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Abstract

The aim of this paper is to compare the performance of VaR among
Nations. This paper employs the method proposed by Diebold,
Schuermann, and Stroughair (1998) and McNeil and Frey (2000) in
order to filter the return data to obtain i.i.d residuals by fitting ARMA-
GARCH models.The model that shows the lowest percentage failure
rate in VaR in out-of-sample period is identified as the best GARCH
model to estimate VaR. The conditional and unconditional coverage
tests are conducted to assess the adequacy of VaR estimates.Persistent
I-GARCH-t models give the best VaR estimates in developing nations
while asymmetric e-GARCH-t models yield the best VaR estimates for
developed nations.

Keywords— Variances, Value at Risk, Market Risk, Indices, GARCH
Models

Paper type—ResearchPaper

Introduction

Riskis defined as an uncertainty which may lead to losses (Holton,
2004). The risk in business can be divided into two broad categories:
systematic and unsystematic risks. Unsystematic risks are easy to be
estimated, but systematic risks are difficult to be estimated (Beja,
1972; Nandha and Hammoudetr, 2007). There are various methods
which are applied to estimate the systematic risks, e.g., standard
deviation, beta. Value at Risk (VaR) is one such method to estimate
systematic risk or to be precise, to estimate market risk. VaR can be
used for estimating market risk present in individual assets, portfolio,
or in any other security (Linsmeier and Pearson, 2000). VaR, over the
period, became a favorite tool to measure market risk, even for banks
(Berkowitz and O'brien, 2002; Dimson and Marsh 1995, Aloui and
Hamid 2015; Chong, 2004). Earlier, Basel Accord [1]was heavily
criticized for not addressing market risk in its fold. However, in 2009,
after much deliberation, VaR became part of Basel Il norms to measure
the market risk.

Along with popularity, VaR was also widely critiqued. The most
prominent criticism which VaR faces is on the methodology part to
estimate VaR (Bekiros and Georgoutsos, 2005; Hung, Lee and Liu,
2008). Methods of VaR measurement can be divided into two broad
categories: parametric and non-parametric methods. Brook and
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Persand (2002) endorse this division and classify all the
methods of estimating VaR into these two categories.
Parametric methods (Variance-covariance, GARCH based
methods,etc.) use return distribution to calculate VaR
whereas non-parametric methods (Historical simulation,
Extreme value theory,etc.) do not involve return
distribution.

There are many studies published that explore the best
method to capture VaR. There are many comparisons made
between parametric and non-parametric methods. Most of
them are in favor of parametric methods (Engle and
Manganelli, 2001; Ghorbel and Souilmi, 2014; Vlaar,
2000). Also, there are numerous studieswhich have
profusely compared various parametric models and found
that GARCH models are placed above non-GARCH
models for the estimation of VaR (Orhan and Koksal 2012).
In addition to this,several studies compare historical
volatility and implied volatility methods to estimate VaR
(Bams, Blanchard and Lehnert, 2017).

Literature is also replete with comparing different GARCH
models (within parametric models) to estimate VaR, but
there is no unanimity for the best GARCH method. The
other studies also share the similar results (Aloui and
Hamida, 2015; Mabrouk and Aloui, 2010; Degiannakis,
Floros and Dent, 2013; Obi, Sil and Choi, 2010; Shao, Lian,
and Yin, 2009). Presecsu and Stancu (2011) argue that
plain-vanilla. GARCH (1,1) model is superior to other
GARCH models. So and Yu (2006) also find evidence for
IGARCH (Integrated GARCH Models) and FIGARCH
(Fractionally Integrated GARCH) models to be better than
other GARCH models.

Among GARCH-based parametric models (to estimate
VaR), it was observed that different studies support
different GARCH models. All the studies have been done
on different indices (of different nations) and at different
time periods. Stock indices in different nations have a
different level of market efficiency and maturity. This
difference may be more severe between developed and
developing economies (Aitken and Siow, 2003; Chan,
Gupand Pan, 1997). Due to this reason, stock-indices of
different nations may require different GARCH models to
estimate VaR. This observation is the research problem of
this paper. This study addresses the problem of explaining
the variation in the choice of a GARCH model to estimate
VaR. Thus, the current study has the following objectives:

08

1.To explore the reason(s) for variation in the selection of
different GARCH models to estimate VaR among
Nations/indices.

