Assessing portfolio market riskn the BRICS economies: use anultivariate
GARCH models

Abstract

This paper compares the performance dlifferent models used to estimate portfolio vattue
risk (VaR)n the BRICS economid2ortfolio VaR is estimatedth three different multivariate
risk models, namely the constaonditional correlation (CGCthe dynansi conditional
correlation (DCC) and asymmetric DCC (ADGBRCH models. Risk performance measures
such adte average deviations, quadratic praigdbinction score and the root mean square error
are used to bagkst the performance of the models at 908%.results indicate thaartfolios

with more weight taurrencyand less to equities prove to be the best way of minitosegg
BRICS
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1. Introduction

Over thepast decadte economies of the BRICS grouping have grown tremendously. The group

has been predicted by a number of endsts to overtake thdS and EU by 2050 in term of real

GDP (O0 8ill, 2001). In the previous decade, returns from the BRICs equities grew by more than
four times in the Standard and Poords | ndex
was as much as four times highéran t he US6s (Patterson and C
BRICS countries an attractive investment destination for asset managers and investors in search
of high yield and opportunities for portfolio diversificationspite of being an attractive
investment destination, the volatile BRICS environment is associated withslaigl aisla result

investors are always cautious about such risk and the consetieaoé Thus, risk
management is an important requirement for investors who are willimgstan emerging

markesin general and in the BRICS countries in particular.

Value at risk/aR)is used by investors to measure and control the levetludttisky undertake.
It is the responsibility of investors to ensure that theunslestaknare not beyond the level at
which they can absorb the losses of a probable worst outcomeB@&uyagandlutema, 2009).
VaR attempts to measure how mutihaestmenstands tdoseover a target haon withina

given confidence interval

The estimabn and the valuation of VaR well athe possibility of reducing risk when investing

in the BRICS countries should be one of the priorities and concerns of investors and asset
managerslorion (1996) suggests that VaR is an important method for iogninstitutional

i nvest or ds rdsschk, any yesios aonsidesing mvestingan the BRHDS other
countryor region for that matteshould consider determining the level of VaR for any investment
exposure. In additioran investorthat intends to invest in different asset classesisto

determine the level of weigfiseach ass#étatminimizesthe portfolio V&.

There are three methods of quantifying, MaRelhistorical simulatioiMonte Carlsimulation

and the varianemovariane method(see Cabedo and Moya, 2003; Glasserman et al., 2000;
Berkowitz and OBoBga and Mytema, QEbndrick® $9aggsaggestthat

the best method to applyhen estimating VaR depemuafsthe task at hand. This suggestion
implies thah study that focuses on assessing the best volatility madf@Rosstimation should
naturally rely on the variaramvariance method@hus, this paper chooses to estimate the VaR
for BRICS countries by making a$e¢he varianceovariance method basewl the different
families of multivariate GARCH models.



A substantiahumberof studies have concentrated on market risk modelling using multivariate
GARCH models (Lee, Chiou & Lin (2008%u Ku & Wang (2008), Sastet al (2013) and
Nyssanoy2013)anong many otherbutfewof these studie® thebest of our knowledgeas

applied this technique emerging markets in general@mBRICSn particular. Moreovgrone

of these studies hagealyzed the effects of different portfolio wsigin theVaRfor BRICS
economiesThe hgh volatile nature of emerging markets raises a particular interest for VaR
estimation based on GARCH models and for portfolio seleksisuch our papés the first to
estimatevaR by using multivariate GARCH modalsd accounting for theffect ofdifferent

portfolio weightson the VaRwithin BRICS economies.Thus, this papercompars the
performance of three multivari&@ARCH risk models, the DCCDEC and CC(@n estimating

portfolio VaR for each of the five BRIG&ntries (Brazil, Russia, India, China and South Africa).

In addition, this pap@nvestigatethe effect of changing portfolio weighiiour VaRestimation

We construct three different portfolios for each country and edftiligndis made up of two
assetsequities and currencies. The first portfolio considers equal weighting between currency and
equity, the second portfolio gives more weight to equities (80%) and less weight to currencies
(20%) and the third portfolio provides less weight to eA@B#g and more weight to currencies
(80%). Although the weights assigned were provided #bitmanetheless they provide
information as to how different weights of the two sa#tin a portfolidhat is constituted of

equity and currenayill affec¢ the performance of the VaR measure. The performatiuesef
modelsis compared with the aid @f backtesting process by making afethe quadratic
probability scoréQPS) function, the root mean square error (RMSE), the number of exceptions
and average deviatio®sD) between the/aR and the realized return series as previously
employed biAsuKu and Wang (2008) and Aniunas, Nedzveckigusinskas (2013s stated

earlier, no study has eatemptedo estimate the Vait a portfolio that is constituted of equity

and currency in order to uncover the optimal weight of the two assets that minimizes the portfolio
risk.

It is important to note that portfolio that combines equity and currency not only énabithy

to minimizethe risk (exchange rate risk) of investing in an emerging marites combination

of assetalso provides investaxgth some safety to conserve the real value of their investment in
the equity markethe findings of this paper will be benefioiabset managand investorthat

seek to hedge their equity exposure in the BRICS markets.

