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Abstract
Stock market volatility is a cornerstone in modern financial analysis applied in a wide 

range of activities. By exploiting the existence of volatility clusters, conditional hetero

skedastic models have been shown to produce superior forecasts and throughout the past 

two decades a vast literature has emerged testing and extending them. For the emerging  

markets however, the models have been less rigorously tested although forecasting risk 

may be especially needed for these highly volatile markets. Further, as the most important  

advances within conditional heteroskedastic modeling took place before the turn of the  

millenium, challenging the models with data from the latest decade may spur new light on 

their capabilities.

Through analysis of daily index returns, this paper in several ways challenges the predictive 

abilities of the models. First, the models are estimated and tested on a sample of emerg

ing markets, all marked by rapid development and high stock market volatility. Second, the 

sample covers twenty years of data of which seven are reserved to out-of-sample testing.  

The latter comprise extreme market states in both directions whereby the predictive abilities 

of the models can be tested under challenging circumstances. Third, to assure the relevance 

of the research, the estimation and testing approach keeps to the practitioners view. This  

implies a large number of recursive estimations and a computationally intensive portfolio  

optimization test.

Several conclusions emerge from the analysis. The emerging markets are found to  

be volatile and their historically low correlations to the world market may not be  

permanent making volatility modeling highly relevant. For this purpose, the conditional  

models generally outperform the unconditional in outofsample testing as is found in  

developed markets. This result is fairly consistent and can be extended to the portfolio 

optimization process where an immense variance decrease was obtainable. Yet, the  

analysis finds that the conditional models over-shoot volatilities and that the predictive  

power is markedly lower for the Asian than for the European and Latin American countries.  

Also, the model fit to the single country generally appears much more important than inclu

sion of more elaborate model structures. Likewise, inclusion of asymmetric parameters only 

marginally improves performance.
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1. Introduction
The emerging markets have increasingly received attention from academics and practi

tioners throughout the past two decades. Their stock indices have provided high returns and 

ap peal to investors by being partly decoupled from the developed economies. The benefits  

however, have been compromised by high risks and emerging markets are often associated with  

financial turmoil and busts. 

Yet, for a wide range of financial institutions, geographic asset diversification is an impor

tant prerequisite for shrinking the risk exposure of stock portfolios or pension funds. The 

emerging markets have been highly attractive for this purpose, as their low correlations to 

the world market provided a cover. But with increasing capital market integration, not least 

in large markets such as the BRIC’s the diversification benefits may be diminishing and the 

low- correlation argument for emerging market investments may no longer be sufficient for 

at tracing investors. But given the volatile nature of the markets forecasting risk remains 

important.

Volatilities constitute a cornerstone in applied financial practice. For risk management  

operations, hedging strategies, asset valuation, option prizing and portfolio optimization,  

volatilities matter. Until the mid 80’s, the use of unconditional variance measures for portfolio 

optimization was common, with poor portfolio variance as a result. This practice is still 

exercised and taught in business schools for its practical ease. Yet, econometric advances 

have drastically improved the ability to forecast variances where especially the class of  

autoregressive conditional heteroskedastic models (ARCH) has received attention for  

providing a conditional measure.

Several financial institutions such as MSCI Barra offer variance predictions based on ARCH 

specifications – also for emerging markets. Yet, the ARCH models like unconditional models 

rely on past information for parameter estimation, which may challenge the ability of the 

models in adapting to structural changes in the market. As the last two decades have shown 

dramatic developments, political reforms and several booms and busts in these markets while 

the amount of new research is limited, doubt can be spurred about the general usefulness of 

the models. 

8
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1. Introduction

1.1 Research area
Based on the area of interest as briefly described in the introduction the problem statement 

and research questions are given in the following.

1.1.1 Problem statement

The purpose of this paper is to investigate and test the usefulness of commonly applied 

heteroskedastic volatility models in a broad range of emerging markets. The analysis should 

result in conclusions concerning the comparative strength and predictive abilities of the  

selected models, the importance of asymmetry and the practical impact from implementation 

of conditional variance measures.

1.1.2 Research questions

In order to answer the problem statement a range of research questions relating to the  

theoretical as well as empirical analysis must be investigated. 

The generalized class of ARCH models relies on assumptions regarding the underlying 

data of the volatility generating process. An overview of the stylized facts is sought with 

focus on the four moments as well as considerations about serial correlations and market  

efficiency. The paper also seeks to describe the theory behind the generalized ARCH models and  

discuss the extent to which they accommodate the stylized facts, and their respective  

performance in prior studies. The theoretical section also aims at mapping the necessary 

steps for identification, estimation and control of mean- and volatility structures. This also 

requires an introduction to the methodologies used for evaluation of the identified models.

The empirical investigation first aims at discussing what constitute the emerging markets, 

mapping their developments over the past two decades and discussing whether their  

return index data confirm the notion of increased co-movement between the emerging- and 

world market indices. Applying the theoretical frameworks to the sample of daily emerging  

market index returns entails identification and estimation of mean- and volatility structures 

for the emerging markets. In doing so, conclusions may be drawn regarding the efficiency the  

markets under scrutiny.  The investigation further aims at concluding whether a specific 

type of heteroskedastic model stands out as the best for volatility forecasting in emerging  

markets and to what extent comprising asymmetric effects improves performance. 
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This should also entail considerations regaring possible pitfalls encountered when generaliz

ing specific models to a wider universe of country indices. Finally, the paper aims at identify

ing the extent to which implementation of conditional variances improves performance in a 

practical setting over the use of an unconditional measure.

Thus, this paper seeks to answer to the problem statement by responding to the following:

• What are the stylized facts for daily index returns?

• Which models should be used for production of conditional volatility forecasts?

• What are the procedures necessary for identifying, estimating and controlling such  
models?

• How can out-of-sample testing be conducted to conclude on the practical implications of 
introducing a conditional rather than an unconditional measure?

• What constitute the emerging markets and how have they developed during the past two 
decades in terms of co-movements with the world market?

• How do the stylized facts of the emerging markets conform to those for the developed?

• What does mean structure identification reveal about the efficiency of the emerging  
markets?

• To what extent do the conditional heteroskedastic volatility models accomodate the stylized 
facts for the emerging markets?

• How well do the conditional volatility models perform when exposed to in-sample and out-of- 
sample testing? What are the differences across countries?

• Which models perform best? Can a gain from the introduction of asymmetric terms be 
identified?

• What are the practical implications of introducing conditional rather than unconditional 

variance measures in a portfolio optimization setting?

• How do the empirical findings match previous research on emerging market volatility?



11

1. Introduction

1.2 Methodology
While the practical appropriateness of volatility models for emerging markets is a focal  

element in this paper, it is also required that the analysis comprise considerations  

regarding the theore tical foundation of the models, expose them to tests and compare their 

applied capabilities.

The former will focus on presenting the theoretical background and justify the selection of 

the respective models while the latter aims at estimation using datasets of emerging market 

indices. These will then be used as background for the conduction of tests with the purpose of 

distinguishing the capabilities of the scrutinized models in applied settings.

The theoretical section will focus on presenting the models and their features. Although the 

econometric models presented are mathematically heavy, math will be used lightly as a short

hand language to the extent that it eases the understanding. 

Model selection and control is conducted in compliance with econometric theory primarily  

relying on residual test, information criteria and likelihoodvalues. Further, regression  

analysis, theoretical loss functions and portfolio optimization will be used for testing the 

applied and comparative value of the volatility models and an unconditional counterpart. 

Throughout the selection- and estimation process, the approach will aim at “allowing the data 

to speak for itself” confirming its statements through significance testing.

For allowing the conclusions to be interpreted in the context of practical use, the metho dology 

will aim at resembling the practical processes, as they would be conducted in an applied  

setting.

