data mining technique, Least Square Support Vector Machines (LSSVM) has
been proven to be successfully applied in solving practical problems in pattern recognition, regression function
estimation, nonlinear classification, time series problem and so on (Guojian et al., 2010). LSSVM is reported able
to perform the training and optimization relatively fast (Hou et al., 2009). Nevertheless, despite of its advantage,
it still requires effort to obtain the optimize parameters of both LSSVM’s hyper-parameters, which are
regularization parameter y and kernel parameter ¢°. In that matter, to get the ideal value of both hyper-parameters,
it clearly not an easy task since it has huge numbers of combinations. Hence, trial and error approach may not be
an appropriate technique.

Common used parameters optimization method for LSSVM is cross-validation. However, cross-validation is
reported to be complicated in calculation and time consuming (Huixuan et al., 2010). To overcome this matter,
numerous studies to overcome this matter have been presented, such as by applying Bacterial Colony Chemotaxis
(BCC) algorithm (Yang, 2009), Genetic Algorithm (GA) (M. H. Sulaiman, 2010; Wei and Jie, 2008), Particle
Swarm Optimization (PSO) (Guojian et al., 2010) and others. Recently, another nature inspired algorithm,
Artificial Bee Colony (ABC) that has been proposed by Karaboga has been proved of having strong ability to find
global optimistic result (D. Karaboga and Akay, 2007). It is a new meta-heuristic population-based optimization
technique motivated by the intelligent foraging behavior of honey bee swarms. ABC posses the advantages on
memory, local search and the ability of self-enhancement in finding solution (Shi et al., 2010) where it leads to
yield outstanding results in solving optimization issues. Besides, it also generates fast convergence. Thus, in this
paper, a hybrid algorithm based on ABC-LSSVM is applied for gold price prediction.

Least Squares Support Vector Machines:

LSSVM which stands for Least Squares Support Vector Machines is reformulations to the original SVM
algorithm. It has been proposed by Suykens and Vandewalle (Suykens et al., 2002) for the purpose to solve short
term load prediction problems. LSSVM is reported to be able to do a faster training process in the huge-scale
problem compared to standard SVM’s. As a modified version of a standard SVM, LSSVM apply equality
constraint instead of inequality constraint that has been used in SVM to obtain a linear set of equations (Wu and
Niu, 2009), which it simplify the complex calculation and easy to train (Yang, 2009).

According to (Qisong et al., 2008), the reformulation of standard SVM, LSSVM predicting model presented
remarkable performance in simulation and practical results, compared to Radial Basis Function Neaural Network
(RBFNN) predictor and Back Propagation Neural Network (BPNN) predictor.

The standard framework for LSSVM is based on the primal-dual formulation (Yang, 2009). Given the
dataset {x; y;}" =, the aim is to estimate a model of the form (Suykens e al., 2002):

y@) =w'o@ +b+e (1

where x €R", y €R, and o ():R" — R" is a mapping to a high dimensional feature space. The following
optimization problem is formulated (Suykens ef al., 2002):
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With the application of Mercer’s theorem (Vapnik, 1995) for the kernel matrix 2 as
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where @; € R are Lagrange multipliers. Differentiating (3) with w, b, e; and a;, the conditions for optimality

can be described as follow:
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By elimination of w and ¢;, the following linear system is obtained:

0 17 b 0
0 v o).
yQ+y 1|l b%

with y =[y,, ...,yN]T, o=[ay..., aN]T. The resulting LS-SVM model in dual space becomes:

N
y(x)=> a,K(x,x,)+b (6)

i=1

Usually, the training of the LSSVM model involves an optimal selection of kernel parameters and
regularization parameter. Several kernel functions, viz. Gaussian radial basis function (RBF) Kernel, linear
Kernel and quadratic Kernel are available. For this project, the RBF Kernel is used which is expressed as:

el
K(x,x,)=e
@)

where ¢” is a tuning parameter which associated with RBF function.

