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Abstract: This article shows the effect of wavelet analysis on forecasting performance from two perspectives
of directional accuracy and the magnitude of the forecast errors. Wavelet analysis is used for decomposing gold
return series into some subseries with distinct properties and data generating processes. Then each subseries
is forecasted by a recursive ARIMA-GARCH in which the parameter estimates are updated recursively in light
of new observations and its regressors are chosen recursively based on Akaike's Information Criterion
regarding statistical significance of all coefficients. Next, the predicted values of each subseries are added to
get the final forecast.
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INTRODUCTION light of new observations and its regressors are then

Forecasting financial assets prices is very important Criterion regarding statistical significance of all
for speculators, investors, policy makers, banks and coefficients. Finally, theses forecasts will be added
companies. Gold is one the most important financial together to obtain the forecasts of the original series. It
assets. Similar to most financial asset prices, gold price will be shown that this method will result in much better
series has complex features like nonstationarity, forecasts from two perspectives of directional accuracy
nonlinearity and high volatility, making its price forecast and the magnitude of the forecast errors.
really complicated. Many attempts have been made for This method improves forecasting performance
forecasting gold price. For instance, Antonino Parisi, highly because each time series (signal) consists of some
Franco Parisi and David Diaz [1] have used a rolling neural subseries and each subseries has its own properties,
network model to forecast one-step-ahead sign variations information and data generating process. Therefore, to
in gold price. In another attempt, Khashei, Hejazi and forecast the time series under consideration (original time
Bijari [2] have used a hybrid method based on Artificial series), it would be better to forecast the subseries’
Neural Network and fuzzy regression models for gold separately and then add the forecasts to get the forecast
price forecast. These studies have predicted future gold of the original time series.
prices based on the original level of the gold price series, It seems that using wavelet analysis for the purpose
while the original level of the gold price and, more of forecasting has been firstly proposed by Tan et al. [3].
generally, financial asset prices often have complex There are four distinctions between the work of Tan et al.
characters like nonlinearity, nonstationarity and and the research undertaken here. First, in this research,
heteroskedasticity. These characters make the forecasting a criterion called entropy has been used to determine the
difficult. Here, to deal with these complexities, the original number of decomposition levels, while no criterion was
level of the gold return will be decomposed and then used in Tan’s work. Second, in the current research, a
reconstructed into an approximation and a detail series recursive ARIME-GARCH method was used for the
using wavelet analysis. The approximation series purpose of forecasting in which coefficients and
indicates the main trend of the original series and the regressors were recursively changed and chosen based
detail series shows the noises of the original series. The on a model selection criterion, whereas a simple ARIMA
approximation and detail series will be then independently and a simple GARCH has been used respectively for
forecasted by a recursive ARIMA-GARCH method in forecasting the approximation and the detail series in the
which the parameter estimates are updated recursively in work  of  Tan  et  al.  [3].  The  advantages of this method

chosen recursively based on Akaike's Information
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(recursively changing coefficients and regressors) in the signal to shifted and compressed or stretched forms of the
process of forecasting have been fully explained in wavelet and it shows the match between the signal and
Pesaran and Timmermann [4]. Third, in this research, the analyzing function. The larger the absolute value of
forecasting performance has been assessed from two the number Inn, the more the similarity. To maximize Inn,
aspects of the magnitude of the forecast errors and after choosing a specific wavelet, the wavelet is
directional accuracy and also a statistical test was continuously shifted from the beginning of the signal to
conducted to determine whether or not the forecast errors the end by increasing b. Then, it is stretched by
are statistically reduced, while in the work undertaken by increasing a and again it is shifted from the beginning to
Tan et al. [3], no test were done to check whether or not the end. This process is repeated for all scales in order to
the forecast errors are statistically reduced and also the maximize Inn. It is worth saying that the bigger the scale
forecast errors were not assessed from the aspect of factor a, the more stretched the wavelet and shifting a
directional accuracy, which is more important than the wavelet means delaying its onset. For example, delaying
magnitude of the forecast errors in the financial markets by b is shown by (t–b) (see Mallat [6]).
(see Pesaran and Timmermann [4]). Forth, Tan et al. [3] The calculation of the CWT at every possible scale
worked on forecasting electricity price, while the Gold and position needs a huge amount of work. To reduce the
price was forecasted in this study. Electricity volatility is number of the calculations, only a subset of scales and
less than the volatility of the gold price, making its price positions is chosen. This is exactly the concept of the
forecasting an easy job compared to the Gold price Discrete Wavelet Transform (DWT). An algorithm for
forecasting. Gold is one of the most volatile financial doing this scheme was developed by Mallat [7]. The
assets of the world. DWT is  used to produces two types of coefficients