The empirical investigation is mainly conducted using STATA10. STATA features an  

extensive amount of preprogrammed models such as the GARCH, TGARCH and EGARCH 

used here. Likewise, the ARMA models and a wide range of statistical tests are directly 

available. Use was also made of Microsoft Excel, and for the portfolio optimization process, 

the mathematical programming language AMPL with the accompanying industrial solver  

MINOS 5.5 is employed. The STATA and AMPL coding can be found in Appendix A1.1 

through A1.4.
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1.3 Delimitation
Although mean equation structures constitute an important component of volatility model

ing, return prediction is not within the scope of this paper. Thus, this study does not try to 

prove or disprove the notion that returns may be predictable in emerging markets. Rather, 

the mean equations are used as a purely descriptive tool for achieving the optimal volatility 

predictions.

As focus will be on the theoretical procedures for implementation and identification of gener

alized ARCH models, the IT-technical implementation is left in the background. Also, while 

the likelihood maximization methodology applied for parameter estimation is presented, 

the algorithms based on which the optimizations are conducted fall outside the scope of the  

research questions. 

The choice of the emerging markets as empirical subject was made on the background of  

extensive literature review from a multitude of aspects. Yet, in the study they are analyzed 

from a purely financial point of view, that is, through their stock market behavior. This means 

that a large part of the emerging market literature research is unreported as it falls outside 

the focus. 

1.4 Appendices
As much of the analysis in the present paper is very space consuming, much of this has been 

moved to the appendices. The most central appendices are featured in Appendix A, which can 

be found after the list of references. Appendix B is featured on the attached data dvd media.

1.5 Data and sources
The main resource for data is the ThompsonReuters DataStream service provided by  

Copenhagen Business School. All data from DataStream is compiled by Thompson Financial. 

This section reviews the composition and sources of the included data based on Thompson 

Reuter´s Global equity manual (Web: ThompsonReuters 2010). All DataStream lookup codes 

are included in Appendix A1.5. The raw data is also attached on the data dvd media.
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1.5.1 Index composition

The main data resource is index return data for a number of emerging market countries 

and for the world index. The indices are calculated on a “Total market” basis meaning that 

they at all times comprise a representative list of companies in the country accounting for at 

least 7580% of the total market capitalization. All effect from nonpublic holding is ignored 

in the index formation. The compositions of all indices are reevaluated every January, April, 

July and October, while delisting of companies has immediate effect. A range of securities 

such as Warrants, Unit trusts, mutual funds, investment funds and foreign listings are not  

comprised in the indices. All indices are updated daily when closing prices are updated in 

London for each market.

1.5.2 The return index

The indices are calculated as “Fixed index”, which are not revised backwards whereby the 

effects of delisted stocks remain in the data. The advantage of this approach is that the 

survivorship bias that sometimes haunts financial analysis is avoided. 

The data is collected in the form of a return index (RI) for each country´s market index. The 

return indices comprise elements of stock holding, that is, price changes as well as dividends. 

All payouts are reinvested. The RI is thus defined as

(1.1)RI = RI
PI

PI
(1+

DY

n
)

t t-1
t

t-1

⋅ ⋅

where PI is the price index, DY is the dividend yield and n is the number of days in the  

financial year.

1.5.3 Definition of returns

For statistical purposes, the attributes of returns rather than indices are desirable.  

Returns make comparison of assets easier as they can be expressed in similar terms by using a  

common time-denominator whereby no scaling is required. For stock indices, the daily  

returns were calculated using log transformations. 
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Defining that  rt ≡ ∆ln(RIt ) for  RIt > 0, it is found that

(1.2)r = ln(RI ) - ln(RI ) =
ln(RI )

ln(RI )t t t-1
t

t-1

The return measure is not corrected for the riskfree interest rate as focus on a direct return 

measure is of interest rather than a measure of risk premium1.

1.5.4 Exchange rates

ThompsonReuters provides a consistent calculation method for exchange rates, yet for 

a few countries the exchange rate time series does not date back as far as needed and  

proxies were identified and used as replacements. Central bank rates were used for the  

Colombian Peso (03011992 to 18041994), the Hungary Forint (10121991 to 15061993) and 

the Philippine Peso (01-01-1991 to 18-05-1992) while a US FED noon rate was used for the Thai 

Baht (01011991 to 05/06/1991). Currency graphs for the analyzed countries are included in  

Appendix A1.6.

As international portfolio investors are assumed mainly concerned about returns in their 

home currency, it is common practice to express returns in a common denominator2. This  

approach is pursued in what follows by converting stock price indices to USD rather than  

local currency so that 

(1.3)RI
RI

S local USDUSD t

local t

t
,

,

( / )
=

where RI is the stock return index price and S is the spot price of the currency cross. 

1.6 Sample methodology
In selecting a sample of emerging market countries, use will be made of the MSCI  

definition by the end of 2009 leading to a portfolio of 21 countries. Further, Taiwan will be  

included in the sample. Due to data restrictions, Egypt and Morocco will be excluded,  

1 See for example Baekert and Harvey (1995), McKenzie and Faff (2005), Awartani and Corradi (2005), 
Marshall (2009).
2 See for example Baekert and Harvey (1995), Brooks et al. (2002) and Marshall et al (2009).
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whereby the sample comprises 20 countries. Israel (as well as Czech Republic and the South  

Korea) will be included despite their presently high income classification. The sample runs  

from January 1, 1990 through June 30, 2010. For most countries, daily data was not  

available from the starting date, thus the data series for those countries starts later as  

described in Table 1.1.

1.6.1 In-sample and out-of-sample techniques

The predictive ability of the models under scrutiny can be evaluated using different  

approaches. Crucially, all of these should eliminate the manipulative effects of data mining 

in order to achieve credibility. To assure the applied value of the models the method of separ

ating insample (IS) and outofsample (OOS) data may be applied3.

Frequent updating within the OOS period, whereby new information gradually impacts the 

models through reparameterizations or rolling regressions may be relevant. This approach 

includes an initial IS calibration sequence and a hold-out period for which the forecasting 

power is tested using a package of statistical tools. Neely (2000) notes that a sufficiently large 

IS period may help training the estimations so that diluted OOS power is less likely. The 

holdout sample (OOS) runs from 07012003 through 30062010.

3 The sampling approaches and the validity of OOS tests are widely discussed, for example, Inoue (2004) 
argued that the notion of stronger predictive power in IS testing as a result of data mining is flawed.
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Table 1.1

Sample periods and IS/OOS sample sizes

Country Sample start Sample end IS size OOS size Full sample size

Brazil 05071994 30062010 2345 1827 4172

Chile 20111990 30062010 3290 1827 5117

China 04051994 30062010 2389 1827 4216

Colombia 11031992 30062010 2949 1827 4776

Czech Republic 10111993 30062010 2514 1827 4341

Hungary 11121991 30062010 3014 1827 4841

India 31051990 30062010 3413 1827 5240

Indonesia 20111990 30062010 3290 1827 5117

Israel 04011993 30062010 2736 1827 4563

Malaysia 02011990 30062010 3520 1827 5347

Mexico 31051990 30062010 3413 1827 5240

Peru 04011994 30062010 2475 1827 4302

Philippines 02011990 30062010 3520 1827 5347

Poland 02031994 30062010 2434 1827 4261

Russia 28011998 30062010 1414 1827 3241

South Africa 02011990 30062010 3520 1827 5347

South Korea 31051990 30062010 3413 1827 5240

Taiwan 31051990 30062010 3413 1827 5240

Thailand 02011990 30062010 3520 1827 5347

Turkey 31051990 30062010 3413 1827 5240

World 02011990 30062010 3520 1827 5347

The table exhibits the periods and sample sizes for the analyzed country indices. The OOS period runs from 01
072003 through 30062010.
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2. Stylized facts for daily returns
Studies of financial markets rest on assumptions concerning the data attributes often  

referred to as stylized facts. These are based on empirical observations but cannot necessarily 

be generalized to markets with differing characteristics. This section introduces the concept 

of stylized facts in developed markets. The daily return series for the World4 portfolio is used 

to exemplify. 