2.To identify better GARCH models to estimate VaR

To compare GARCH models between developing and
developed nations to estimate VaR

This paper has been divided into seven sections. The next
section is on review of literature. The third section presents
the theoretical framework of the paper. The fourth section
elaboratesthe data and methodology. The fifth section
shares the empirical results of the study. The sixth section
of the paper discusses the results of the paper followed by
conclusion and policy implication in the last section.

Review of literature

Literature review in this paper has been divided into four
categories. The first category is for the acceptability and
popularity of VaR as a tool to measure market risk. The
second category provides the evidence of criticism of VaR.
The third category is on the evidence of the theory that
Nations require different GARCH models to estimate VaR.
Fourth and the last category is on the evidence of the
requirement of different GARCH models to estimate VaR
for developing and developed nations.

Popularity of VaR

The financial turmoil of 1987 was a turning point in the
history of stock markets across the world. The turning point
gave a considerable flip to the clamors for a new tool to
measure market risk more effectively.  Academia,
researchers, and industry all felt the need for a new tool to
measure market risk which would be feasible, easy to
calculate and acceptable. Eventually, in 1994, JP Morgon
formally proposed Value at Risk (VaR) as a market risk
measurement tool to fill the gap. Since then, VaR has been
available to the world for its use, and its popularity has had
no bound.VaR as a market risk measurement tool is quite
popular not only in the stock market but also in the
exchange rate market (Brooks and Persand, 2003;
Angelovska, 2013). Lechner and Ovaert (2010) posit that
VaR isan accessible and acceptable risk management tool
among its contemporaries. Linsmeier and Pearson (1996)
and Dowd (2007) highlight a few characteristics behind the
popularity of VaR as a market risk measurement tool. First,
it is a common and a consistent measure of risk across all
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the asset classes of investments. Second, it takes different
risk factors into consideration even if they cancel each
other. Sharma, Sharma,and Alade (2004) also document
different reasons for VaR's popularity: 1) acceptance of
VaR due to Basel Accord; 2) integration of the markets in
the world where VaR fits in better than other models; and
3)advancements in Information and communication
technology (ICT).

Criticism of VaR

VaR has its share of criticism as well. VaR was criticized by
Hoppe (1999) and Taleb & Jorion (1997) because VaR
involves complex mathematics and statistics. Long-term
capital market's (LTCM) downfall was highlighted as an
example of the failure of VaR in measuring market risk in
time (Dungey etal., 2006).

Ghorbel & Souilmi (2014) and Vlaar (2000) strongly
support parametric models of estimating VaR as compared
to non-parametric methods. Even within parametric
methods, Variance-covariance approach (VCV), which
was much popular during those days, did not stand the test
of time. As volatility clustering and asymmetry were
discovered in stock market time-series, VCV lost its
relevance (Karmakar, 2007). McMillan and Kambouroudis
(2009) find evidence that GARCH performs better than
Risk Metric method to estimate VaR (Risk Metric method
was the original method to estimate VaR as JP Morgan used
this method in 1990).

Different nation, different GARCH to estimate VAR

No study exhibits results unilaterally in favor of one type of
GARCH models to estimate VaR. Predescu and Stancu
(2011) explain that symmetric-GARCH models perform
better than non-symmetric models. They used a portfolio of
US, UK and Romanian stock exchanges in their study. So
and Yu (2006) support long-memory and persistent-
GARCH models and do not support the plain-vanilla
GARCH model. So and Yu use 12 world market indices to
find their result. Orhan and Koksal (2012) show result in
favor of the plain-vanilla GARCH (1,1) model and t-
distribution as compared to other GARCH models. Orhan
and Koksal (2012)t use stock-indices of Brazil, Turkey,
US, and Germany. Maghyereh and Al-zoubi (2006) show
that for the Middle-east and African nations conventional
VaR estimation methods give faulty results.
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Hypothesis 1: Suitability of GARCH model to estimate
VaR is dependent upon nation/index