The remainder of this paper is organized as follows: called cA (approximation coefficients) and cD (detail
section 2 describes the methodology which is used for coefficients). The detail coefficients are small and consist
forecasting gold return. Section 3 presents the empirical of a high-frequency noise, whereas the approximation
results and Section 4 summarizes the article. coefficients contain much less noise compared to the

MATERIALS AND METHODS decomposing the approximation itself to an approximation

It seems what we call “wavelet” is first mentioned by process. This process can be continued indefinitely, but
Alfred Haar in 1909 for the first time. However, the there is a criterion to determine an appropriate number of
concept of wavelets was first stated by Jean Morlet and decomposition levels. This criterion is called entropy,
the team at the Marseille Theoretical Physics Center which should be minimized to give the optimum level.
working under Alex Grossmann in France and it was There are several entropy criteria such as Shannon,
developed by Y. Meyer and his colleagues. For more threshold, energy and etc. In this study, the Shannon
details about the history and the concepts of wavelets see entropy was used (Coifman and Wickerhauser [7]).
Hubbard [5]. After decomposing the original signal to the

There are two major wavelet transforms including coefficients, the coefficients are converted to some series
Continuous Wavelet Transform (CWT) and Discrete which their summation results in the original signal. This
Wavelet Transform (DWT). The CWT uses inner process is called reconstruction and it is undertaken
products to measure the similarity between a signal (time using a method called Inverse Discrete Wavelet
series) and an analyzing function. The analyzing function Transform (IDWT). (Strang and Nguyen [9]). The
is a wavelet and it is denoted by  and the signal is mathematical relation of the reconstruction process is
denoted by f(t). The inner product is described as shown as Equation 2.
Equation 1 with scale parameter a>0 and position
parameter b: (2)

(1)

Where Inn(a, b, (t)) is called the CWT coefficients. It is Figure 1 displays the process of the decomposition of a
a  function  of the values of scale, position and the series. DWT is used to decompose the original series to
wavelet which is chosen for analyzing. It compares the coefficients cA3, cD3, cD2 and cD1; and IDWT is used to

original signal. This decomposition can be continued by

and a detail and so on. Figure 1 graphically shows this

Where  Inn(a, b, (t))  is  obtained  from  Equation 1.
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Fig. 1: The process of the decomposition of a signal criterion appears to be a more important than the former.

convert the coefficients to series A3, D3, D2 and D1 models are statistically equal, a F-statistic is usually used,
respectively. The summation of these series is then
computed  to  obtain  the original signal (i.e. Original
signal = A3+D3+D2+D1). In here, for instance, A3 is
called third-level approximation and D3 is called third-level
detail and so on.

After finding the approximation and the details, they
are all independently forecasted using an appropriate
forecasting model. The forecasted values are all then
added together to get the forecasted value of the original
series. For forecasting the approximation series and each
detail series, we used a recursive ARIMA-GARCH in
which the parameter estimates were updated recursively
in light of new observations and also its regressors were
chosen recursively based on Akaike's Information
Criterion [10] regarding statistical significance of all
coefficients. The ARIMA model is widely used in
forecasting time series’. It is generalization of a simple
autoregressive model (AR) that uses three tools for
modeling serial correlation in the time series under
consideration. The first tool is an AR term; the second
tool is an integration order term; and the last tool is a
moving average term (MA) (see Hamilton [11] for more
details). It is possible to use an ARIMA model for
forecasting, but in an ARIMA model, it is assumed that
the error of the model includes zero mean and constant
variance. However, financial time series’ are usually
highly  volatile,  so  the  assumptions  are not often met.
To deal with this problem, financial economists suggest
the application of a generalized autoregressive conditional
heteroskedastic model (GARCH). This is the reason why
a combination of ARIMA and GARCH models was used
in this study (see Enders [12] for more details about
GARCH models).

To compare the forecasting performance of the
concerned methods, two criteria were used. Mean Square
Prediction Error (MSPE) and another criterion whose
focus is on the correct forecast of the direction of change
in the variable under consideration. The latter criterion is
computed as follows, first, a series is made that takes the
value of unity if the direction of change in the log price is
forecasted correctly and zero otherwise. Then the number
of times that the direction is correctly forecasted is
divided by the total number of the forecasts. In financial
markets, directional accuracy is more important than the
magnitude of the forecast errors. Because, investors
usually are interested in forecasting the sign of return not
necessarily the magnitude of the return, so the latter

To test whether or not the MSPEs of two forecasting

which is calculated like . If

the two MSPEs of two models are equal, the value of F
will be one and there is not a meaningful difference
between the forecasting performances of the models. This
test needs the following assumptions. First, the forecast
errors should have a normal distribution with zero mean.
Second, the forecast errors should be serially
uncorrelated. Third, the errors should be
contemporaneously uncorrelated. However, these
assumptions are rarely met in practice. Clark and West
[13] proposed a procedure which does not require the
assumptions. Let’s denote respectively the forecasts and
the forecast errors of the model without wavelet
decomposition as f  and e  and the forecasts and the1i 1i

forecast errors of the model with wavelet decomposition
as f  and e . Then, a variable like z  is defined as follows:2i 2i i

(3)

Under the null hypothesis of equal MSPEs (the same
forecasting  performance  from the aspect of magnitude),
z  should be zero. To see whether it is zero or not, regressi

it on a constant and check the t-statistic for the constant.
Consider that the test is one-sided. If the constant is not
statistically different from zero, MSPEs will be zero,
implying the MSPEs will be equal.