2.1 Distribution and moments
The stylized facts for daily return series regards the characteristics and distributional abilities,  

of the four moments; expected returns, variance, skewness and kurtosis.

2.1.1 Expected returns

In its simple form under full market efficiency the expected returns are given as

(2.1)E r a
t t

( ) = +
0

ε

where a0 is the mean value and εt is a random shock. The mean value of daily returns is  

usually close to zero and usually statistically insignificant. If a0 = 0, then 

(2.2)E r
t t

( ) = ε

The common notion in finance is that returns are justified by risk. As daily mean values are 

close to zero, the deviations εt in both directions are driven solely by variance. 

Calculating the mean of a series of returns can be done in several ways. The arithmetic 

mean reflects the average return when the portfolio is rebalanced by each period and the 

total amount is fixed, while the geometric average reflects the return of a buy-and-hold  

strategy in which the gains are passively reinvested. The magnitude of the difference between  

approaches depends on the sample variance.

4 The world portfolio represents a mix of the world’s assets leading to a high natural weight on developed 
markets.
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2.1.2 Variance

Risk in financial time series is usually quantified through price variation defined as the  

variance or standard deviation. This follows from the notion that volatility cannot be directly 

observed whereby a daily, weekly or monthly proxy is needed. The daily standard deviation 

can be found as

(2.3)σ µ= −
=∑1 2

1n
x
ii

N
( )

where N is the number of daily observations, xi is the observed outcome for each day and μ is 

the mean value of xi.

In econometric analysis it is a common assumption that the volatility or variance of the  

dataset is constant in time, a phenomenon known as homoskedasticity. In regression analysis 

using the ordinary least squares method (OLS), this is a necessary assumption in order for 

the estimate to be BLUE (Best linear unbiased estimator). Ignoring the presence of hetero

skedasticity may lead to an overestimation of the goodness of fit5 (Gujarati 2003).

Despite this it is easy to show that volatility is seldom constant in time. This is true for many 

kinds of financial and economic time series such as real investments, interest rates, exchange 

rates or stock and index price changes (Enders, 2010). A common pattern is that variance 

is ruled by periods of tranquility followed by periods with large deviations6. Figure 2.1  

exemplifies this for the returns of the World index.

The consequence of volatility clustering is that returns cannot be described as independent 

even in the absence of serial correlation because the clusters indicate that the squared or 

absolute deviations are serially dependent. Further investigation has demonstrated that the 

serial correlation of squared returns decays as a function of time (Cont 2000).

Another common finding is that return volatility is influenced by the state of the market. On 

average, volatility in the past has been larger in falling than in rising markets7. Zimmermann 

et al (2003) find that this is the case for all developed countries except Austria. 

5 Although the estimator may still be linear unbiased, it is not efficient or “Best” and does not have mini
mum variance in the class of unbiased estimators (Gujarati 2003).
6 This was first formulated by Mandelbrot who noted that “large changes tend to be followed by large 
changes-of either sign-and small changes tend to be followed by small change” (Mandelbrot 1963).
7 Wu and Xiao (2002) conclude that while negative returns are correlated with changes in volatility, posi
tive return shocks and volatility is apparently uncorrelated for the S&P index.
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One direct effect is that bear markets in the past have been shorter but steeper, while bull 

markets typically have been dominating in time, but less strong. 
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Figure 2.1. The variance of daily returns in percentages for the World index. The fig
ure exhibits the existence of volatility clustering where high and low volatility clusters 
together in periods. The sample spans from 01011990 through 30062010. Source: 
Thompson-Reuters DataStream and own calculations.

This asymmetry is generally accepted for some asset returns, while others such as exchange 

rates remain more symmetric in nature (Cont 2000). Several explanations can be given for 

this. Most influential has been the leverage effect (Christie 1982), according to which the vola

tility of a financial asset is correlated with the amount of leverage  of the underlying company. 

As volatility is a decreasing function of market size, theory states that negative returns leads 

to higher leverage as the market value of equity decrease whereby the volatility is caused to 

rise. While this is an appealing explanation, critiques hold that the leverage effect account 

for only a small fraction of the movements in stock returns. Schwert (1989) finds that while 

the leverage effect is significant, factors such as interest rates and corporate bond return  

volatility are important while, none of them are dominant8. 

8 Macroeconomic outlook and -climate appear relevant from past research. Schwert (1989) notes, that during  
the Great depression of 1929-1939, the general level of stock return volatility was two to three times larger, than 
the longrun average.
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2.1.3 Skewness

The distributional form of daily returns is often assumed to follow normality implying  

symmetry. In practice it is observed that for very large samples of stock portfolio returns, the 

distributional form is negatively skewed. Skewness, or the third moment, is found as; 

(2.4)ˆ( )
( ) ˆ

( ˆ )s x
T

x
x

t xt

T
=

−
−

=∑1

1 3 1

3

σ
µ

and,

(2.5)t
s x

T
=

ˆ( )

/6

where t is the test statistic and for which H0: s(x) = 0. For the world portfolio a negative  

skewness of -0.3547 is found. With 5347 observations this gives a test statistic of -10.59  

rejecting H0 thereby confirming the presence of skewness.

2.1.4 Kurtosis

Daily stock returns entail extreme observations putting more weight on the tails than  

expected under normality. This phenomenon is referred to as excess or leptokurtosis and is 

similarly found in monthly returns.  Leptokurtosis is found more often in stock indices than 

for individual stocks (Tsay 2005). The normal distribution of x produces k(x) = 3, therefore the 

measure k(x) - 3 define excess kurtosis and can be found as 
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where t is the test statistic and for which H0:  k(x) - 3 = 0. For the world portfolio excess  

kurtosis of (11.113) = 8.11 is found. With 5347 observations this gives a test statistic of 

165.81 soundly rejecting H0 thereby confirming the presence of excess kurtosis.
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2.1.5 Adequate distribution

As shown, the world portfolio exhibits both leptokurtosis and skewness, signaling that the 

normal distribution may not provide the best description of the data. 
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Figure 2.2. Histogram of daily returns in percentages for the World index.  
The figure exhibits the extent to which the returns are normally distributed.  
The black reference line shows perfect normality and the grey colums demonstrate 
the sample. The sample spans from 01011990 through 30062010. 
Source: Thompson-Reuters DataStream and own calculations.

Figure 2.2 and 2.3 provide graphical representations of the extent to which the daily return 

series (in this case for the world portfolio) conform to normality.

The identification of the adequate distributional form for stock returns has been disputed 

since empirical investigations pointed to the incapability of the normal distribution in this 

respect9. Especially, the presence of skewness and kurtosis has caused the rejection of the 

normal distribution for financial return series (Akgiray 1989).

Several alternative distributions have been suggested. Praetz (1972) suggest Studentst  

distribution and demonstrated that it outperforms the distributions suggested by  

Mandelbrot (1963) as well as the normal distribution. This was confirmed by Bollerslev 

(1987) and Nelson (1991). The generalized error distribution (GED) is likewise often applied 

9 Mandelbrot (1963) noted that “the empirical distributions of price changes are usually too “peaked” to be 
relative to samples from Gaussian populations”.
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in academic research10. Nwogugu (2006) notes that for financial time series, identifying any 

one correct distribution is infeasible, as the data over time does not conform to any specific 

distribution.
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Figure 2.3. Probability plot of daily returns in percentages for the World index.  
The figure exhibits the extent to which the returns are normally distributed.  
The black reference line shows perfect normality and the grey line refers to the  
sample data. The sample spans from 01011990 through 30062010. 
Source: Thompson-Reuters DataStream and own calculations.

Yet, it is a common observation that as the compilation time scale for return series increases 

their distribution converges toward normality11 (Anderson 2009). Further studies indicate 

that for many purposes, proper model specification is much more important than fitting 

the right distribution (Liu and Hung 2009). The normal distribution is also widely used as  

providing the best balance between precision and convenience12. 