Developed vs. Developing nations and GARCH to
estimate VaR

Aitken and Siow (2003) and Chan, Gup and Pan (1997)
highlight a new line of thinking. They exhibit that the use of
the GARCH model is dependent upon stock market
efficiency and its maturity. This logic highlights that
developing nations and developed nations will naturally
have different choices for GARCH model to estimate VaR.
Orhan and Koksal (2012) take two nations from each
basket of developing and developed nations to estimate
VaR by GARCH models. However, they did not address the
issue of comparing performances of developed versus
developing nation to estimate VaR. Most of the existing
studies on comparing GARCH models for estimating VaR
are done on the indices of developed nations (Aloui and
Hamida, 2015; Angelovska, 2013; Maghyereh and
Awartani, 2012). The issue of comparison between
developed and developing nations have not been addressed
much in the literature referred by the author.

Hypothesis 2: Developing and developed nations require
different GARCH models to estimate VaR.

Theoretical framework

The role of the GARCH model in estimating VaR is limited
to the estimation of variance, which is an important input
variable. This paper uses GARCH based parametric
methods to estimate VaR as proposed by Dowd (1998). The
method used by Dowd to estimate VaR is also used by So
and Yu (2006) and Predescu and Stancu (2011) in their
respective studies.

Dow proposes the following model:
Ifqo isthe o" percentile of In (P/P,_; m=1,2).

t-m?>

Using qa., VaR can be estimated as follows:
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VaRit.m.a) =(1 —e%=)F_,

(WaR at *t,"for m days at |-o confidence level),

Further, expanding Va® (¢, m, o) in equation 1 we ger:

Var(t.m,a) = Fy_, — Fi_mie%)

Equation 1

Equation 2

Assuming a constant “k” which 15 very small;e® = (1 + k); taking m=1 (VaR for 1 day at 1-o confidence

level) equation 2 15 transfommed into equation 3:

Varit. ma)= Py — F_(1+ g.)

Further g, = p = 2,00 ; for p=0, g, AL P

Var(t.m.a) = F_y — F_y(1 — 2500

Using equation 4, VaR can be estimated at anyone of the
confidence levels (or at any level of significance or
probability levels). In the present paper, we have taken two

Equation 3

; by takimg g equation 3, we get:

Equation 4

confidence levels: 1% and 5%. Correspondingly, the value
of z can be taken for both the confidence levels, as
discussed below.

Confidence Levels (o) Lo

1% 2.326
2.5% 1.960
5% 1.645

Other than prices of indices in the equation 4, there are two
input variables: the z values corresponding to each
confidence level and standard deviation. The current paper
takes reference from So and Yu (2006) to use Equation 4 to
estimate VaR. As discussed in the next section (Section
4.2), nine GARCH-based methods have been used in the
current paper to estimate standard deviation. Using all the
nine methods, we get nine different VaR estimate for each
index.

Data and methodology
Data

Data for this paper has been collected through the
following websites of Yahoo (www.in.finance.yahoo.com)
and Investing (www.in.investing.com). Return series have

10

been calculated by taking the natural log of the price series.
The daily closing prices have been taken from January
2010 to November 2015. The period of financial crisis of
2007 has been intentionally excluded in the period of study.
Chong (2004) evinces that the behavior of stock prices
during normal and abnormal periods are not the same. Due
to this reason, we have not taken the irregularperiod of
financial crisis in 2007 to avoid the abnormal periods.

Selection of stock indices

As we want to cater to as many as possible stock exchanges
in our study, we taketen stock indices in this paper.
Literature supports ten stock exchanges as an appropriate
number of stock indices for comparison of GARCH models
(So and Yu, 2006; Presescu and Stancu, 2011; Orhan and
Koksal, 2012). Further, to compare the performance of
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developing and developed nations, we take five stock
indices from each group. Literature is replete with the
examples of developing and developed nations. The same
references are appliedto the selection of developing and
developed nations in this paper (Nielsen, 2011; World
Economic Situation and Prospects, 2016).