The rest of the paper is structured as follegesion 2 presents a review of literature of selected

studies that focus on the estimation of VaR. Section 3 €kplaimaluatrisk is estimated based



on the varianeeovariance method, with a focumsstloe different multivariate volatility models
used in the paper. Section 4 presents the data used in the paper, the estimation of VaR for the

different BRICS countriesmd discussion of the results obtained. Section 5 concludes the paper.
2. Literature review

Accurate estimation of covariance matrices and correlations between assets is essential for optimal
portfolio construction, asset allocation and risk managanatherefore numerowstudies have
been devoted to obtaining reliable correlation estiraeslynamic nature of correlations

between assets has been the motivation for thearsember of multivariate models.

Multivariate GARCH models have receivedt aflattention recentlas evidenced by the
emergence afew models. Bollerslev (1990) propaseonstant conditional correlation model

with timevarying conditional variances and covariances. Engle (20@82hahihe assumption

of constant correlatisrbetween financial assets is too limiting and not realistic in practice and as
such new correlation models that take into accountdiryi@ag correlations have been proposed.

Hence, the auth@ropossthe DCC which hathe flexibility of univariate GARH modeldut

easy to estimatedeedthe fact that the number of parameters to be estimated does not depend

on the number of the series to be correlatec

other multivariate GARCH models.

As already showay studies such #eatof Engle (2002), correlations between financial assets are

not constantas is usually assum&ilvennoinen and Terasvirta (20069 daily returns of
Standard and Poor 6s 50 0-yeardae®futdres Ow¢o imvestigate e s i n
the relationship between stocks and bardsethe BEKK, GOF, DCC, DSTCC and SPCC

GARCH modelsireused to estimate conditional correlations. The authetkdt correlations

vary most of the timéisu Ku (2008) use the DGGARCHt andthe CCGGARCH-t models

for the computation of correlation coefficients among major equity and currency markets in the

US, Japan and the Udhd all correlation coefficieate found to be time varying.

Only afew studies on market risk modelling hawt msitivariate GARCH models as compared
to univariate models. For exampée, Chiou and Lin (2008eDCC-GARCH,simple moving
averag€SMA) andexponentially weighted moving avergg#¥¢MA) models to estimate the
portfolio VaRof the G7 countries (USJK, Japan, Germany, France, Canada and Italy). The
Kupiec proportion of failure test and the RM&Eapplied to measure the accuracy and efficiency



of the models. The authomd that the DCESARCH (1, 1t outperforns all the other models
in measuring &R followed by the DCGARCH (1, 1), then lastly the SMA.

Different methods for testing the performance of VaR have been used. For Esaripland

Wang (2008) compare the performance of the different GARCH models in forecasting the VaR
of the usd/gbpusd/jpy and the usd/eur exchange rates. The authors use twratesty the

number of prediction failures and the average deviation between VaR and the realized returns
backtest the VaR. They evaluate the performance of the DCC, BEKK and the €&@hdis

find that the BEKK outperforsithe other models according to average deviations and the DCC
topsaccording to the number of failure®wever, the authors fitlkdat the number of failures

criteronreveals stronger ranking amdhis regarthe DCC perforns better.

Nyssano2013) evaluate the performance of GARCH models and classical approaches and
compare these models in @tepahead forecasts of VaR. The authotemse of four tests

namely the violation ratio, Kupiec test, Christoffé@rsestand joint tests for the evaluation of

the methodsThe &set returns dheseven largest copper compamaselyCodelco, Freeport
McMoRan, BHP Billiton, Xstrata, Anglo American Pic, Rio Tinto and Kazaltkosed in the
estimation of 99% and%@5VaR estimates. Four portfolayeconstructed for the calculation of

VaR values. The historical simulation, unconditional parametric, RiskMetHG#RCHKE and
GO-GARCH VaR estimation methoateemployed. 99% VaR forecasts show that the historical
simulation method gives better resuwitisile95% VaR forecasts on the other hand show that the
DCC- and GOGARCH VaRbased models outperform the other models.

Very few studies have incorporated different portfolio weights in the estimation of portfolio VaR.
RomboutsandVerbeek (2009) compare parametric (normal and stdésributions) and semi
parametric distribution of innovation in the estimation of VaR of a portfolio with arbitrary weights.
Three MGARCH models, the diagonal VEC, the DCC of Tse an(208R) and the DCC of

Engle (200)ave beemsed t o esti mate VaR of a portfoli
500 (S&P 500) and NASDAQ icés The Kupiec likelihood ratio tastused to compare the
different methods. The authoirgdfithat the seimparametric distribution improves VaR estimates
when compared to the normal and t distributldogieverthe authorgail to assess the effect of

using different weights on the performance of the different VaR yaduteitstion that our study

addresse

A few studies have made compasgsdmultivariate GARCH and univariate GARCH models in
the estimation of portfolio VaR. In addititre distribution of the GARCH model also matters



when evaluating which mobektfits the data. MorimotandKawasak(2008) generate a regular

time series from irregularly spaced data to evaluate intraday value risk by comparing the forecasting
performance of five univariate models and five multivariate GARCH models. The univariate
models used in the study includenthienal, normabARCH, student, studel@ARCH and the
RiskMetrics and the multivariate GARCH models include the VECH, Biggal, CCC and

the DCC. As in thelsuKu andWang(2008)study, the DC@found to be the best forecasting

model.