10 See for example Nelson (1991) and (Pierre 1998).
11 This is often referred to as Aggregational Gaussianity and is mainly observed for low-frequency data. 
See for example Cont (2000).
12 The appealing feature of the normal distribution is its ability to explain data from mean and variance. 
Also, the possibility of aggregation horizontally of a multitude of normally distributed series is appealing for appli
cations in portfolio management as it allows identifying a mean return as a weighted average (Elton et al 2007).
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2.2 Correlations and market efficiency
In this section, the stylized facts regarding correlations, serial correlations and market  

efficiency are presented.

2.2.1 Correlation

Empirically it has been observed that by the increasing integration of the world capital 

markets, the asset returns in different countries grow increasingly correlated (Cont 2000). 

For portfolio management the portfolio variance rather than individual asset variance is of  

importance, which in the context of modern portfolio theory makes correlations important. 

The correlation between the world market and an individual country is often studied in 

the context of country risk where international versions of CAPM-styled Betas13 are found. 

These depend not solely on the timevariance of the standard deviations but also on the time 

varying behavior of the correlations14. Empirically it has also been observed that stock return 

correlations are negatively correlated with the market behavior (Zimmermann et al 2003).

2.2.2 Serial correlation

Usually financial asset returns do not exhibit serial correlation (Akgiray 1989; Bollerslev 

1987), which leads to return patterns following a white noise process. Fama (1971) found 

that for daily common stock returns, the first-order serial correlations are so small (although 

significant) that their benefits would be absorbed by the transaction costs. With modern IT 

technology, the possibilities of arbitrage have been further diminished leading to an even 

faster closing of serial correlation gaps. Depending on the asset type, serial correlation decays 

toward zero within minutes of trading in highly liquid assets (Cont 2000). Yet, some serial 

correlation will appear when the time scale is increased to daily, weekly or monthly obser-

vations. Engle (1982) and McNees (1979) found that serial correlation especially tend to arise 

in periods of high volatility.

13 Often, the country beta is derived even simpler by running a simple regression of the country returns 
against the world market returns; see for example (Brooks et al 2002).
14 Different approaches are available for the modeling of timevarying correlations. Recently, Engle  
suggested a dynamic correlation coefficient (DCC) model (Engle 2002) that seems to provide more accurate beta 
estimates.
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Importantly, when the analysis regards collections of asset returns such as stock indices  

serial correlation is also likely to be found (Tsay 2005). One explanation of this finding is 

that the serial correlations arise resulting from nonsynchronous trading (continuous trading 

for liquid and discrete for illiquid companies) so that trades in the closing minutes may be 

included in the calculation of the price in time t for liquid companies while for the less liquid 

companies the corresponding trades will occur in t+1. As the liquid and illiquid companies 

are comprised in the same index this dynamic can generate first-order serial correlation in 

daily returns (Scholes 1977). Ogden (1997) test and reject this theory concluding that high  

frequency trading has eliminated this difference. It is found however, that the non-  

synchronous pricing of publicly available information due to transaction costs and differences  

in processing time leads to the same type of intraindex displacement and thereby serial  

correlation (Ogden 1997).

The use of daily return data may also lead to distorted results from spatial dispersion as  

trading is not conducted simultaneously, and some information or events may affect the  

different markets in different opening days. Solnik (2000) finds that this is relevant when  

analyzing global indices using daily as well as weekly samples. 

2.2.3 Market efficiency

The market efficiency hypothesis can, according to Fama, be reduced to the statement that 

“…security prices fully reflect all available information” Fama (1991). From this follows that 

companies and investors invest with the information set containing all available information 

being reflected in the market prices. 

Fama (1971) reviewed the existing literature and considered three definitions of market  

efficiency that all since then has been the main point of reference in research on the area. 

More specifically, the weak, semi-strong and strong efficiencies define three subsets of  

infor  mation against which the behavior of the market can be tested. The weak form comprise 

all historical prices, in the semi-strong definition all publicly available information is added to 

the information set and the strong form tests whether given groups have monopolistic access 

to priceaffecting information (Fama 1971, Elton et al 2007). 
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The serial correlation previously discussed is strongly linked to market efficiency in that the 

presence of serial correlation rejects the efficiency hypothesis by implying that rt depend on 

rt1 whereby not all available information is priced. Empirically it has been hard to verify that 

markets work fully efficient and frictionless, which also would imply that all investors price 

all information uniformly. 
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Volatilities are of more than theoretical importance and so is the task of forecasting them. 

Calculation of option prices, hedging strategies as well as portfolio optimization all depends 

crucially on the ability to predict future deviations. In the theoretical framework underlying 

classical portfolio theory, unconditional measures of variance were used as a proxy for future 

variance whereby the implicit assumption of constant variance is made. As this assumption 

cannot be fulfilled in practice variance and volatility forecasts need to be constructed using 

models accommodating the stylized facts as presented.

By the 1980´s the autoregressive conditional heteroskedastic (ARCH) model was introduced, 

and have since been tested, reformed and developed. Its popularity was spurred by their  

ability to generate conditional volatility forecasts and they are generally accepted as  

providing a good fit for financial time series.

This section will be structured as following. First, the most important basics of time-series 

analysis will be briefly outlined. Next, the mean value equations using the ARMA specifi-

cations will be presented and discussed. Then, the ARCH-family models will be introduced  

followed by the generalized version, GARCH. Two versions of asymmetric GARCH models 

will thereafter be introduced.

3.1 Stationarity
Time series analysis is the branch of econometrics concerned with analyzing sample data 

indexed in time. For time series analysis like with most statistical analysis, the task is to 

approximate the behavior of a population by use of a limited sample. The basic concept of 

stationarity is central for this purpose and will be briefly presented in the following.

3.1.1 Conditions for stationarity

The stationarity assumption is central to timeseries analysis. Several interpretations of  

stationarity exist. A stochastic process can be interpreted as weakly stationary when its two 
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first moments exhibit a constant pattern in time. Further, the covariance between equally 

distant observations should be constant and finite. These characteristics can be expressed as;

(3.1)E y
t

( ) = µ

(3.2)var( ) ( )y E y
t t
= − =µ σ2 2

(3.3)cov (( )( ))
k t t k

E y y= − −
+

µ µ

where equation 3.1 represents the mean, 3.2 represents the variance and 3.3 is the covariance 

at time t to t+k (Gujarati 2003, Wooldridge 2003).

In the strict sense, stationarity implies that the joint distribution of the time series is time  

invariant, meaning that the kurtosis and skewness is included in the definition. Generally 

the finance literature acknowledges that this definition is very hard to verify empirically, 

thus the commonly assumed stationarity requirement is the weak (Tsay 2005).

If the stationarity assumptions cannot be fulfilled it implies a time variant behavior of the 

data under analysis whereby conclusions drawn based on a sample no longer can be assumed 

appropriate for the population at large. Other issues relate to time series analysis on non

stationary data. Crucially, Yule (1926) showed that in non-stationary time series, the risk of 

concluding that unrelated variables are significantly correlated is large, even for large sample 

regressions15. 

3.1.2 Checking for stationarity

Testing the stationarity implies testing the validity of the equation 3.1 to 3.3. Testing for 

unit roots making the data series nonstationary can be done by applying a number of tests 

of which the most recognized and used are the Dickey-Fuller test as well as its augmented 

version (Dickey and Fuller 1979; Tsay 2005). For some data series, stationarity is strongly 

indicated by the plot of the data series. The latter is usually the case for return data, that is, 

differentiated or logs of price data.

15 A concept known as spurious- or non-sense correlations (Yule 1926).
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3.2 Mean equation estimation
The mean equation is the process defining the expected stock returns. In financial theory and 

practice this is of importance primarily as a descriptive tool. 