RESULTS AND DISCUSSION

To show the effect of wavelet decomposition on
forecasting performance, monthly observations on gold
price from  December 31, 1389 to August 31, 2011 (a total
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Table 1: Numerical Results
Forecasting return Proportion of correct signs MSPE T-statistic (Clark-West test)
Without wavelet decomposition 63% 0.00188 5.89 (0.000)
Using wavelet decomposition 86% 0.00034
Note: probability value stated in ()

Fig. 2: Graphical Representation of Results

of 261 months) were used. As already mentioned, we used GARCH model to obtain  and  Finally, the one-step-
a recursive modeling approach to compute one-step-
ahead forecasts of gold returns. Our forecasting model
was a recursive ARIMA-GARCH in which the parameter
estimates were updated recursively in light of new
observations. Also, its regressors were chosen
recursively based on AIC regarding statistical
significance of all coefficients at the 10% significance
level. The first forecast was computed in April 30, 2003
and the observations before this date were used as a
preliminary “training” period for estimation. The number
of forecasts was 100.

For decomposing the return series, we used
Daubechies wavelet of order 3. There are many different
wavelets such as Daubechies, Biorthogonal, Coiflet,
Morlet, Meyer, Haar and etc (Radunovi  [14]). It seems
that Daubechies of order 3 visually matches with gold
returns better than the others. To decide how many levels
the return should be decomposed, the Shannon entropy
criterion was used. The criterion resulted in 1
decomposition level. Therefore, we only built the first- values after wavelet decomposition. It could be, therefore,
level approximation, A1 and the first-level detail, D1.
Then, they were forecasted using the recursive ARIMA-

ahead forecasts of the returns were computed by .
Numerical results were presented in Table 1. As seen,

the directional accuracy of the forecasting model has
increased from 63% to 86% (23% increase), implying a
substantial improvement in forecasting performance.
Moreover, the MSPE has also improved so that its value
was reduced from 0.00188 to 0.00034. This means that the
forecast errors have become 5.5 times smaller. This
significant decrease in the forecast errors was confirmed
using the Clark-West test. As seen in Table 1, the null
hypothesis of equal MSPEs has been rejected at all
conventional levels, so we can strongly claim that MSPE
has decreased. In addition, the forecasted and the actual
values were depicted by the red lines and the black lines
respectively in Figure 2. Panel A of Figure 2 is related to
model 1 (i.e. forecasting the original series) and panel B is
related to model 2 (i.e. forecasting the components of the
original series after decomposition). Figure 2 shows that
the forecasted values have really got closer to the actual

concluded that the application of wavelet decomposition
certainly led to much better forecasts.
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CONCLUSION 4. Pesaran, M.H. and A. Timmermann, 1995.

In this research, gold return was decomposed and economic    significance.  Journal      of    Finance,
then reconstructed using a wavelet transform into some 50: 1201-1228.
series. Then, one-step-ahead forecasts of the series were 5. Hubbard, B.B., 1996. The world according to
computed using a recursive ARIMA-GARCH in which the wavelets, AK Peters, Wellesley. The French original
parameter estimates were updated recursively in light of version is titled Ondes et Ondelettes. La saga d'un
new observations and also its regressors were chosen outil mathématique, Pour la Science.
recursively based on the AIC regarding statistical 6. Mallat, S., 1999. A wavelet tour of signal processing.
significance of all coefficients. The forecasts were then California: Academic Press.
added together to obtain the forecasted values of the 7. Mallat, S., 1989. A theory for multiresolution signal
original returns. Using a separate strategy, the original decomposition: the wavelet representation. IEEE
return was forecasted using the same forecasting model Pattern Anal. and Machine Intell, 11: 674-693.
without any wavelet analysis. Finally, it was shown that 8. Coifman, R.R. and M.V. Wickerhauser, 1992. Entropy-
forecasting using wavelet analysis intensively increased based algorithms for best basis selection. IEEE Trans.
forecasting performance utilizing comparisons undertaken on Inf. Theory, 38: 713-718.
between the directional accuracy of the forecasts, MSPEs 9. Strang, G. and T. Nguyen, 1996. Wavelets and Filter
and a statistical test proposed by Clark and West on the Banks, Wellesley-Cambridge Press: Wellesley, MA.
forecast errors. 10. Akaike, H., 1973. Information theory and the
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