BRICS in itself is a representative of developing nations
(Wilson and Purushothaman, 2003; O'Niel and Poddar,
2008). Therefore, all the five nations of BRICS have been
considered for representing developing nations in this
paper. Following five developed nations are shortlisted in
this paper for further analysis by using market efficiency as
a criterion:the USA, the UK, Japan, Canada and South
Korea (Mensi, 2012; Phan and Zhou 2014; Aitken and
Siow, 2003; Lim 2007) (Table 1).

Stock exchanges in different nations work on different
timelines. Therefore, data cleaning is essential. After data
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cleaning and bringing parity on dates, 1442 observations
are finally considered for further analysis. All the return
series are stationary at the level which is appropriate for
further analysis. Among the ten indices, RTSI (Russia) and
IBOVESPA (Brazil) give negative mean-return. Lowest
return i.e. maximum loss is for Nikkei (Japan) and South
Africa in developing nations. The maximum return is for
South Africa whereas it is Nikkei (Japan). Volatility
measured by daily standard deviation is the least for
Canada and lowest for BSE Sensex (India) in developing
nations. All the ten indices have negative skewness,and
RTSI has the highestkurtosis overall and Nikkei (Japan) in
developed countries. None of the return series is normally
distributed although presence of ARCH effect and
dependence is observed. (Table 2).

Tablel: Name of Nations and Indices used

SN Index

Name of the Nation

Developing Nations

1 BSE Sensex India

2 SSE Composite China

3 IBOVESPA Brazil

4 RTSI Russia

5 JDALS South Africa
Developed Nations

1 Dow Jones Industrial Average  US

2 FTSE 100 UK

3 Nikkei 225 Japan

4 S&P/TSE Composite Canada

5 KOSPI Composite South Korea

Notes: The selection of developing nations has been done with the

ready set of BRICS. The same logic has not been applied on the

selection of developed nations.
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Methodology
Selection of GARCH Models

Nine types of GARCH models have been selected for the
comparative analysis of the performance of VaR. Stock
indices have the following properties which differentiate
them from the other type of time series: fat tails
(leptokurtic), leverage effect or asymmetry, volatility
clustering, non-normalcy in the error distribution and long
memory in the variances. Different GARCH models
overcome these short-comings differently.

In-spite-of the considerable acceptance of GARCH-
methods to estimate VaR, unanimity for one particular type
of GARCH model, is never realized. GARCH family of
models can be clubbed into five clusters: long-memory
models, asymmetric models, persistent models, volatility
clustering models and fat-tailed models (Degiannakis,
2004; Kasman 2009). Moreover, each GARCH model can
further be divided by the density function of error
distribution: Normal distribution (Gaussian distribution)
and Non-normal distribution (Student's-distribution).

The proposed nine models are EWMA (Exponential
Weighted Moving Average), GARCH (1,1), IGARCH,
CGARCH, EGARCH. The latter four models are further
divided into two on the basis of density function of error
distribution as discussed in the above paragraph.
Therefore, altogether nine GARCH models are used for the
analysis.

The natural candidate for non-parametric VaR modeling is
EVT (Extreme Value Theorem), however it is
inappropriate in the light of the i.i.d. assumption of the
returns data. Alternatively, one may apply an EVT on an
appropriately filtered data using GARCH models that yield
i.i.d. residuals. Diebold, Schuermann, and Stroughair
(1998) propose such a method for fitting time-varying
model on the data and then estimating i.i.d. residuals
enabling to apply EVT on these residuals. A specialized
case of above method is tested by McNeil and Frey (2000)
by filtering the data using Gaussian AR (1)-GARCH (1, 1).
This paper first identifies the suitable ARMA model based
on the lowest AIC criterion and then fits the GARCH (1,1)
model to the returns data, to test if residuals are i.1.d. If the
residuals are i.i.d., the model output is used for further
analysis.