The random walk model as price process has been scrutinized repeatedly, as discussed in  

Section 2.1.1. MacKinlay (1988) finds that stock returns do not resemble a random walk  

process when weekly (5-days) returns are considered. As a possible process a specification 

including a lag of one-week returns is suggested and it is stressed that the serial correlation 

cannot solely be attributed to infrequent trading. The most widely used procedure for defining 

mean equations is through identification of ARIMA structures (Tsay 2005, Gujarati 2003). 

ARIMA structures consist of a term for autoregression, one for integration and one for moving 

average effects and will be discussed in the following.

3.2.1 Autoregressive processes

Under circumstances preciously discussed, stock returns may be serially dependent so that 

the returns from previous time periods impact future prices. These may be specified as  

autoregressive (AR) or moving average (MA) models. To get an understanding for these classes 

of mean models it is useful to regard the commonly used specifications for stock returns such 

as the AR(1) model16. Its predictive power comes from the first order serial correlation in the 

time-series whereby rt can be partly explained by rt1.

The specification of the AR(1) model for rt is given by

(3.4)r a a r
t t t
= + +

−0 1 1
ε

where εt is a white noise process and |α1| < 1. The coefficient α1 defines the dynamic structure 

of  rt. If α1 = 1, then α0+εt  specifies a random walk for the price process. In order for the AR(1) 

process to be stationary the coefficient for the autoregressive term must be |α1| < 1, other

wise the process will grow toward infinity.

Given stationarity, the expected outcome in each period is equal to the mean value μ and 

because E(εt ) = 0, this can be expressed as

16 See for example Nelson (1991) and Lo and MacKinlay (1988).
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(3.5)E r a a E r
t t

( ) ( )= +
−0 1 1

By repeated substitutions equation 3.5 can be elaborated to;

(3.6)E r E a a a a r e
t t t

( ) ( ( ))= + + +
− −0 1 0 1 2 1

Through such substitutions, the function for expected returns can be generalized to show the 

timedependence of the unconditional return at time t. If the time series is stationary according 

to equation 3.1 – 3.3 it must follow that

(3.7)E r E r
t t

( ) ( )= =
−1

µ

where μ expresses the mean of r. The stationarity assumption leads to  rt being dependent on  

α0+α1μ whereby it becomes apparent that,

(3.8)E r
a

at
( ) = =

−
µ 0

1
1

That is, α0 expresses the expected mean value of the stationary AR(1) process and thus that 

E(rt = 0|α0 = 0). 

Lo and MacKinlay (1988) notes that while useful, the AR(1) model is too simple to appro-

priately fit an index return series, but that no satisfactory model exists yet. As shown in 

equation 3.6 a larger range of information sets Ψtp can be included for longermemory models 

whereby the AR(p) models are formed defined as 

(3.9)r a a r a r a r
t t t p t p t
= + + + + +

− − −0 1 1 2 2
... ε

The conditional first moment of the autoregressive AR(1) … AR(p) models are as shown in 

the above, timevariant, that is, the expected return depends crucially on the past returns.  

The second moment of the autoregressive models however, are constrained so that the condi

tional variance is

(3.10)E E
t t t

( ) ( )ε ε σε
2

1
2 2Ψ

−
= =

which implies that the conditional variance is time-invariant and therefore does not change 

when conditioned by Ψt1. 
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3.2.2 Moving average processes

While the autoregressive model specifies the process given by effects from previous periods 

returns affecting the present return, the idea of the moving average model is that the past 

error terms influence the present outcome.

In some cases, there may not be any reason to believe that the order of serial correlation is 

finite, thus models exist where prior shocks remain thereby affecting all future observations 

p as in equation 3.9. Assuming that the prior errors have decaying importance for the  

estimation of rt, a moving average term can be estimated. In such a process the return at time 

t is a function such that;

(3.11)r a r r r
t t t

q
t q t

= − − − +
− − −0 1 1 1

2
2 1

θ θ θ ε...

where θ1 is the parameter common to all the lagged terms and where |θ1| < 1 to secure 

stationarity. The latter restriction can be used to show that the importance of the respective 

power term decreases the influence. Inverting equation 3.11 it is found that

(3.12)ε θ θ θ
t t t t

q
t q

r a r r r= − + + +
− − −0 1 1 1

2
2 1
...

from which it can be directly seen that the shock at t is a result of the linear combination of rt   

and the past shocks with exponentially falling weights as long as |θ1| < 1. 

Specifying the order of moving average terms q included, the equation can be rewritten to 

show that

(3.13)r a
t t t q t q t
= − − − +

− − −0 1 1 2 2
θ ε θ ε θ ε ε...

While the MA model is less intuitive than the AR model, the difference between them in  

practice may not be large. Nelson (1991) notes that the similarity between an AR(1) and 

an MA(1) is large when coefficients are small and the first order autocorrelation is equal.  

To account for inefficiencies in stock portfolios or indices, the MA methodology has by some  

authors been deployed instead of the AR specification17.

17 See for example French et al (1987).
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3.2.3 Integrated processes

As described previously, stationarity is required of the data. If the data process has a unit root 

such as a random walk without drift, it is integrated of order one. By differentiating it once it 

turns stationary, thus into a time series integrated of order zero (Wooldridge 2003; Gujarati 

2003)18. 

3.3 Volatility models
For many financial and economic time series, valuable information about variance is  

contained in the past term implying that (Ψt | Ψt1 ). For many purposes, conditional forecasts 

 therefore are preferable to unconditional forecasts (Enders 2010). In the following, the  

influential ARCH and its generalized equivalent will be presented.

3.3.1 The ARCH model

Engle (1982) introduced his autoregressive conditional heteroskedastic (ARCH) model by 

which the dynamic dependency in variance can be exploited19. 

“For real processes one might expect better forecast intervals if additional 

 information from the past were allowed to affect the forecast variance…” 

        Engle (1982)

In a forecasting perspective, the mean and variance of a volatility model at time t is given as

(3.14)µ
t t t
E r=

−
( )Ψ

1

and 

(3.15)σ µ
t t t t t t

r E r2
1

2
1

= = −
− −

var( ) (( ) )Ψ Ψ

meaning that the conditional expected return as well as the expected squared deviation from 

the mean are functions of the information set Ψt-1. 

18 The issue of integration relates to a number of interesting topics in econometrics outside the scope of this 
thesis.
19 In Engle (1982) the class of models is introduced and applied to a time series of inflation demonstrating 
vast superiority over the unconditional measures.
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By letting the conditional variance be parameterized by information in Ψ,  the model turns 

heteroskedastic. Engle defined the properties of the ARCH model using the following  

notation,

(3.16)Y N x h
t t t t
Ψ

−1
 ( , )β

(3.17)h
t t p t p
= + +

− −
α α ε α ε

0 1 1
2 2...

(3.18)ε β
t t t
Y x= −

where Ψ denotes the information set available at time t and β is a vector of unknown para-

meters constituting the mean of Yt so that εt expresses the shock or innovation at time t 

(Engle 1982). In its simplest multiplicative form, Engle proposed a specification for εt  so that

(3.19)ε υ
t t t

h=

where υ is a white noise process at time t with βt
2 = 1. Due to the effect of υ it follows that 

E(εt)=0 and that εt  to εtp are serially uncorrelated while dependent in their second moment.

For the ARCH(1) process this implies that 

(3.20)E r E
t t t t t t t

(( ) ) ( , ...)− = = +
− − − −

µ ε ε ε α α ε2
1

2
1 2 0 1 1

2Ψ

whereby a large realized shock in t-1 will be reflected in the conditional variance at t (Enders 

2010). Whereas returns can be negative as well as positive, only positive values make 

sense for variances. This restricts the sum of the parameters α0, α1,… αp  to be positive. The  

stationarity of the processes is assured by restricting the parameters so that 0 ≤ ∑q
i=1 αi  ≤ 1. 

In effect, since α1,… αp cannot be negative, the minimum value of α0+α1ε2
t1,…+αpε2

tp is zero. 

If  αi = 0, the term is non-existing, which for the ARCH(1) model, means that no ARCH effects 

are present in the data.