Santg, Nogals and Ruiz (2013) also compare the performance of multivariate GARCH models
with univariate models. Three multivariate GARCH maegelssed in the forecasting of VaR
these includeBCC-GARCH, CCGGARCH and Asymmetric DEGGARCH. Three real market
portfolios of daily returnare usedthe first portfoliois made up of returns of 48 US industry
portfolios, the second composed of returns of 25 portfolios of stocks formed on the basis of
thesize and bocto-market and the third portfolismade up of retas of all stocks of the S&P

100 indexThe nodelsare compared by making use of basking and the CPA test. Results
show that the DCGARCHt is the most appropriate specification when used in the estimation
of portfolio VaR. Multivariate studdnnocdels except for the CC@ivesthe lowest number of
violatiors as compared to the normal distribution models. The DCGsynametridCC
GARCH models outperform the CQO@ius proving that conditional correlations are dynamic
rather than constant.

While thee seems to becansensus on the preeminesicthe DCCGARCH model over othe
conditional correlatioBARCH models in estimativ®aR this should not be seen as a stylized
factbut ratheibe left as a matter of empirical analyhiss, his papernddsto the literature on
portfolio market risk estimation by comparing a fanglynafitional correlaticBARCH models

the CCC, DCC and ADGGARCH in estimating the VaR.

3. Methodology

3.1 Valueat-risk methods: Thevariance-covariance method

Valueatrisk {VaR) is a measure of potential loss in value of a risky asset or portfolio over a defined
period for a given confidence level. Fegmation 4.1, given theis the confidence level and L
is the loss, Jorion (2007) defines the VaR as the smallestidsskite value such that:

60 odY p & (31)



As already mentionethere are three methods of quantifying ,\fanely thehistorical
simulation Monte Carl@imulation and the variarm@avariance method. Our study employs the
varianceovariance method from different polibs madeup of equity and foreign exchange

assets and constructed with different wedjlgach asset

According to Jorion (2007), the portfolio rate of return is given by:
Y B 0yYp (32)

Whereo j, is theportfolio weight. The portfolio variance is given by:
. Y L B 0 (33)

Wheret s the forecast of the covariance matrix.

We use the 90% confidence level for all our VaR calculations. Based on the corditiityal vo

(covariance matrix) obtained from the three MGARCH mduelppttfolio VaR is then given
by:

WwOYOY 1 0t 0

Wherg corresponds to a parametric distributiich careitherbethe normal distribution or
the stidentt distributionand E(R) is theexpectedeturn of a portfoliolt is important tanote

that E(R) is often approximated to zdrous.equation 4.4 becomes
WY [ 0t 0 (34)

As stated earlier, onetbe aims of this study is to find the most appropriate portfolio weights
and the multivariate volatility model that will minimize the estimated VaR.

3.2 Multivariate volatility models

Tsay (2010) states that in order to understand the dynamic stftictugdobal finance, financial
markets must be considered to be relatethey are dependent on each otgrKu (2008)
adds that the transmission effects should not be overlooked in portfolio constsubgarievel
has risen as a result of theréase in the level of interactions in the major financial mBnksts

it is essential to account for asset interdependence when estimating VaR usinguanem@nce
method. It is in this context that this study makes use of the multY@ia@ARCH model to
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account for tim@arying correlation among assets in a given porifaking into account time
varying correlations is useful in finance as evidence shows that correlation coefficients change over

time in real applicatio(iSngle,2002)

Our study focuses on the calculation of portfolio;#adefore we employ simple methods for
modeling the dynamic relationship between volatility processes of multiple asset returns. Thus we
model the conditional covariance matrix of multiple asset rethiols is essential for the
computation of valuatrisk of a position made up of multiple returns to take into acceunt co

movements in financial returns.

3.2.1Multivariate GARCH models

If we let » be a multivariate return series, we can rewrite it as:

[ - (35)

Wherée Oi sO |, isthe conditional expectation ofjiven the past informatié®@ and

- - B h  his the shock of the series at time t and is given by:

- 0 « (36)
Such thab ¢ B SO 0 ¢ bsO O
WhereO is a N x N positive definite conditional covariance matrix of portfolingetud is

a N x 1 independently and identically distributed random vector with mean zero and identity

covariance matrix;
ax 1ho
WhereO is the identity matrix of order N.

Different specifications @ related to the classef multivariate conditional correlation GARCH
models, namely tle®nstant conditional correlati@CC) GARCH model of Bollerslev (1990),
the dynamic conditional correlatipCC) GARCH model of Engle (2002) aasymmetric
dynamic conditional correlatihkDCC) GARCH model of Cappiello (2006), will be reviewed in

the following subsections.

3.2.2The constant conditional correlation(CCC) GARCH model



Bollerslev (199(proposethe CCC GARCH model with constant conditional correlations. The
CCC GARCH modecan be estimated in two stefastly univariate GARCH models are
employed to estimate the volatility of each sandsn the second step, standardized residuals
from the first step are employed to construct the conditional correlation matrix. Ohe CC
GARCH is defined as:

'© 0OYO (37)
Qy E Tl p E 7

WheréO= & E & andR=¢& E & (38)
T E Q i ) E p

and the variance equation for the CCC is given by:

%G 6 -y b Qr 7 7 (39)

Where” is the constant unconditional correlation ead2 with 1 representing the foreign

exchange market and 2 the equity market.

