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Forecasting volatiletime-series data through Stochasticvolatility model
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ABSTRACT

Forecasting of volatile data is generally carried out using Generalized autoregressive conditional heteroscedastic
(GARCH) model.However, there are some limitations of this methodology, such as its inability to capture empirical
properties observed in time-series data. Further, the GARCH assumption that volatility is driven by past observable
variables only sometimes becomes a constraint. Accordingly, in this paper, a promising methodology of Stochasticvolatility
(SV) model, in which the time-varying variance is not restricted to follow a deterministic process, is considered.The
estimation of parameters of this model is carried out using a powerful technique of Kalman filter (KF) in conjunction with
Quasi-maximum likelihood (QML) method.As an illustration, volatile dataset of Month-wise total exports of fruits and
vegetables seeds from India during the period April 2004 to January 2012 are considered. It is concluded that SV model
performs quite well for modelling as well as forecasting of the volatile data under consideration.
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In agriculture, data are usually collected over time. In
the early stages of time-series analysis, main interest was to
find a model which could explain effectively the mean
behaviour of data (Box et al. 2008). Subsequently, concerns
about volatility or variance in the data have been raised
because changes or patterns in volatility are observed in real
data. As emphasized by Jaffee (2005), volatility seems to be
the norm rather than exception in international markets for
agricultural commodities due to structure of trade, climatic
conditions, and rapidity with which producers can respond to
price changes. The exports of many agricultural commodities
show a great degree of fluctuations, caused by delays between
production decisions and delivery to the market. Deo et al.
(2008) empirically examined the implied volatility function
for selected individual equity call options from Indian Stock
Market. The authors also evaluated the implied volatilities of
in-the-money option which were higher than implied volatility
of out-of-the-money option. Bauwens et al. (2012) have
given an excellent description of various aspects of volatility
models and their applications.

A huge amount of fruits and vegetables seeds are exported
from India worldwide. The capital gained from export of
seeds fluctuates due to various reasons, like variable market
prices, production, time lags between production decisions
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and delivery to the market, and area under seed production.
Moreover, in India, exports are allowed only after domestic
requirements are met, which is also a cause of severe
fluctuations leading to volatility in exports. Efficient
forecasting of such volatile datasets is useful not only to the
exporters, but to the policy makers also. For some periods of
time, data may experience small variances while for other
periods of time, these may show large variances. Hence, it is
not reasonable to assume that data have a constant variance
as in the classical time-series analysis. Furthermore, if it is
possible to predict future variance, it would be very useful to
control the risk.

To handle this changing conditional variance, Engle
(1982) in a path-breaking research work, put forward the
Autoregressive conditional heteroscedastic (ARCH) families
of parametric nonlinear time-series models. However,
conditional variance of ARCH model has the property that
unconditional autocorrelation function (acf) of squared
residuals, if it exists, decays very rapidly, unless the maximum
lag is large. To overcome this limitation, Bollerslev (1986)
proposed the Generalized ARCH (GARCH) model, in which
unconditional acf of squared residuals has slow decay rate,
giving a more parsimonious model of the conditional variance.
However, GARCH model cannot capture in an appropriate
way the main empirical properties, like high skewness and
kurtosis, which are often observed involatile time-series data.
Moreover, the GARCH assumption that volatility is driven
by past observable variables only can become a constraint.
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Consequently, Stochastic volatility (SV) parametric nonlinear
time-series model, to describe time-varying volatility, was
proposed by Taylor (1994). Here, variance is an unobserved
component following a particular stochastic process, and not
restricted to follow a deterministic process. This way, SV
model is more attractive and closer to the empirical properties
observed in realtime-series data. Although its estimation is
more complicated because volatility cannot be observed one-
step ahead, it gives parsimonious models. Jordi and Josep
(2012) applied a maximum likelihood method to study the
performance in terms of log-price probability, volatility
probability, and its mean first-passage time.

In this paper, SV model and procedure for estimation of
its parameters using Kalman filter (KF) is discussed. Finally,
the methodology is illustrated using All-India monthly fruits
and vegetables seeds export time-series data.

MATERIALS AND METHODS
The SV model, proposed by Taylor (1994), is given by
t=1,2,...,T, (1)

where y, = Bx,_;, X, being the observations, B is AR(1)
coefficient, . is scale parameter and € is a white noise
process with unit variance. The corresponding volatility 67 is
defined as h, = log (o7), which follows an AR(1) process
given by

Yu1 = Oh + M, M, ~ 1D (0, 63), lol < 1 (2)

Where Gzn is variance of the log-volatility process. Eq (1) can
be written in linear state space form as

Y¢ = 0:£0,

log (y*) = log(c?) + h, + log(€?) .(3)

Estimation of parameters of SV model can be carried
out through the promising and powerful technique of Kalman
filtering (KF). The KF is a set of mathematical equations that
provides an efficient and powerful computational (recursive)
means to estimate the state of a process in a way that
minimizes the Mean squared error. It can be applied to any
time-series model which can be written in ‘“state space”
form. A State space model includes two classes of variables,
the state variable and the observation variable, which are
modelled as:

o, = Fo, + Gg

(4
(5

Kalman filter is applied recursively through time to
construct forecasts and forecast variances. Each step of the
process allows the next observation to be forecast based on
previous observation and forecast of previous observation
(Durbin and Koopman 2001).