The ARCH models can be estimated using varying laglengths denoted p so that the predicted 

volatility ht  at time t depends on the parameterized squared shocks in α1 through αp  in equa

tion 3.17. Inserting the ARCH(p) into the specification for εt in equation 3.19 it is found that 

(3.21)ε α α ε
t i t ii

q
= +

−=∑0
2

1
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3.3.1.1 Weaknesses of the ARCH model

Despite the Nobel Prize awarded to Engle20, the ARCH model has some weaknesses with 

importance for practical application on financial data. 

First, as the ARCH model is purely descriptive it provides no guidance as to the causes of the 

behavior of the data. Nwogugu (2006) note that as such, the ARCH class models are naïve as 

they assume that volatility can be explained solely through mechanical descriptive analysis, 

ignoring other sources of volatility such as liquidity, psychology or legal issues21. 

Secondly, the ARCH models assume symmetry in reactions to positive and negative shocks. 

This follows from the structure of the model by which it reacts to the square of the previous 

period’s realizations thereby analyzing the residuals as absolute figures. As described in  

Section 2.1.3 and 2.1.5, this may be of importance as a difference is expected ex ante. 

Third, as the ARCH models is a short memory specification, a large number of estimators 

may be needed in practice, which gives rise to high data requirements, and fourth, there is 

a risk that the deviations may be over predicted due to the inertia in the models reaction to 

large isolated shocks (Tsay 2005).

3.3.2 The Generalized ARCH model

By letting the conditional variance process mimic an ARMA process, Bollerslev (1986) intro

duced the generalized ARCH (GARCH) model. This model has been shown to accommodate 

financial time series well especially volatility clustering and excess kurtosis.

The error process follows the definition from equation 3.21 where still υt represents a white 

noise process with σ2
t = 1. Yet, the heteroskedastic variance process ht in the generalized 

ARCH is revised to encompass a moving average term. The conditional variance thus  

depends on lagged squared residuals as well as lagged estimates of variance so that

(3.22)h h
t i t i i t ii

q

i

p
= + +

− −== ∑∑α α ε β
0

2

11

20 Robert F. Engle received the Nobel prize in Economics sciences 2003 “for methods of analyzing economic 
time series with time-varying volatility (ARCH)” (Web: nobelprize.org 2010) 
21 While this is true, the incorporation of independent variables in the model specifications may provide a 
valid remedy to such objections.
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Responding to the criticism of Engle´s model, the advantages of the generalized version are 

clear. While the generalized volatility model contain q + p + 1 parameters rather than p+1 

in the ARCH model, the moving average terms p, allow for a longer memory in a more parsi-

monious representation. Similarly, a simple version such as the well-known GARCH(1,1) 

can be shown to mimics the behavior of an ARCH(∞) model whereby all previous residuals  

contribute to the parameterization of the volatility at time t (Anderson et al 2009). This makes 

it easier to identify and estimate and often leads to a less restricted specification22 (Enders 

2010).

To verify the existence and stability of the variance, the restrictions 0 ≤ αi + βi < 1 must be 

fulfilled. If αi + βi > 1 the variance is covariance nonstationary and our models may fail to 

correctly assess future period´s data23 (Bollerslev et al 1992). In general, αi + βi expresses the 

persistence of the model, that is, how long a shock to the conditional variance remains in the 

data. In the GARCH(1,1) model, it is clear that larger values of  αi leads to greater volatility 

in the forecasted errors, while high values of βi indicate higher persistence. 

That a low number of parameters are usually sufficient in explaining the second moment of 

financial time series has been empirically backed by a vast academic literature. Bollerslev et 

al. (1992) review this and find that in most research the simple GARCH(1,1), GARCH(1,2) 

and GARCH(2,1) were the most adopted specifications. This is also the case with large  

samples over large time scales. French et al (1987) successfully applied a GARCH(2,1) model 

using daily S&P returns to calculate monthly standard deviations in a time period from 1928 

to 1984. For many purposes, the simple GARCH(1,1) have proven sufficient for modeling 

volatility in stock returns, interest rates and foreign exchanges (Bollerslev et al 1992,  

Anderson et al 2009). Hansen and Lunde (2001) tested 330 different volatility model  

specifications24 on daily returns in currencies and concluded that no specifications could be 

shown to significantly outperform the simple GARCH(1,1)25. 

In accommodating the stylized facts described in Section 2, the GARCHtype models are ef

fective by allowing for the volatility clusters frequently observed. This is the case because 

a high value of ε2
ti or hti will result in a high ht, whereby the pattern of high volatility following 

22 Because it can be specified using less parameters.
23 That is, the conditional variance forecasts will not converge to their unconditional variance.
24 Formally 55 different specifications but tested using different error distributions and mean equations.
25 When the ARCH(1,1) model was used as benchmark it was clearly dominated by a wide range of models.
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high volatility and low following low is generated. Of importance is also that the GARCH 

models have been shown to capture the leptokurtic characteristics as previously described. 

This is the case for most GARCHtype models given that βi > 0 (Tsay 2005)26.

3.3.2.1 Weaknesses of the GARCH models

The GARCH models are criticized for imposing restrictions to the parameters that sub

sequently are violated during estimations. Especially the restrictions that αi ≥ 0 and βi ≥ 0 are 

often violated in practice leading to disqualification of the specification (Nelson 1991).

Like the ARCH model, the GARCH model is criticized for not giving any inside as to the 

sources of variance. The modeling process is still mechanical and purely descriptive or in 

other words, the models are statistical rather than economic. Also, similarly to the ARCH 

model, the pure GARCH model is unable to capture asymmetric effects.

3.4 Asymmetric Volatility models
As previously discussed, it may be expected that the stock return series are asymmetric.  

This implies a negative correlation between observed returns and next period´s volatility,  

so that a positive return results in a smaller volatility while a negative return increases  

volatility (Nelson 1991). 

3.4.1 Previous studies on asymmetric volatility models

Several models exist for modeling the asymmetric characteristics of return volatility. 

Among the most influential are the Exponential-GARCH (Nelson 1991), the Threshold-

GARCH (Glosten et al 1993) and the QuadraticGARCH (Engle and Ng 1993) or in short the  

E/T/QGARCH. Since the introduction of the asymmetric model in the 90´s, a large amount 

of research has been conducted to compare their capabilities. Franses and Van Dijk (1996) 

investigates the Q- and T-GARCH models on weekly stock returns from five European stock 

26 See for example Franses and Van dijk (1996), Gokcan (2000) and Goeij and Marquering (2004).
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exchanges and conclude that the former is superior to the latter in forecasting abilities.  

The test also showed that all of the tested models are very sensitive to outliers. Gokcan 

(2000) compares the linear GARCH with the non-linear EGARCH for a selection of emerging  

markets using monthly stock index returns. Comparing the models by the AIC  

measure as well as in forecasting errors, the simple GARCH model proves more reliable in 

both. Forte and Manera (2002) challenges this by concluding, that for daily returns on the  

European stock indices, both the Q- and T-GARCH results in smaller forecasting errors when  

compared to the linear GARCH. They simultaneously conclude that none of the models  

provide satisfactory precision in outofsample tests. Wu and Xiao (2002) use the VIX27 as 

a proxy for volatility and test the EGARCH models ability to capture asymmetries. They  

conclude that Nelsons model captures most of the asymmetric effects when return shocks are 

low. However, when the shocks are large, the model does not generate sufficient effect in the  

predicted volatility. Awartani and Corradi (2005) support this conclusion in a large study 

comparing the performance of various asymmetric models on the S&P500 volatility.  

The non-linear models generally dominate the linear specifications of GARCH and the 

EGARCH is the best performing asymmetric model followed by the TGARCH. In a follow-up 

study Liu and Hung (2009) find the asymmetric models outperforming the symmetric while 

the TGARCH marginally outperforms the EGARCH.