Artificial Bee Colony:

For the purpose of obtaining optimized hyper-parameters of LSSVM, the recently developed Swarm
Intelligent technique, Artificial Bee Colony (ABC) is applied into LSSVM. Artificial Bee Colony (ABC)
algorithm was proposed by Karaboga in 2005 for real parameter optimization (Karaboga, 2005). It is inspired by
the intelligent behavior of honey bees. In the proposed model, the colony of artificial bees incorporated of three
groups of bees: employed, onlooker and scout bees. Half of the colony composed of employed bees and the rest
consist of the onlooker bees. The number of food sources/nectar sources is equal with the employed bees, which
means one nectar source is responsible for one employed bee. The aim of the whole colony is to maximize the
nectar amount.The duty of employed bees is to search for food sources (solutions). Later, the nectars’ amount
(solutions’ qualities/fitness value) is calculated. Then, the information obtained is shared with the onlooker bees
which are waiting in the hive (dance area). The onlooker bees decide to exploit a nectar source depending on the
information shared by the employed bees. The onlooker bees also determine the source to be abandoned and
allocate its employed bee as scout bees. For the scout bees, their task is to find the new valuable food sources.
They search the space near the hive randomly.

In ABC algorithm, suppose the solution space of the problem is D-dimensional, where D is the number of
parameters to be optimized. In this work, the paramaters involved are 6* and y.

The fitness value of the randomly chosen site is formulated as follows:

1
S (1+ obj.Fun,) ®
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The size of employed bees and onlooker bees are both SN, which is equal to the number of food sources. For
each food source’s position, one employed bee is assigned to it. For each employed bee whose total numbers are
equal to the half of the food sources, a new source is obtained according to (9):

Vi = Xy TPy (x,.j,xkj,) ©)
where;

i=12,..,SN

j=12,...,D

¢ = arandom generalized real number within the range
[-1.1]
k =1is a randomly selected index number in the colony.

After producing the new solution, v’ /= {x’;j, x’i,...,Xip}, it is compared to the original solution v; = {x;,
Xi2,..-Xip}. If the new solution is better than previous one, the bee memorizes the new solution; otherwise she
memorizes the former solution.

The onlooker bee selects a food source to exploit with the probability:

_
SN
> i
j=1

Where fit; s the fitness of the solution v. SN is the number of food sources potions.

Later, the onlooker bee searches a new solution in the selected food source site by Eq.(9), the same way as
exploited by employed bees. After all the employed bees exploit a new solution and the onlooker bees are
allocated a food source, if a source is found that the fitness hasn’t been improved for a given number (denoted by
limit) steps, it is abandoned, and the employed bee associated with which becomes a scout and makes a random
search by Eq.(11).

(10)

i

min

_ max __ __ min
Xig = Xq +”(xd Xq ) (11)
where;

r = a random real number within the range [0.1]
x;nm and x;nax = the lower and upper borders in the dth dimension of the problems space.
Basic steps of ABC algorithm are as follows:
1. Initialize the food source positions (population)
Each employed bees is assigned on their food sources.
3. Each onlooker bee select a source base on the quality of her solution, produces a new food source in selected
food source site and exploits the better source.
4. Decide the source to be cast aside and assign its employed bee as scout for discovering new food sources.
Memorize the best food source found so far.
6. Ifrequirement are met, output the best solution, otherwise repeat steps 2-5 until the stopping criterion is met.

e

MATERIAL AND METHODS

Data Preparation And Pre-Process:

Data selected for a prediction model should represent variables that affect the gold price prediction. In this
study, other than the world gold price data, the world crude oil price and USD currency data were also employed.
Data gathered are from January 2008 until July 2011, and were obtained from The London Bullion Market
Association, U.S Energy Information Administration and OANDA website respectively. From the obtained data,
70% of the data were used as the training set, which is from day 1 to day 905. Another 15% is for validating and
the balance of 15% for testing set. Both the testing and validating data sets are completely different from the
training set and have not been introduced to the prediction model before. Table 1 shows the number of samples
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used in training, validation and testing processes while data tabulated in Table 2 shows the samples of data used
in this work.

Table 1: The number of samples for training, validation and testing processes.

Data Types Samples (Days)
Training 1-905
Validation 906-1099
Testing 1100-1293

Table 2: Sample of data.
Day Gold Price (USD) *MYR/USD Crude Oil Price (USD)
1 0.083513 0.032909 0.009595
2 0.084375 0.032791 0.009964
3 0.08621 0.033127 0.009917
4 0.085688 0.032918 0.00979
5 0.085688 0.032833 0.00979
6 0.085688 0.032884 0.00979
7 0.085838 0.032635 0.009508

*MYR is based on USD100.