The two-step process employed in this paper is as follows:

Estimate an appropriate ARMA-GARCH model so as to
havei.i.d. residuals

Apply EVT theory to the residuals obtained as above in
order to derive VaR estimates

12

Data Analysis Methods

Logreturns are tested for the presence of autocorrelation by
visualizing the ACF, PACF plots and are tested for
independence using Ljung-Box Q-statistic. If
autocorrelation and/or dependence in the series is found, a
suitable ARMA model is identified to make the series
serially uncorrelated. The presence of autocorrelation is
visualized by ACF and PACF plots. The independence is
tested by using Ljung-Box Q-statistic. The presence of
ARCH effect is tested using Engle's ARCH test. [f ARCH
effect is present in the series, a suitable GARCH model is
identified.

The data is filtered with an appropriate ARMA and Risk
Metrics, GARCH, e-GARCH, ¢-GARCH, I-GARCH
models under the assumption of Gaussian normal, and
Student t-distribution of residuals. (Readers are referred to
Kuester, Mitinik and Paolella (2006) for comprehensive
reading on the comparison of alternative strategies in
predicating VaR.). The standardized residuals and squared
standardized residuals of the above AR (1)-GARCH (1, 1)
models are tested for independence using weighted Ljung-
Box testand ARCH-LM test to test whether ARCH effect is
present in the residuals.

Further, the fitted models are used to forecast 1-day ahead
forecast for 300 out-of-sample observations and to derive
estimates of VaR at different confidence levels of 1%, 2.5%
and 5%. The estimates of VaR generated as above are
backtested for its adequacy using Kupiec (1995) for
unconditional coverage and Christoffersen (1998) for
unconditional coverage. The GARCH model that passes
both the unconditional and coverage tests and have the
lowest failure rate in VaR is identified as the best model for
the given data series (Zikovic, 2007).

Empirical results

Log returns series of all the developing and developed
nation in this study have negative skews and positive
kurtosis indicating that all the series have large negative
returns occurring more often. The normality tests confirm
that none of the series are normally distributed. Test results
on all the ten return series in this study found that log
returns are not auto-correlated and are independent. On the
other hand, the squared return series are serially correlated
and ARCH effect is indicated by the tests. Therefore,
GARCH models, both symmetric and asymmetric are fit on
the return series to remove the presence of
heteroscedasticity (Zikovic, 2007).

This study employs conditional EVT, also called GARCH-
EVT developed by Diebold, Schuermann, and Stroughair
(1998) and McNeil and Frey (2000). In the first step,
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GARCH models are employed to obtain independent and
identically distributed residuals and in the second step
standardized residuals are fitted using EVT framework.
This method combines the time-varying volatility
identified by GARCH models with the extreme value
performance. As outlined in the methodology section,
GARCH models are fit to the log-return series and its
residuals are found to be i.i.d. validating the requirement
before the EVT is applied on the data.

Dynamic Backtesting:After validating the GARCH
models, daily VaR are estimated based on 300 one-day
ahead forecasts at 95%, 97.5% and 99% confidence level.
All the three levels are used for out-of-sample backtesting
of VaR in line with the Basel Il Backtesting requirements.

Out-of-sample backtesting: A one-day ahead VaR
estimates are made at 95%, 97.5% and 99% confidence
level based on a rolling window forecasts for a given
country. The exceedance ratio of the actual number of
violations (exceedances) and total number of observations
is used to assess the performance of each model. The
performance of the models is tested using unconditional
coverage test (Kupiec 1995) and conditional coverage
(Christoffersen, 1998) tests and are summarized in Table 2
for 1%, 2.5% and 5% confidence levels for developing
countries and in Table 3 for developed countries.

The null hypothesis under Kupiec test requires that
expected exceedances are equal to actual exceedances. The
null hypothesis under Christoffersen test requires
additional condition of independence of failures
(exceedances) over the time period i.e. the actual
exceedances are not only equal to the expected
exceedances but also are independent of each other. In
order to validate the model, the test should not reject the
null hypothesis in both the tests.