In other wordswhereO QQoT 8 "Q  with diag (.) being the operator that transforms
a Nx1 vector into a NxN diagonal matrix &dfollows any univariate GARCH model. R is a
symmetric positive definite conditional correlation matrix with es€mgnthere” ; p and

contains constant conditional correlations

3.2.3The dynamic conditional correlation(DCC) model

Given the limits of the CCC GARCH models, Engle (2002) proposgyhdraic conditional
correlationDCC)mode] which has the flexibility of univariate GARCH but not the complexity
of other MGARCH models witihe advantage that the number of parameters to be estimated in
the correlation does not depend on the number of series to be correlated. TiseaCC
extension/generalization of thenstant conditional correlati&CC) model of Bollerslev (1990)

and it assumes that the conditional correlation matrix iddpeadent. The DCC GARCH
model is defined as:

'O 0YO (3.10)



WhereO is defined as equation 4.8 above and
Y Qo 0ol

O Np

QQWQ Q Q@:thrs h:h (311)

The elements af are given by:

0 p I T 0 [T ¥ I 0 and can be reduced to:

Nns "F 1T T "T 1A T (312

Wherel is the unconditional covariance of standardized residuals from the univariate GARCH

models and diag is a diagonal matrix that contains diagonal elements of an N x N positive

definite matri¥y andf is the standardized innovation vector wi¢ments - —h
n h

0 is the N x N unconditional covariance matrix ofnd| andf are nomnegative scalar

parameters thatsure that 1  p.
The variance equation for the DCC model is then given by:
Q, O W - j ® Qf Qr O D - F o Q

na "0 1T T "I T A& T QR T Rr Ty G

3.2.4The asymmetric dynamic conditional correlationAsyDCC) model

This model is an extension of the DCC andiveiproposed by Cappiello et(@006) It takes

into account asymmetry in conditional correlatmusin this modeéi is given by:

~

O 0 |0 10 13 |f 7 IO 18 ¢
(314)

Wheree Q mMS| WeEQ 0 ¢
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It is assumed that far to be positive definite 1 _1 p should hold where is the

maximum eigenvaluef 00

3.3 Portfolio construction

With regard to the construction of different portfolios, this study makes use of three different sets

of arbitrafly chosen portfolio weights feach of the BRICS countries. For portfolio 1 (PF 1) we

give equal weighting to equities and currencies (0.5, 0.5). More weight is assigned to equities and
less to currencies (0.8, 0.2) for the construction of PF 2 and for the construction for P& 3 we giv
less weight to equities and more to currencies (0.2, 0.8). Through this arbitrary weight allocation,
the study aisiat assessing which of the portfolio is less risky given the composition of assets
(equity and foreign exchange) within each of the BRUGS&ies.

3.4 Evaluation methods

A substantial number of studies have used the Kupiec (1995) test and the Christofferson (1998)
test to bacitest VaR modelbut these tests are suitadnéyin evaluatinghe performance of an
individual model. To comathe VaR forecasting performance of the different multivariate
GARCH models and to batdst these models, this study makes use of efficacious ranking
methods such as the Quadratic Probability Score function (QPS), the root mean square error
(RMSE) andwerage deviations (AD).

3.4.1The quadratic probability scorefunction (QPS)

According to LopezZ1097) the quadratic probability score funcisoexpressed as:
00"Y-B & n (315)

Where n is the number of trading dayghéntesting period, p is the expected probability of
exceptions) is a predetermined binary loss function reflecting the interest of userssand
denoted as the actual losses. Bhisan indicator function that equals one if thefimeevent
happens and zero otherwiseis given by:
Pl wWwK'Y

o oY (3.16)
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The QPS ranges between zero angdawd according to Lopez (1988 besperforming VaR
model produces the lowest score.

3.4.2The root mean squared error (RMSE)

The RMSE is expressed as

YOYO O w'Y 0 -BwwY 0 (317)

This measure is appliealy during norviolation day$ thus when actual ks are leshanor

equalo the VaR and the smallest RMSE is preferred.

Finally we use theumber of exceptions/prediction failyredichis the number of times the
actual returns are less than the estimated VaR and average deviations (AD). Average deviation is

the average abat#@ difference between the VaR and the realized return series and is given by:
60 —-B 00Y g, (3.18)

Where m is the number of days in the testing péridsl,the realized return series and the
superscript (+) denotes that the AD computation considbrsituations whergo @'Y 9 S

and sound risk management requires lower levels bfstiBl§ & Wang, 2008).
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4. Data andestimation of results

4.1 Data description

Given the objective of the studyhichconsists of estimating and evaluating the performance of
the VaR of the differ¢ portfolios constructed by combining positions in the foreign exchange
and equity markeof the different BRICS countries, we makeotisiily data for the foreign
exchange (currency) and equity markets from Brazil, India, China and So(ileédyickta is

used for Russia because of the unavailability of dgiyldatdatasebr four of the countries
excluding Russia from 4 January 2005 to 10 September aad4from 5 July 1998 to 28
December 2014 for Russiehe equity market indexes fréme five countries used in the study
are the Brazilian IbovespBrasil Sao Paulo Stock Exchange Index (IBRMgsian MICEX
index Indian S&P BSE SENSEX Index (SENSEKXinese Shanghai Stock Exchange Composite
Index SHCOMP) and the South Africadohanngburg All Share Index (ALSI). In additite
Brazilian real/USD (BRLRussian rubl&JSD (RUB) Indian rupee/USD (INRrenminbi/USD
(CYN) and theand/USD (Za) exchange rateseused The datas sourced from-het Bridge.

It is important to note thdbr both daily data and weekly data the last 252 obseyaetiosed

for VaR estimation and the bdekting exercise.

The table below shows the different portfolios constructed for each country.