Normalization Process:

All the input and output vectors are normalized before sending to ABC-LSSVM for learning. Generally,
normalization is a scaling transformation of the features (Kotsiantiset al., 2006) before training and testing
processes. This is an important stage to make sure that the data are not overwhelmed by each other in terms of
distance measure.

In this paper, Decimal Scaling was applied. Using this technique, the data is normalized by moving the
decimal point of value of the attribute. The number of decimal point moved depends on the maximum obsolete
value of A (Al-Shalabi et al., 2006). The formula used for Decimal Scaling is as equation 12.

v =W/10) (12)
where;

v’ = new value

v = old value

j = the smallest integer such that Max(|v’|)<1

Table 3 shows samples of data upon completing the normalization.

Table 3: Input after Decimal Scaling normalization.

1 Gold Price (USD) MYR/USD Crude Oil Price
1 0.083513 0.032909 0.009595

2 0.084375 0.032791 0.009964

3 0.08621 0.033127 0.009917

4 0.085688 0.032918 0.00979

5 0.085688 0.032833 0.00979

6 0.085688 0.032884 0.00979

7 0.085838 0.032635 0.009508

Experiment Setup:

In this experiment, tomorrow’s gold price is the output while a week earlier prices are the inputs. Variables
are assigned to these features as shown in the Table 4.

Results:

The implementation of the proposed gold price prediction model was carried out using MATLAB program.
Figure 1 shows the objective function which is Mean Square Error (MSE) for validation set obtained upon
completing 30 iterations in ABC approach. The optimized LSSVM hyper-parameters yielded by ABC has
resulted good MSE and accuracy for the proposed model. Later, it is compared with Back Propagation Neural
Network (BPNN), and the experimental results are as shown in Table 5.

Table 4: Assigning input and output variables.

Input/Output Prices Features Assigned Variables

Day 1 g(n-6),g(n-5), g(n-4),g(n-3),
Day 2 g(n-2),g(n-1), g(n), gnt1);

Input Gold prices
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Day 3 withn=7,8,9, ...
Day 4
Day 5
Day 6
Day 7
Output Day 8
Day 1
Day 2
Day 3

o(n-6),0(n-5), o(n-4),0(n-3),

Input Day 4 Crude oil
P D e o(n-2),0(n-1), o(n), o(n+1);
Do P withn=7,8,9, ...
ay
Day 7
Output Day 8
Input Day 1
Day 2
Day 3
D:y 4 u(n-6),u(n-5), u(n-4),u(n-3),
D Y 5 USD currency u(n-2),u(n-1), u(n), u(n+1);
Dzzé withn=7,8,9, ...
Day 7
Output Day 8
L 10°
250 1
E 15+ 1
o
1t J
05 , . . . ,
5 10 15 20 25 30
Iteration
Fig. 1: Objective function vs. iteration.
Table 5: ABC-LSSVM vs. BPNN.
ABC-LSSVM BPNN
MSE 1.0921e-006 8.2873e-006
Accuracy(%) 99.45 98.36

1650
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Fig. 2: ABC-LSSVM vs. BPNN vs. Target.

Figure 2 shows a graph comparison between ABC-LSSVM, BPNN and target output for gold price
prediction. The testing processes involve from day 1100 to 1293, which is 15% from the samples. From the
proposed model, the optimized value of regularization parameter y and Kernel RBF ¢ is set to 1000 and 1
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respectively. Both hyper-parameters yielded outstanding result of the prediction model. The MSE produced by
ABC-LSSVM is 1.0921¢-006 while 8.2873e-006 is generated by BPNN. In term of prediction accuracy, ABC-
LSSVM able to achieve up to 99.45% and for BPNN, the prediction accuracy achieved is 98.36%.

Conclusion:

This paper presented an approach to predict non-volatile data in the financial domain. The effectiveness of
the proposed gold price prediction was verified using real data covering from 2008-2011 and was also compared
against results produced by BPNN. From the undertaken experiments, it is shown that the approach of using
Artificial Bee Colony (ABC) in optimizing parameters of the Least Squares Support Vector Machines (LSSVM)
is beneficial. This can be seen in the obtained results of Mean Squared Error and prediction accuracy. The
hybridization of ABC-LSSVM can be considered as a promising technique that is suitable for predicting non-
volatile data.
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