Results of the analysis are reported in three steps. The
firststep is on the comparative analysis of GARCH models
for estimating VaR. In this step, the emphasis is upon the
performance of GARCH models to estimate VaR across ten
nations and three confidence levels.

The least percentage failure rate is for F[GARCH model
(0.3) whereas maximum percentage failure rate is of RM
model (12). As discussed earlier, the lesser the percent
failure rate, the better the performance. The results
mentioned in Table 2 and Table 3 and summarized Table
4imply that RM, c¢c-GARCH, c¢c-GARCH-t, GARCH,
GARCH-t had inferior results than the remaining four
models (I-GARCH, i-GRACH-t, e-GARCH, e-GARCH-t)
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in estimating VaR.

Results from Table 2 indicate that for BSE Sensex (India)
data two models e-GARCH and I-GARCH pass the
necessary tests but e-GARCH performs better at 1% and
5%. For SSE Composite (China) only -GARCH-t passes
both the tests. All models pass the coverage tests for
IBOVESPA (Brazil) but the best model is [-GARCH-t.
RTSI (Russia) index is best captured through -GARCH-t
although all other models pass the coverage tests. For
JDALS, I-GARCH-t model performs the best after passing
both the coverage tests. Overall, for developing countries I-
GARCH-tmodel gives the best results.

Results from Table 3 indicate that for US data, the best
models that describe the VaR correctly are e-GARCH and
e-GARCH-t. No models other than e-GARCH-t gives
better results for FTSE 100 (UK) data at 1% and 5%. For
Nikkei 225 data, e-GARCH-t model give better results for
1% and 5% whereas it is [-GARCH-t at 2.5% level. TSE
Composite index (Canada) show better results under e-
GARCH and e-GARCH-t models for 1% and 5% levels
respectively. In the case of South Korea the best results are
reported by e-GARCH-t for 1% level and e-GARCH for
2.5% and 5% level. Overall, the better results are provided
by e-GARCH-t models.

The second step of the result is based upon the performance
of VaR for of all the three confidence levels. It has been
reported that 1% probability levels give better results than
the other two confidence levels. In case of developing
nations' case, the minimum and maximum values of the
percentage failure at 1% are 0.3 and 2, respectively. The
similar minimum and maximum values of the percentage
failure at 2.5% confidence levels are 2 and 4 respectively.
At 5% confidence level, minimum and maximum values of
the percentage failure are 3.7 and 7 respectively. This
highlights that the results for VaR at 1% confidence level
are better than the performance at 2.5% and 5%. The same
results have been found for developed nations as well and
for all the nine GARCH models (Table 4).
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The third step of the results is on the comparison of
developing and developed nations (Table 4).

For developing nations, the lowest percentage failure rates
are 0.3, 2, 3.7 and highest percentage failure rates are 2,4, 7
for 1, 2.5 and 5% levels respectively. It is reported that the
indices of BRICS nations have shown better performance
than their developed counterparts. For developing nations
(BRICS), the minimum percentage failure rate is 0.3, the
maximum rate is 7. The similar values for developed
nations are 1, and 8 respectively. These results exhibit
strong evidence that failure rates for indices of developing
nations are less than developed nations. These results imply
that VaR estimates for developing nations have better
results as compared to developed nations. This result of the
superiority of performance (lower failure rate) by
developing nations as compared to developed nations is
same across all the three confidence levels and all the nine
GARCH family of models (Table 2 and 3).

Moreover, this paper conducts following tests for
robustness of the results: 1) log likelihood ratio; 2) Ljung-
Box test for serial autocorrelation; 3) ARCH-LM test for
autocorrelation; 4) Nyblom stability test for variance, and
5) adjusted Pearson goodness-fit test for theory versus
empirical estimates. Except for a few deviations, all the
five tests of robustness, support the results of this paper
(Vaz De Melo Mendes and Pereira Camara Leal, 2005; Alj,
2013; Busch, 2005).