3.4.2 Threshold-GARCH

The Threshold version of the GARCH model allows for asymmetry by the use of a dummy  

variable. Glosten, Jagannathan and Runkle (1993) introduced the most widely used  

specification (often referred to as the GJR-GARCH) of this model given as

(3.23)h d h
t i t i t t i i t ii

q

i

p
= + + +

− − − −== ∑∑α α ε λ ε β
0

2
1

2

11
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where d is a dummy variable taking the value 1 if εt1 < 0 and the value 0 if εt1  ≥ 0.  

Significance of the dummy parameter indicates the existence of a threshold effect. While the 

model captures the asymmetries and thereby serves as a remedy for some of the problems 

with the standard GARCH model, it still imposes the same constraints of non-negativity. 

27 The VIX is the notation for the Chicago Board Options Exchange Market Volatility Index that refers to 
the volatility of the S&P500 index options (Web: CBOE 2010).
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This requires that 0 ≤ αi + λ  and  0 ≤ αi preventing predicted volatility from being negative. 

For the model to be stationary, it is required that the sum of the coefficients is no larger than 

1 (Tsay 2005; Enders 2010).

While the GJR model uses squared residuals and squared volatilities the model by Zakoian 

(1994) uses absolute values so that 

(3.24)h d h
t i t i t t i i t ii

q

i

p
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− − − −== ∑∑α α ε λ ε β
0 1 11

( )

The GRJ specification for the TGARCH model is adopted here.

3.4.3 Exponential-GARCH

The exponential GARCH model of Nelson (1991) solves several of the problems identified 

with the GARCH models. In order to exploit the empirical observation that volatility is  

negatively correlated to returns, the conditional variance of the EGARCH model is allowed 

being a function of the size and sign of the lagged residuals. The model is defined as;

(3.25)ln ( ( )) lnh Z Z E Z h
t t i t i t i i t ii

q( ) = + + − + ( )− − − −=∑α γ δ β
0 1ii
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=∑ 1

(3.26)E Z
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The model differentiates itself from the standard GARCH model, through its parameters 

γ and δ which determines the asymmetry in the model28. If γ = 0 no asymmetry is identified, 

while for γ < 0, negative values of  Zt results in larger volatility. δ determines the size effect 

in the shocks so that if δ = 1 the shocks in volatilities are equal. In other words, the equation 

secures the asymmetry effect by being defined so that if Zt is positive, the effect of the shock 

on the log of the conditional variance is γ + δ while if Zt is negative the effect of the shock on 

the log of the conditional variance becomes γ + δ (Enders 2010). 

28 And correspond to αi in 3.2.2 and 3.2.3.
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By letting the variance be expressed exponentially, the implied value of the volatility can never 

be negative regardless of the sign of the coefficients whereby the EGARCH represents a less 

constrained specification. For stationarity it is however necessary that |β| < 1   (Nelson 1991). 

3.4.4 Weakness of the asymmetric models

While the asymmetric models accommodate the stylized facts relating differences in volatility  

in different market states, the models usually comprise more parameters to be estimated.  

While the standard GARCH(1,1) model requires estimation of 3 parameters, both the 

EGARCH(1,1) and TGARCH(1,1) require 4. Also, these models are often hard to maximize 

and more often prove convex. Especially, the EGARCH model is known for being compu-

tationally tough leading to unstable results29. 

29 See for example Engle and Ng (1993), Dahl and Iglesias (2008).
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The GARCH models simultaneously estimate processes for the first and second moment. 

These estimations rely on correct specification of both mean and volatility processes.  

Further, it is necessary to conduct statistical tests to identify error sources and potential mis

specifications. 

This section describes the identification, estimation and controlling procedures in more  

detail. First, a range of central diagnostic tests are presented. Secondly, the model identification 

processes for the ARMA and GARCH processes are described. Third, the details related 

to parameter estimation are provided including an introduction to the maximum likeli

hood method. Fourth, the model control procedure is presented briefly commenting on the  

application of the diagnostic tests.

Lastly, this section introduces the methodology used for evaluating the performance of the 

models, which comprises in-sample as well as out-of-sample tests and application.

4.1 Diagnostic tests
To support the various analyses, statistical diagnostic tests are necessary. Most of the tests 

are directly applicable when testing residual series for ARMA as well as GARCH-type models.

4.1.1 Tests for normality

A widely used test for the normality is the Jarque-Bera test statistic, which evaluates on 

skewness as well as kurtosis. The Jarque-Bera test is defined as;

(4.1)JB n
s k

= ⋅ +
−

(
( )

)
2 2

6

3

24

where S and K correspond to skewness and kurtosis as defined in Section 2.1.3 - 2.1.4. If S 

and K fulfill the normality requirements, then JB = 0 following a chi-square distribution with 

two degrees of freedom for large samples (Jarque and Bera 1987; Gujarati 2003).
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4.1.2 Tests for linear dependency

Several tests exist for identifying autocorrelations and controlling residuals from a model 

specification. One commonly used method is the Durbin-Watson statistic defined as

(4.2)DW t tt

T

tt
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−=
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ε ε

ε
1

2

2

2
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where T are the observations30 and e are the residuals. The DW statistic rests on strong 

asumptions, one of these being that no autoregressive terms are included as explanatory 

variables. Also the test only tests the first lag, it may not be exhaustive. Despite these issues, 

the test can be useful as a preliminary test for the presence of first-order serial correlation 

(Gujarati 2003).

Alternatively the Portmanteau Q statistic suggested by Ljung and Box (1978) can be used, 

jointly testing the significance of m lags, by deriving

(4.3)Q m n n
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where n is the number of observations, and the null hypothesis is that the series of ρi to  

ρm = 0. H0 is rejected if Q(m) > Xα
2 at m degrees of freedom. The choice of m affects the outcome 

of the test, and should be chosen with consideration.

4.1.3 Autocorrelation functions

Autocorrelation plots are useful for identifying the order of the autoregressive and moving 

average terms. For sample data, the autocorrelation function can be expressed as ρk= γk / γ0, 

(Gujarati 2003) where
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Lags exceeding the confidence bands indicate statistically significant partial autocorrelation. 

30 For samples with a high number of observations tables obtained from Stanford University 
(Web: Stanford University 2010).
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The confidence levels can be calculated as

(4.6)±
−

Z

n

a1
2

where Z is the normal distribution fractal belonging to the significance level α and n is the 

number of observations. For the 95% confidence level Z α = 1.96. 

4.1.4 Tests for ARCH effects

When the appropriate ARMA models have been found, it is relevant to test for the presence  

of ARCH process that is, testing the hypothesis that the residuals are homoskedastic.  

Engle (1982) suggested the use of the Lagrange Multiplier (LM) test statistic, which tests the 

united null of αi = 0 where i denote the coefficients. McLeod and Li (1983) suggest using the  

Ljung-Box portmanteau test on squared residuals, where significant autocorrelations for  

otherwise non-serially correlated residuals indicate dependence through the second moment. 

The two test measures result in similar conclusions. 

4.1.5 Tests for asymmetry

Engle and Ng (1993) introduced the Sign bias test for asymmetry. The test is based on the 

residuals from the GARCH or ARIMA estimation.

For ARMA processes the excess return εt at time t is defined as  rt  a0 where a0 is the intercept 

term and it can be standardized by dividing it with the unconditional standard deviation σ 

for rt. 

The test distinguishes between up- and down-state events through a dummy variable such as 
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Three tests are designed, a negative, a positive size bias test (equation 4.8  4.9) and a sign 

bias test (equation 4.10) conducted by estimating the regressions:
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The sign and size bias tests reveal size- and sign effects through the significance of the term 

δ. A significant δ in equation 4.10 indicates that the volatility of the return series rt reacts  

asymmetrically to excess positive and excess negative returns in  rt1. Significance of δ in 

4.8 or 4.9 indicate that the size of the error in rt1 impacts on the volatility of rt. Significant  

sign- or size effects signal that the model is misspecified with the residual term being biased 

by the significant effects. With asymmetric data the GARCH model residuals are expected to  

produce significant size- or sign bias, while the TGARCH and EGARCH residuals, if the  

models are correctly specified, should result in no apparent asymmetry effects.