The parameters of SV model can be estimated using KF
technique in conjunction with Quasi-maximum likelihood
(QML) principle. The QML estimator is based on linearizing
SV model by taking logarithms of squares of the observations
and maximizing Gaussian log-likelihood function even if

yo=Ho +V,
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assumption of normality is violated (Harvey et al. 1994).
Andersen et al. (2001) also showed that the log-volatility
process can be well approximated by normal distribution. A
good description of various aspects of Kalman filter is
provided by McMillan et al. (2013).

RESULTS AND DISCUSSION

As an illustration, Month-wise total exports of fruits and
vegetables seeds from India during the period April 2004 to
January 2012 available at the website of Indiastat (www.
indiastat. com) are considered. Out of total 94 data points,
first 84 data points corresponding to the period April 2004 to
March 2011 are used for model building and remaining 10
data points, i.e. from April 2011 to January 2012 are used for
validation purpose. A perusal of data indicates presence of
volatility at several time-epochs.

In the first instance, ARIMA model is fitted to the data
using EViews, Ver. 4 software package. On the basis of
minimum Akaike information criterion (AIC) and Bayesian
information criterion (BIC) values, ARIMA (2, 1, 0) model
is selected and the results are reported in Table 1. However,
autocorrelation functions (acfs) of squared residuals of fitted
ARIMA (2, 1, 0) model reveal that the acfat lag 12 is 0. 29,
which is quite high. Consequently, ARCH-LM test is applied
to the squared residuals to test for autocorrelation. The test
statistic is calculated as 2.82, which is found to be significant
at 5% level, indicating presence of volatility in the data.

The SV model given in Eqgs (1) and (2) is first represented
in state space form. Then, the KF is applied to obtain the
volatility as state at each time epoch. The parameters are
now estimated by maximizing the “Prediction error” form of
the likelihood, which was derived using Eqs (4) and (5) of
KF. Subsequently, SV model is fitted to the data to capture
the volatility using MATLAB, Ver. 7. 2 software package,
yielding

log(y?) = 4.01 + h, + log (€3), h,,, = 0.97h, + N,
B = 0.30, and Gzn =0.01,
(0.35) (0.05)
where the entries within brackets () indicate corresponding
standard errors. Since estimate of @, viz. 0. 97 is near to unity
and estimate of Gzn, viz. 0. 01 is near to zero, therefore there
is presence of high persistence of shocks to volatility.

Further, to study appropriateness of the fitted SV model,
acfs of standardized residuals and squared standardized
residuals are computed. It is found that, in both situations,
acfs are not significant at 5% level, thereby confirming that
mean and variance equations are correctly specified. The

Table 1 Estimates of parameters along with their standard errors
Parameter Estimate Standard error
Intercept 0.24 0.09

ARI1 -0.41 0.11

AR2 -0.24 0.11
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graph of fitted SV model along with data is exhibited in
Fig 1, which indicates that fitted SV model is able to capture
volatilities present in the data satisfactorily.

Forecasting performance

Forecasting performance for 10 months corresponding
to All-India data of monthly export of fruits and vegetables
seeds from April 2011 to January 2012 as hold-out-data is
studied. One-step ahead forecasts are computed and the
same are reported in Table 2. The entries within brackets ()
indicate corresponding standard errors. It may be pointed out
that the realistic feature of varying standard errors for forecasts
cannot be captured through ARIMA methodology in view of
the assumption of homoscedasticity of error terms. A perusal
of Table 2 shows that forecast values obtained by SV model
are much closer to actual values than those obtained by
ARIMA model. Further, for the months of June, August, and

Table 2 One-step ahead forecasts (in Crore )

Months Actual Forecast using  Forecast using
Sv ARIMA
April 2011 18.31 16.94 (4.24) 16.64(4.20)
May 2011 20.38 18.84 (4.11) 18.54(4.20)
June 2011 23.19 21.45 (3.98) 18.32(4.20)
July 2011 25.71 23.77 (4.06) 21. 77(4.20)
August 2011 18.55 19.70 (4.84) 24.23(4.20)
September 2011  18.90 19.36 (3.97) 21.11(4.20)
October 2011 23.81 22.01 (4.03) 20.70(4.20)
November 2011  12.15 13.78 (4.27) 21.94(4.20)
December 2011  20.41 18.37 (4.94) 15.98(4.20)
January 2012 24.01 22.20 (4.79) 20.05(4.20)
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November, actual values lie outside the one standard error of
the forecast values obtained through ARIMA methodology.
In contrast to this, all actual values lie within one standard
error of corresponding forecast values obtained by SV
methodology. Performance of one-step ahead forecasts is
assessed on the basis of Mean absolute prediction error
(MAPE), Mean square prediction error (MSPE), and Relative
mean absolute prediction error (RMAPE) criteria. These
values for fitted ARIMA and SV models are computed and
reported in Table 3. Evidently, lower values of all the criteria

throughout reflect the superiority of SV model over ARIMA
model.

Table 3 Performance of one-step ahead forecasts

Criterion SV Model ARIMA Model
MAPE 1.55 4. 15
MSPE 2.58 22.35
RMAPE 7.71 22. 87

To sum up, for the data under consideration, SV model
is found to be reasonably good for modelling as well as
forecasting purposes. The volatilities in the time-series data
for fruits and vegetables seeds may be due to fluctuating
patterns in the world economy and may also be attributed to
the fact that there are fluctuations in the demand from many
importing countries. It is hoped that agricultural scientists
would start employing SV methodology rather than the usual
ARIMA methodology for modelling and forecasting of their
volatile datasets.
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