Table 1: Portfolio construction

Country Portfolio Assets PF1 weights PF2 weights PF3 weights
Brazil BRL/USD, IBOV 0.5,0.5 0.2,0.8 0.8,0.2
Russia RUB/USD, MICEX 0.5,0.5 0.2,0.8 0.8,0.2
India INR/USD, SENSEX 0.5,0.5 0.2,0.8 0.8,0.2
China CYN/USD, SHCOMP 0.5,0.5 0.2,0.8 0.8,0.2
South Africa ZAR/USD, ALSI 0.5,0.5 0.2,0.8 0.8, @

Note: the numbers show the weight of currency and equity, respectively, in each portfolio

1 A long weekly sample aimed at increagsthe number of observations.
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According toTable 1 above, to constrymirtfolio 1 (PF 1) we give equal weighting to both
equities and currencies (0.5, 0.5). More weight is assigned to equities and less to currencies (0.8
0.2) for the construction of PF 2. For the construction for PF 3 we give less weight to equities an
more to currencies (0.2, Ol8creased volatility is observed in all the foreign exchange and equity
markets, especially from the end of 2007 tg, 26dGhis occurrence is ascribed to the panic in

the markets caused by the global financiasesigure A1) The Indian Sensex had the largest

jump in volatility during this perioghileboth the Chinese SHCOMP and the cyn seemed to be

the least affected by theistis

Table 2 presents the descriptive statistics of BRICS foreign exchange andlexisitiaityaog

returns. The table shows that micex has the highest return and the highest risk with a standard
deviation of 6.86@hile the cyn had thewest return and the lowest risk shown by a standard
deviation of 0.122. In additidhe table Isows that the average daily return for both brl and the

cyn are negatiwhile the rest of the returns had positive average dailg. rétuthemore,it is

evident from theesults reported in Tabldtt all equity returns are more volatile thargforei

exchange returns. Lastly, all the series #aéddtwith kurtosis of greater than 3.

Table 2: Descriptive statistics of log returns of currency and equity

Statistic BRL IBOVESPA RUB MICEX INR BSE CYN SHCOMP ZAR ALSI

Mean  -0.00 0.034 0.107 0.255 0.013 0.056 -0.012 0.025 0.024 0.055
Standard

deviation 1.133 1.736 2.806 6.860 0.535 1.52 0.122 1.609 1.105 1.24
Minimum -7.259 -12.096 -45.183 -28.768 -3.551 -11.604 -2.019 -0.278 -7.475 -7.581
Maximum  12.047 13.678 55.595 35.667 4.091 15.99 0.858 9.034 15913 6.834
Kurtosis  12.469 6.624 10.378 69.201 6.305 8.704  36.879 4,162  20.288 4.301
Skewness  0.952 -0.039 -0.045 4.240 0.275 -0.008 -1.748 -0.342 1.373 -0.22

4.2 VaR estimation

In order to estimatthe variancecovariance VaR for the four BRICS countries we make use of
the CCC, DCC and ADCC GARCH models for volatilitgehdr he following stepsetaken:
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1. Portfolio weightsare chosen arbitrdy (seeTable 1) with the aim of assessing how
different weights of the two assit a portfolio affect the performance of the VaR
measure.

2. Then we estimate volatility mode&mey the CCC, DCC and the ADCC

3. Lastly, using portfolio weights from step 1 and the standard deviations from step 2, the

VaRisestimated as per equatiofh. 3

We follow the steps describalloveto estimate the VaR of each of the portéahiospecific
BRICS countries. We make use of the last 252 observations totfewecastay 90% Valef

these portfoliogrigures Al to A5in the appendix display thstimated/aRobtained from the
different GARCH modelsnamely the CGCDCG and ADCGGARCH modelg against the
returnsof each of the portfoliog:or exampleFigure Aldisplays the VaR obtained from the
CCCGARCH models with norm@CCC normaland student (CCC t)distributions against the
returns of the different portfolios, namelyl FFF2 and PF3, respectivelis Worth notinghat

the number of exceptign.ethe number of times timegative return doss is greater in absolute
value than the VaR estimaissleduced for these figurés.tables 3 to ,Ave summarise the
numbe of exceptions obtained by comparing the VaR obtained from each of the GARCH models
andthe given portfolio retnsfor each BRICS countifyor examplelable 3 shows that in South
Africathe VaR foPF 3 has the least excepticmspared to the VaR ofethest of the portfolios.
Moreover, the resslteported in Table 3 show that in terms of the GARCH models used to
estimate portfolio VaRhe DCC _t fares better than all the other models in SA. The CCC fares
the worst in two of théhree portfolios. Sinaitly, the results reported in Table 4 show the better
performance of a dynamic conditional GAR@ddlel in estimating the VaR ini@. The results
reported in Table 4 show thhe ADCC_t model outperforms all the other models with zero
exceptiondollowed by the DCC_t. The CCC fares the wansbnghethree portfolios with the
highest number of exceptions.

