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INTRODUCTION
Basel Committee on Banking Supervision, (1996, 2006) prescribes periodic estimation of the Value at Risk

(VaR) (Morgan, 1996) to be carried out by asset management companies, banking organisations and similar
financial institutions as a mandatory requirement. Many Indian financial institutions currently employ EWMA
based method for VaR estimation (Varma, 1999). Das, Basu, Das (2008) applied the EWMA, GARCH, EGARCH
and GJR-GARCH for volatility estimation towards VaR prediction using recent data from Indian Security Market
and empirically shows that EGARCH outperforms over others. This paper employs data of share index from
Indian stock exchange and explores the relative advantages of stochastic volatility model for VaR estimation,
keeping in mind the widely held (Shephard, 2005) concept that the quality of volatility estimation not only
depends on the mathematical technique used but could also be dependent on country, asset type (specific stock,
portfolio, commodity, derivatives etc.) and other factors. Empirical characterization of techniques from actual
data is therefore considered as a useful activity. Other recent examples of using country-specific market data are
Hagen and Yu (2001), Yu (2002), Ekrem (2004), Fuh and Yang (2007).

Stochastic Volatility Model (SVM), possibly first suggested in Nelson (1988), is a distinctly different approach
from EWMA and ARCH/GARCH models. The relative advantages of SVM approach (as recently reviewed by
Broto and Ruiz (2004) and Shephard (2005) include capability to provide one-step-ahead prediction and to better
accommodate excess kurtosis and leverage effects compared to GARCH. The disadvantage of SVM [ibid] includes
the requirement of simultaneous estimation of states and parameters, and consequent additional computation.

The applicable numerical techniques for this simultaneous estimation of states and parameters as surveyed in
Broto and Ruiz (2004) and Shephard (2005) include the moment matching method (Shephard, 2005), Quasi-
Maximum Likelihood (QML) (Breidt and Carriquiry, 1996), and Monte Carlo simulation based method [Jacquier,
Polson, and Rossi, 1994). More elaborate discussions on the QML method may be obtained in Harvey, Ruiz and
Shephard (1994), Jacquier, Polson and Rossi (1994) and Breidt and Carriquiry (1996). Estimation of stochastic
volatility model parameters using QML technique is usually based on Kalman Filter (KF) (Brown and Hwang,
1997). Kalman Smoothing for stochastic volatility estimation in a state space model for real and simulated situations
are discussed in Jacquier, Polson and Rossi (1994).

Objectives of the research reported herein are two folds: firstly, to investigate the predictive power of the
stochastic volatility model (SVM), for VaR prediction using data from the Indian Market and to detect any country
specificity; secondly, to obtain some benchmark results with which one can compare results from newer parameters
and state estimation techniques (Broto and Ruiz, 2004) now made feasible due to increased computational power
at affordable cost. Towards the above objectives, this paper specifically investigates the efficacy of the SVM for
VaR prediction using data from Indian security indices. The QML method has been used for obtaining the parameters
of the SVM, whereas the KF has been used for state estimation, leading to the VaR estimation. The VaR estimates
are back tested and such results are compared with results obtained through other techniques, namely EWMA and
GARCH based approaches. It is to be noted that the efficacy of the model and techniques are compared through
backtesting the empirical VaR estimates instead of statistical test of significance.

The rest of the paper is organised as follows. The next section briefly states the steps involved in the QML-KF
based SVM analysis and VaR estimation. The third section presents the performance of the above SVM method
using data from the Indian stock market and compares the same obtained with EWMA and GARCH approaches.
The final section summarizes the conclusions.
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Table 2: Computing Percentage Violations Using Different Methods (Backtesting last one year
(250 days) return with Gaussian residuals)

Name of Indices EWMA GARCH (1,1) EGARCH (1,1) SVM-QML- KF

BANK NIFTY 5.2 2.4 2.8 3.6

CNX 100 4.8 2.8 3.2 3.6

CNX IT 3.6 2.4 1.6 2.4

CNX MIDCAP 4.8 3.2 3.6 4.4

CNX NIFTY JUNIOR 5.2 2.8 3.6 4.8

NIFTY MIDCAP 50 4.4 3.2 3.2 4.4

S & P CNX 500 4.8 3.2 3.2 3.6

S&P CNX DEFTY 4.8 3.2 3.2 4.4

S&P CNX NIFTY 4.8 2.8 2.8 4.8

SENSEX 3.2 2.8 3.2 1.6

Efficacy of VaR Estimation: Table 2 shows and compares the VaR estimation efficacy of four techniques
namely EWMA, GARCH, EGARCH and SVM-QML-KF for different market indices. It seems SVM-QML-KF
method outperforms the EWMA method which is the recommended method for Indian Exchanges (Varma, 1999).
However, the violation wise GARCH/EGARCH are generally superior (except for the Sensex) to the SVM-
QML-KF method.