Discussion
Hypotheses results

As we go through the findings of this paper, we come across
that -GARCH, and e-GARCH models with both the error
distributions, have given superior results. This superiority
of'the results has been observed across the nine indices and
the three confidence levels undertaken in the study. The
result implies that the first hypothesis of the paper,
suitability of GARCH models to estimate VaR is dependent
upon nation/index, cannot be accepted.

The last section on results (section 5; step 3) and summary
of’best models for estimating VaR imply that the failure rate
of developing nations and developed nations differ and
perform better in different models. Consequently, the
second hypothesis of the paper, developing and developed
nations require different GARCH models to estimate VaR,
can be accepted.

Policy Implication

We find that across all the ten stock indices, -GARCH and
e-GARCH models have given superior results as compared
to other GARCH models. Although the results may be
different from the earlier work (as explained in the next
subsection 6.3), policy makers/regulators can apply the
finding of this paper to re-calibrate methods to estimate
VaR. This result can be justified well. Financial time series
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is different from other time-series due to five main features,
(as discussed in subsection 4). Identified GARCH models,
I-GARCH, and e-GARCH, address all the five features
well. Therefore, the suggestion of re-aligning VaR
estimation models in line with the findings of the paper is
justified.

Though, the hypothesis “suitability of the GARCH model
to estimate VaR is dependent upon nation/index’ cannot be
accepted, we have found that the performance of
developing nation is better than developed nations and
have different GARCH models that perform better. This
finding is relevant not only for the domestic regulatory
bodies (e.g., The Securities and Exchange Board of India
[SEBI] in case of India; Securities Exchange Commission
[SEC] in case of USA) but also for international regulatory
bodies as well (e.g., Basel Accord). Basel Accord can be
modified to look for some other tool to measure market risk
for developed nations. A similar adjustment is
recommended for domestic regulatory bodies of developed
nations to look for some tool other than VaR to measure
market risks in their market.

Comparison with earlier studies

Developing nations give better VaR estimates than
developed nations. Literature also endorses the same. He
and Wang (1995) explain that developing nations witness
more noise than developed nations. As a consequence,
volatility can be captured better in developing nations than
in developed nations. Arago and Nieto (2005) demonstrate
that, in developing nations, trading volume is more which
can help in capturing volatility better than developed
nations. Girad and Biswas (2007) argue that in developing
nations, due to less market efficiency, volatility is more and
therefore better VaR results are estimated than developed
nations. However, Gaio et al., (2018) contradict with the
results mentioned above and show no-difference in VaR
performance between emerging and developed nations.

So and Yu (2006) evince that Risk Metric is a better model
at 1% confidence level. IGARCG and IGARCH-t are better
at 2.5% and GARCH-t, IGARCH-t and FIGARCH-t are
better at 5% confidence level in estimating VaR. However,
in this paper, -GARCH-t, -GARCH and e-GARCH and e-
GARCH models have given better results. The present
study has differences in findings with So and Yu. The
difference can be because both the studies are done in
different nations and during different time periods. Su and
Yu take data from 1995-1998 which are quite old as
compared to period undertaken in this study (2010 to
2015). Su and Yo take indices of Australia, Indonesia, the
UK, Hong Kong, Malaysia, South Korea, Japan, Thailand,
Singapore and the USA which are considerably different
from indices of the current paper. However, there are
studied which support the results of the current paper (Tang
and Shieh, 2006; Sethapramote, Prukumpai and
Kanyamee, 2014).
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Table 4. Selected Models Summary