Table 5 shows that in India, PF2 has the least exceptions and the DCElsodd@C _t and
ADCC_norm models outperform all the other models with eareptionsfollowed by the
ADCC _t. The CCC_t and CCC_norm perform the worst in two portfolios (1 and 2) with the
highest number of exceptions. The results repofiedbia 6 show that in Brazil PF3 has the least
exceptions and the DCC_norm fares betten all the other models. All the other models

performsimilarlywith the same number of exceptions. Table 7 shows that in Russia, PF 2 has the

2The estimation of these volatility models can be provided on request.
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least exceptions across all models with zero excedbareyey PF3 has the highest number of
exceptionsor Russia

It is important to note that exception criteria cannot be consideredoasythenchmark for
selectinghe best VaR model or the best portfdlae needto apply performance evaluation
methods to establish which portf@iovides the least VdseeHsu Ku and Wang, 2008)

Table 3Exceptions/Violations for South Africa

PF 1 PF 2 PF 3
weights 0.5,0.5 0.2,0.8 0.8,0.2
CCC_norm 4 9 4
CCC_t 4 8 4
DCC_norm 5 9 4
DCC_t 3 2 3
ADCC_norm 4 8 4
ADCC t 4 6 2

Table4: Exceptions/Violations for China

PF 1 PF 2 PF 3
weights 0.5,0.5 0.2,0.8 0.8,0.2
CCC_norm 11 10 7
CCC_t 2 3 3
DCC_norm 1 1 2
DCC_t 1 1 1
ADCC_norm 1 1 2
ADCC t 0 0 0

Table 5 Exceptions/Violations for India

PF 1 PF 2 PF 3
weights 0.5,0.5 0.2,0.8 0.8,0.2
CCC_norm 7 4 6
CCC_t 7 4 6
DCC_norm 1 0 6
DCC_t 1 0 4
ADCC_norm 1 0 8
ADCC _t 2 1 7
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Table6: Exceptions/Violations for Brazil

PF 1 PF 2 PF 3
weights 0.5,0.5 0.2,0.8 0.8,0.2
CCC_norm 10 9 7
CCC_t 10 9 7
DCC_norm 5 4 5
DCC_t 11 9 7
ADCC_norm 9 7
ADCC _t 8 7

Table 7 Exceptions for Russia

PF1 PF2 PF 3
weights 0.5,0.5 0.2,0.8 0.8,0.2
CCC_norm 0 52
CCC_t 6 0 53
DCC_norm 14 0 61
DCC_t 10 0 60
ADCC_norm 14 0 61
ADCC _t 2 0 46

4.3 Performance evaluation of each VaR model

In this section we employ the AD, the QPS function and the RMSE measures to evaluate the
performance of the models witrethid of the above exceptioisus we employ the three
methods to baetest our models as showrequations 3.18, 3.15 an@i73In TablesAl to A5

in the appendjpwereport the backesting results according to the AD, the QPS and the RMSE

for the five BRICS countries. When makingtige average deviations as a measure of accuracy

of VaR models, low deviations are fisabole as they represent close to perfect risk management.

In addition, as already mentioned in the previous chbpt&PS ranges between zerotegd

and accordéhg to Lopez (19, the besperforming VaR model produces the lowest score.

Table Alshows that in South Africlae DCC norm VaR has the least deviatmessall three
portfolios. MoreoverPF1 has the least average deviaimosg all portfoliodn terms of the
QPSmeasurghe DCC_t VaR and ADCC_t VaR perform well in two out of the three portfolios
and both PF2 and PF3 have the lowest Q€&ureAccording to the RMSE the DCC_norm
VaR fares the best in comparison to the rest of the me@eGARCH model for VaR estimation
and PF1 has the lowest RMSE overall.
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Table A2shows a different outcome in China. The CCC_norm VaR outperforms all its
counterparts across all three portfolios according to the AD and thesRMBE3 has the least
deviation&ind RMSE when compared to the other portfdlies ADCC_t VaR outperforms all

its counterparts in terms of the QPS with the lowest QPS across all 3 pé#aiasyn in

Table A3 the CCC_norm VaR outperforms all its counterparts across all threkoportf
according to theB. According to the same criteria, PF3 has the least deviations when compared
to the other portfolios in Indidccording to the QPS, both the DCC_norm VaR and DCC _t
VaR and the ADCC_norm VaR outperform all the other dynamic toomret@delsand PF2

has the least QPEie ADCC_norm VaR fares the best in terms of the RMSEPF3 has the

lowest RMSE.

Table Adshows that according to the AD, the CCC_norm VaR and ADCC _t VaR outperform
the other models in Brazil. In addition, P&3le least average deviatidime DCC_norm VaR
outperforms all the other models according to the IEFPF2 has the least QPS while the CCC

is theworstperforming model. In terms of the RM8te, ADCC _t VaR outperforms all the other

modes$, with PF3performing better than the othero portfolios.Table AShows that according

to average deviations and the RMSE, the DCC and ADCC _norm VaR ouspisform
counterparts and PF3 has the lowest AD and RMSE in Russia. In terms of the QPS, PF2 has the
lowestQPS across all models and all models fared theTsbtee8gives a summary of the

performance evaluation results.

Given that the aim of this paper is to assess the best GARCH models for VaR estimation and the
best portfolio, in combining currency andtgdgudices, that minimiziesesn each of the BRICS
countriesTable 8 provides a further treatment of the above reported rHsailtssults reported

in Table &how that, in SA in terms of AD and the RMSE, PF1 outperforms the other portfolios
whileaccording to the QPS both P&2d3 performed well. Nevertheleshen PF3 dominates

the other portfolios, it dominates it by a higher amount than when the other portfolios dominate.
For example in SA according to the AD, PF1 dominates PF2 by 13.88%%6.{49.3)/0.492,

while PF1 dominates PF3 by 25% = (0(452)/0.492. In terms of the QPS, PF2 dominates
PF1 by 18.18%= (0.089033)/0.033 while PF3 dominates PF1 by 36.36% = (0.045
0.033)/0.033. In terms of the RMSE, PF1 dominates PF2 by 14.13%-%.(26y/1.026~hile