CROSS-PARAMETER VaR ESTIMATION
Table 3: Computing Percentage Violations Using Cross Parameters SVM-QML-KF [Backtesting last one

year (250 days) return with Gaussian residuals]

Name of Indices Same Duration 500 10 years Nifty 10 Years
Sensex Data Simulation Data Sensex Data

BANK NIFTY 4.4 3.6 4.0 4.4

CNX 100 3.6 3.6 4.4 4.8

CNX IT 2.8 2.4 3.6 4.0

CNX MIDCAP 4.0 4.0 4.8 4.8

CNX NIFTY JUNIOR 4.8 4.0 4.4 4.4

NIFTY MIDCAP 50 4.0 3.6 4.8 4.4

S&P CNX 500 3.6 3.2 4.0 4.0

S & P CNX DEFTY 4.0 4.0 5.2 4.4

S&P CNX NIFTY 4.8 4.0 4.8 5.2

SENSEX 1.6 0.8 1.6 2

Table 3 presents the percentage violations of VaR estimates by SVM with parameters estimated with data from
different sources given as column headings. The results show that cross parameter VaR estimates do not help
much except for the Sensex. This is indicated by the percentage violations in the green zone for column 2 and 4
and near to that zone for Sensex in a traffic light approach.

CONCLUSION
Stochastic volatility model for VaR prediction has been applied to major share indices in the Indian Market.

The Quasi-Maximum Likelihood method with embedded Kalman Filtering has been used to identify the model
parameters. Though the QML-KF is an approximate method, the predictive power of the method is quite close to
that obtained from established methods like EWMA, GARCH (1, 1) and EGARCH, as evident from the back
testing performance. Granted that EGARCH or even GARCH(1,1) results are noticeably superior to that obtained
from QML-KF, the QML-KF results are better than that obtained from EWMA, for VaR prediction (but marginally
so, as NIFTY and Sensex provide contradictory performance). EGARCH, as in our earlier studies, remain the
overall best performer. This provides an impetus to carry out further work using the SV method.

(Contd. on page 53)
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now see India as an “investment destination”. Real estate and equity markets are the principal areas of their
interest. These sectors, restricted to NRIs in the past, are experiencing a boom. Real estate experts believe that in
Delhi, 20 percent of all properties worth over one crore were bought or funded by NRIs. Even second generation
Indians are buying property in India. The new found interest in the real estate and equity markets is another
explanation for increase in local withdrawals in RBI’s remittances figures. NRIs may have finally become
“investors” rather than saver.

CONCLUSION
India has clearly achieved a large sustained level of remittances. Policy initiatives by the government and

banking institutions have achieved significant results. First, most remittances flow through formal channels.
Second, an increasing number of remitters have moved from pure savers to investors. The Indian policy regime
has demonstrated its ability to attract NRI capital through NRI deposit accounts and successive bond issues. The
challenge is to channel some of these flows for socio-economic development. If the government and the banking
community are strategic, they could offer higher rates of return on remittance receipts placed in specified assets in
the domestic capital market. Investing in microfinance operations would be a good place to start, given their
success in India. The government could issue bonds targeted for infrastructure development or for investments in
health and education sectors. The Indian diaspora has proven responsive to incentives. Offering investment options
that are tied to development goals could be a winning strategy.
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Use of multitude of market indices and parameter estimation for SVM also provided some glimpse of insight
into the Indian security market. Sensex and NIFTY being the two leading (and competing) indices with substantially
dominating capitalization, one would expect that the SVM parameters would be comparable. The results obtained
do not support this assumption. In fact, the bias parameter α for the two indices showed wide variation. Though
it is generally recommended to use about 2 to 5 years market data to obtain the SVM parameters, the same for 2
years and 10 years in case of Sensex were found to be noticeably different. In this respect, NIFTY parameters for
2 years and 10 years have been rather consistent. Variations of parameters across the indices generally discourage
application of parameters for one index to be applied for VaR prediction of the others. However, such an exercise
did not create any catastrophically wrong prediction as indicated in Table 3. This may be an indicator that the VaR
predictor may not be very sensitive to the bias parameter α. Work is continuing to analyse whether the SVM
approach brings out significant information regarding country and index specificity.
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