Volume 11 Issue 11, May 2019

SN Index Name of the Nation Selected Model
1% 2.5% 5%
Developing Nations
1 BSE Sensex India e-GARCH i-GARCH-t e-GARCH
(1.7) 3.7 (6.3)
2 SSE Composite China i-GARCH-t  i-GARCH-t i-GARCH-t
) “4) (7
3 IBOVESPA Brazil i-GARCH  i-GARCH-t i-GARCH-t
(0.3) () (3.7
4 RTSI Russia i-GARCH-t  i-GARCH  i-GARCH-t
(1.3) ) %)
5 JDALS South Africa i-GARCH-t i-GARCH-t i-GARCH-t
) Q) (6.7)
Developed Nations
1 Dow Jones Industrial Average  US e-GARCH-t e-GARCH e-GARCH
(1 3) (7
2 FTSE 100 UK e-GARCH-t CTF* e-GARCH-
(1.7 t(8)
3 Nikkei 225 Japan e-GARCH-t i-GARCH-t e-GARCH-
(2.3) 3.7 t(6.3)
4 S&P/TSE Composite Canada e-GARCH-t CTF# e-GARCH
(1.3) (7
5 KOSPI Composite South Korea e-GARCH-t e-GARCH e-GARCH
Q) (3.3) (5.3)

Notes: The selection of best model is based on the lowest failure rate having passed the both the conditional

and unconditional coverage tests for a given dataset. Figures in the bracket are percentage failure rate.

For developing nations, the lowest percentage failure rates are 0.3, 2, 3.7 and highest percentage failure

rates are 2, 4, 7 for 1, 2.5 and 5% levels respectively.

For developed nations, the lowest percentage failure rates are 1, 3, 5.3 and highest percentage failure rates

are 2.3, 3.7, 8 for 1, 2.5 and 5% levels respectively.

The overall lowest percent failure rate is 0.3 and highest percent failure rate is 8.

# - Coverage tests fai led. Since coverage test has failed the model at the given level, so no model is

identified.
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McMillan and Kambouroudis (2009), Moosa and Bollen
(2002) and Presecsu and Stancu (2011) show that at both
the probability levels, 1% and 2.5% levels, GARCH-t (1,1)
has given better results. However, at 5% level, Risk Metrics
has given better results. However, in this paper, at all the
probability levels, -GARCH, and e-GARCH models (at
both the Gaussian and student-t distribution for errors)
have given superior results. Reason for the difference may
be explained by the logic of having different
indices/portfolio to test the performance of different
GARCH models and having a differentperiod of the study.

Contribution of the paper

The paper has the following contributions: 1) instead of
considering different GARCH model to estimate VaR, we
need to only look for either -GARCH or e-GARCH model
i.e. persistent or asymmetric models to estimate VaR; 2)
developing nations give better results for VaR as compared
to developed nations. Therefore, to measure market risk in
developed nations, another tool (other than VaR) may be
considered.

Concluding observations

VaR is a vital market risk measurement tool which has
acceptability and popularity across the world. In this study,
nine types of GARCH models have been compared to
estimate VaR on stock indices of developing and developed
nations.

Asymmetric GARCH model (estimated using e-GARCH
model), and persistent models (estimated using -GARCH)
give a better estimate of VaR than other GARCH models.
On the contrary, Risk Metric models and c-GARCH
models perform poorly. These results are consistent for all
the ten stock indices undertaken in this study, at all the three
confidence levels (probability levels of 1%, 2.5%, and 5%).

Stock indices of developing nations fare better than stock-
indices of developed nations in estimating VaR. In other
words, it can be concluded that stock-indices of developing
nations are more model sensitive than developed nations
for measuring VaR. These results are consistent with all the
nine type of GARCH models applied in the study at all the
three confidence levels.

The current study has the following limitations. These
limitations can be future scope of study on this topic.

The indices undertaken in the study are less in number.
Similarly, a longer time-period could have been taken for
the study. The first hypothesis; suitability of a GARCH
model to estimate VaR is dependent upon nation/index; can
be revisited with the larger sample size and more
extendedperiod. This gap can be a future area of study.
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2. Anew market-risk tool can be explored for developed
nations as their VaR estimates are quite less than their
developing counterparts.

3. A few GARCH models like GJR GARCH and
FIGARCH can be utilized in place of EGARCH and
CGARCH. APARCH could also have been included in the
research.

EndNote

[1]Basel Accord is a set of guidelines given by BCBS
(Basel Committee on Bank Supervisory). As of now, three
sets of the guidelinehasbeen issued by BCBS (Basel 1,
Basel II and Basel I1I). BCBS was established in 1974 to
help member nations to regulate their system, especially
for risk management.
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