PF1 dominates PF3 by 20.27% = (:2826)/1.026. Therefore where PF3 dominates, it
dominates by largewvaluethan wherarother portfolio is dominating. In addition, according to

all the four performance evaluation methods, the D©@n VaR outperforms all the other
modelsn the same ranking order. In China PF3fae#l according to AD and the RMYEt
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according to the QPS all portfolios fare the same. Across all performance measures, PF3
dominates the other portfolios. In amfif the ADCC_t VaR perfosibetter than the other

models. In IndigPF3 showthe best performance according to the AD and the RiMBEver

a different case is observed in Imdhareall the models except for the CCC_t VaR perform well
according to thdifferent evaluation methods. The ADCC_norm and DCC _t pdrfiterthan

the rest of the models. In Brazil PF3 outperforms its counterparts according to the AD and the
RMSE while PF2 fares well according to the QPS. PF3 dominates all the otherspofifi@io
DCC_norm outperforms the rest of the models in Brazil. In Russia PF2 fares well according to
the QPSwhile PF3 faewell according to the AD and RMSHEso,according to our ranking

order PF3 dominates the other portfolios. In addition, the DEERCC _norm fare better than

theother models.

Across all five countries, tB€C perforns best followed by thDCC, whilethe CCCcomes

last Thus most methods are in support of the dynamic correlation models (DCC and the ADCC)
andthusmodels of dymaic correlation perform better than the CCC. This indicates that dynamic
correlations between assets are essential for portfolio risk management in the BRICS. In addition,
these results indicate the importance of the use of models that account foriasyiminetin

asset returns and correlations for appropriate VaR forecasts.

In terms of portfolio performance, of all three of our portfolios, PF3 (which gives more weight to
foreign currency market (80%) and less weight to equities (20%))speettenacross all
performance measures in all BRICS countried he portfolio dominates both PF1 and PF2 in

all the BRICS countries. This suggests that giving more weight to the foreign exchange market and
less to equities proves to be the best way of miighaigesn BRICS when holding a portfolio
madeup of foreign exchanges and equities. This is probably due to the fact that each position in
equity is often balanced by a position in the currency thatketdgeagainst foreign exchange

risk. In additin, theforeign exchange market&merging economiatiract speculators, hedgers

and arbitrageurs, so there are high investment potentials/opportunities, whiatedessatily

requirea counterpart investment in the equity market. Thus more isgen tocurrency

markes thanequites Thisfinding is in line witlthat of BongaBonga and Hoveni (2018ho

find that the size of the equity and foreign exchange market is dispropuoidgiomstancethe

daily average turnover of the foreign exgdamarket wasstmated at US$9 billion in 20¢6t

the average daily equity trading was estimated at US$2thniliorontributing to a higher
participation in the foreign exchange market. Lastly, investment opportunities such as carry trade

where arinvestor borrows money at low interest rates, usually in developed ecandmies
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invests in emerging markets where interest rates are high, for, etsmfdesito a higher
participation in the foreign exchange mailais allocating more weight toeo and less to
equities results fiewerexceptions, lower AD, QPS and RMSE than when more is allocated to

equities and when the two assets are allocated equally.
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Table8: Summary of performance evaluation results for each model

Best
Best model Best Best Best portfolio
according to portfolio in  portfolioin  portfolio in  according to
AD QPS RMSE ) _ ,
relative ranking terms of terms of terms of relative
order AD QPS the RMSE  ranking
order
SA DCC_norm DCC_t & ADCC_t DCC_norm DCC_t PF1 PF2 & PF3 PF1 PF3
China CCC_norm ADCC _t CCC_norm ADCC t PF3 PF1,2&3 PF3 PF3
) DCC _norm & t, ADCC_norm
India CCC_norm ADCC_norm PF3 PF2 PF3 PF3
ADCC_norm &DCC_t
_ ADCC_t &
Brazil - DCC_norm DCC_norm DCC_norm PF3 PF2 PF3 PF3
CCC_norm
) DCC & DCC ADCC_norm &
Russia N/A PF3 PF2 PF3 PF3
ADCC_norm &ADCC_norm DCC_norm

Note 1: this table reports the best volatility model according to specific performance evaluation criteria as wedll gotitfelmpaccording to the

same criteria for .gaof the BRICS countries.

Note 2: N/A: None of the models outperformed its counterparts, i.e. all the models fared the same
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5 Conclusion

The aim of this papevas tacompaethe performance of threeultivariatéssARCH models, the

DCC, ADCC and CCC GARCH modeis estimatingportfolio VaR for each of the five BRICS
countries (Brazil, Russia, India, China and South Adiffajent performance metrics for the
evaluation of the estimated VafR considered hree different portfolios madp of different
combinations of equity index and foreign exchange (forex) assets were constructed for each BRICS
country. The data drawn fronstock market indices and foreign exchange mark&bdatae

five countriesln order to assess the performance of the VaR estimdi®rpapemnses
performance metrics such asghadratic probability scq@PS) function, the root mean square

error (RMSE), the number of exceptibpeediction failures and aage deviations (AD). Both

the normal and student t distributiansassumed.

Our findings showhatacrosghefive countries, thBCC perforns best followed by thé\DCC,

whilethe CCChas the worst performancehus most methods are in support of theadic
correlation models (DCC and the ADCAESmodels of dynamic correlation perform better than

the CCC. This indicates that dynamic correlations between assets are essential for portfolio risk
management in the BRICS. In addition, these resultsandecahportance of the use of models

that allow for asymmetries in both asset returns and correlations for appropriate VaR forecasts. In
terms of portfolio weights, of all three of our portfolios, PF3 (which gives more weight to foreign
exchanges (80%)daless weight to equities (20%)) showed a better performance across all four
models irthe countriexcoveredn our paperTherefore giving more weight to forex and less to
equities proves to be the best way of minimiasggin BRICS when holding a paiito made

up of forex and equitieur results are consistent with those of previous studies such as
MorimotoandKawasaki (2008isu Ku andWang (2008) and SastblogalesndRuiz (2013)

which affirm thamodels of dynamic correlatisnch aghe DCCoutperform the constant
correlation model (CCC) in forecasting VaR.

The findings of this paperovide investors looking into investing in BRICSc o umthtar i e s
guidelineon how to combinéoldingsn the currencgndequity markets in order to congtta
portfolio that minimizes loses. Investors rneadake informed decisiongh regard to portfolio
selection and market risk measurement. Howevsuggest that for further research, portfolios
with more than two assets be consida®they alloior better diversification. With the use of
more than two assets in a portfolio, the mean variance method, copulas, -thiteBizak

method and other portfolio optimization methods can be used to obtain more reliable portfolio
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weightsIn additionwe siggest the estimation of VaR factcembinedportfolio of all BRICS

countries.
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Appendix

Table Al South Africa badlesting results

SA AD QPS RMSE
VaR Model PF1 PF2 PF3 PF1 PF2 PF3 PF1 PF2 PF3
CCC_norm 0.508 0.568 0.624 0.045 0.077 0.045 1.042 1.178 1.243
CCC_t 0.514 0.576 0.625 0.045 0.071 0.045 1.046 1.186 1.241
DCC_norm 0.492 0.560 0.615 0.052 0.077 0.045 1.026 1.171 1.234
DCC_t 0.613 0.782 0.683 0.039 0.033 0.039 1.137 1.374 1.293
ADCC_norm 0.505 0.574 0.628 0.046 0.071 0.046 1.039 1.191 1.244
ADCC_t 0.574 0.639 0.721 0.045 0.058 0.033 1.100 1.244 1.325
Table A2 China backesting results
China AD QPS RMSE
VaR model PF1 PF2 PF3 PF1 PF2 PF3 PF1 PF2 PF3
CCC_norm 0.499 0.802 0.214 0.090 0.084 0.065 0.919 1.462 0.407
CCC_t 0.677 1.080 0.296 0.033 0.039 0.039 1.088 1.728 0.489
DCC_norm 0.834 1.314 0.377 0.026 0.026 0.033 1.239 1.956 0.558
DCC_t 1.152 1.850 0.455 0.026 0.026 0.026 1.544 2.468 0.633
ADCC_norm 0.835 1.329 0.381 0.026 0.026 0.033 1.247 1.980 0.564
ADCC_t 1.360 2.175 0.566 0.020 0.020 0.020 1.743 2.780 0.746
Tabk A3 India backesting results
India AD QPS RMSE
VaR Model PF1 PF2 PF3 PF1 PF2 PF3 PF1 PF2 PF3
CCC_norm 0.552 0.766 0.491 0.065 0.045 0.058 1.074 1.488 0.959
CCC_t 0.573 0.802 0.500 0.065 0.045 0.058 1.094 1.522 0.971
DCC_norm 1.111 1.763 0.593 0.026 0.020 0058 1.595 2.430 1.018
DCC_t 1.179 1.816 0.727 0.026 0.020 0.045 1.661 2.484 1.149
ADCC_norm 0.920 1.460 0.498 0.026 0.020 0.071 1.412 2.138 0.930
ADCC_t 0.845 1.297 0.557 0.033 0.026 0.065 1.364 2.020 0.985
Table A4 Brazil backesting results
Brazil AD QPS RMSE
VaR Model PF1 PF2 PF3 PF1 PF2 PF3 PF1 PF2 PF3
CCC_norm 0.757 1.002 0.683 0.084 0.077 0.065 1.433 1.964 1.330
CCC_t 0.755 1.002 0.700 0.084 0.077 0.065 1.431 1.964 1.326

25



DCC_norm 0.985 1.321 0942 0.052 0.045 0.052 1.659 2.286 1.562
DCC_t 0.744 1.013 0.690 0.090 0.077 0.065 1.420 1.973 1.317
ADCC_norm 0.721 0.971 0.690 0.077 0.077 0.065 1.404 1.940 1.316
ADCC_t 0.729 0.990 0.683 0.077 0.071 0.065 1.412 1.958 1.311
Table A5 Russia baelesting results

Russia AD QPS RMSE

VaR Model PF1 PF2 PF3 PF1 PF2 PF3 PF1 PF2 PF3
CCC_norm 2.373 4.883 0.809 0.065 0.020 0.351 4.299 6.385 3.858
CCC_t 2.526 5.239 0.798 0.058 0.020 0.358 4.460 6.763 3.846
DCC_norm 1.986 4.697 0.602 0.109 0.020 0.409 3.888 6.182 3.550
DCC_t 2.180 5.027 0.618 0.084 0.020 0.402 4.090 6.533 3.572
ADCC_norm 1.986 4.697 0.602 0.109 0.020 0.409 3.888 6.182 3.550
ADCC_t 3.304 7.057 1.054 0.033 0.020 0.313 5.276 8.783 4.123

Figure Al: Different VaR forecasts against realized returns (exceptions)
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