4.1.6 News impact curve

Engle and Ng (1993) introduced a graphical representation of asymmetric volatilities,  

referred to as news impact curves (NIC). The curve is centered on zero implying E(εt1) = 0. 

Engle and Ng (1993) suggested the following set of equations to represent the symmetric 

GARCH(1,1) model;

(4.11)h A a
t t
= +

−1 1
2ε

where ht is the conditional variance and ε is the shock in rt1. A is given as 

(4.12)A ≡ +α βσ
0

2

with σ being the unconditional representation of √(h) and β is its parameter from the GARCH 

model in equation 3.22. For the asymmetric models, the impact of shocks on volatility results 

in asymmetric curves. For the EGARCH model, Engle and Ng (1993) suggests that
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where γ and δ are parameters from the EGARCH equation given in equation 3.25  3.27, and

(4.14)A ≡ ⋅ − ⋅σ α δ πβ2
0

2exp( / )

where β and δ are EGARCH parameters. Lastly, the TGARCH represents ht as
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where A is found following equation 4.16 and the terms α, β and λ are parameters from the 

TGARCH model presented in equation 3.23. 

Whereas the NICs for the TGARCH vary only with respect to the sign, the curves for EGARCH 

are also affected by the size of the previous shock thereby affecting the linearity.

4.2 Model identification 
Identifying the most likely fit for the ARMA and volatility processes is the first step in the 

model specification. Defining the mean process is the necessary preliminary step for speci-

fying volatility models if the data does not follow white noise patterns. The assumption of no 

serial correlation needs formal testing and existing schemes must be comprised in the model. 

This section reviews the principles and guidelines for the identification.

4.2.1 The principle of parsimony

As econometric models cannot be perfectly specified, the principle of Occam´s razor applies 

where the simplest of the prospective specifications should be used to avoid excessive  

assumptions and loss of degrees of freedom. In a financial application with daily observations 

this is important is it implies a balance between the number of parameters and the model fit.  
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Practically, this may lead to the exclusion of AR and MA terms although they strictly  

speaking should be comprised in the mean equation (Gujarati 1999).

4.2.2 ARMA structures using the Box-Jenkins framework

The autocorrelation function (ACF) and partial autocorrelation function (PACF) can be used 

as indicators of the relevant AR or MA structure. Inspection of residual plots from  rt = a0, may 

provide an indication of whether serial correlation should be suspected and in which orders31.

The sample may follow an AR, MA or ARMA process with different lag lengths. The ACF 

includes effects from a lag ti in the estimated correlations for all intermediary timelags in 

the space t to ti, while the PACF isolates the effect for each observation in ti on t (Tsay 2005). 

For a stationary time series, the lag coefficients should move toward zero32. For AR functions, 

it is expected that the lags in the ACF plot should decline exponentially, while the PACF 

should be cut off after the effect disappears. On the contrary, for MA functions the ACF 

should be cut off and the PACF damped exponentially when the moving average effect  

disappears (Gujarati 2003; Tsay 2005).

Table 4.1

ARMA structure identification by inspection of ACF and PACF plots.

ACF PACF

AR(p) Decays exponentially, with damped 
sine wave pattern or both.

Significant spikes through lags p.

MA(q) Significant spikes through lags q. Decays exponentially, with damped 
sine wave pattern or both.

ARMA(p,q) Exponential decay. Exponential decay.

The table shows stylized behavior of the ACF and PACF plots under various ARMA specifications. p and q  
respectively represent the number of terms included. Source: Gujarati (2003) and Statsoft (Web: 2010).

Table 4.1 features a simplified guide to interpretation of ACF and PACF plots. A more elaborate 

version is included in Appendix A4.1. Testing the plots using different sampling periods may 

be beneficial in pointing out those effects that remain constant. 

31 The ACF and PACF plots may also be useful for identifying seasonality patterns. In monetary politics 
and macro-econometrics, deseasonalization is central. This topic will not be further developed here. For a survey 
of different aspects of seasonality, see Bell and Hilmer (1984).
32 As defined by the confidence bands.
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It should also be noted that in practice the plots do not correspond perfectly to the theoretical 

descriptions in Table 4.1 and the order of lags will affect the plot.

4.2.3 Information criteria

In choosing among the different feasible autoregressive model specifications several measures 

can be applied of which none have proven unconditionally superior. The Akaike information 

criterion (AIC) defines an information criterion of a likelihood function as

(4.16)AIC
n

( ) ln( ˆ )





= +σ 2 2

where n is the number of observations in the sample, and l is the maximized log-likelihood 

(Akaike 1981). The alternative Bayesian information criterion33 (Schwarz 1978) is defined as

(4.17)BIC
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n
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where again N is the number of observations in the sample, and l is the maximized log- 

likelihood. The models consist of a measure of fit and a penalty measure and thereby  

provide guidance as to which specification provides the best tradeoff between accuracy and  

complexity34.

The BIC penalizes additional parameters heavier and therefore usually points to the simpler 

specification (Tsay 2005). This makes the BIC attractive when simple models are pursued.

4.2.4 Identifying the ARCH type models

Upon having identified the mean models, the residuals should be tested for the presence of 

ARCH effects according to the procedure outlined in Section 4.1.4. The length of the lags 

may suggest a number of terms to be included. Not uncommonly, the test will suggest a high  

number of lags. While ARCH models in principle can be infinitely long, a remedy may be the 

inclusion of a GARCH term, whereby the process mimics a high order ARCH specification.

33 Also known as the Schwarz Criterion (SBC).
34 As pointed out in Gujarati (2003), the inclusion of additional explanatory variables will under all circum
stances lead to higher R2, or maximum likelihood estimation even if unrelated to the dependent. Therefore the 
best parsimonious solution must be pursued.
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4.3 Model estimation
Parameter estimation for GARCH models is conducted by use of the maximum likelihood as 

outlined in the following.

4.3.1 Maximum likelihood estimation

As the unconditional density function is unknown, the maximum likelihood estimation 

(MLE) procedure regards the marginal density functions assuming a normal distribution. 

For each observation in the time series, the deviation from the mean is given by the set of past  

information so that
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The normal distribution is given by the Gaussian function such as
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It can be assumed that the marginal density function for εt is given by
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and that the multiplicative expression for the simultaneous density function of ε1 through εT , 

that is for ƒ(ε1, ε2,…εT ), given an initial value h0 can be expressed as

(4.21)f
t tt

T ε Ψ
−= ( )∏ 11

Likewise the likelihood of an individual observation L(εt) is a function of the parameter vector  

(α and β in equation 3.22 for example) and the likelihood for the observations in ε1 through εT  

is found as the product so that
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The likelihood function for the time series under the normality assumption can now be found 

by substituting equation 4.19 into 4.22 leading to

(4.23)L
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To ensure reasonably sized likelihood estimates, it is common to conduct a log trans formation 

of equation 4.23 as maximizing this is equivalent to maximizing its logarithm so that  

ℓ = log(Lt ). The product of a logarithmic series can be found by summarizing, thus by log

transforming 4.23 it is found that
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Since the first term is constant and contain no parameters it may be removed from 4.24 

(Tsay 2005). By also shifting the negativity sign outside the summation sign, a simplified log-

likelihood expression can be written as
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Maximizing the value of the loglikelihood ℓ the parameter estimates providing ht are  

defined. The expression in equation 4.25 is the log-likelihood optimization procedure usually  

suggested for estimation of the ARCH class models35.

4.3.2 Caveats of the maximum likelihood method

The maximum likelihood methodology outlined assumes that the residuals follow a normal 

distribution given by equation 4.19. If this assumption is inappropriate, precaution should be 

taken. Whereas the estimators are robust, misspecified log-likelihood function may result in 

deflated variance estimates. Nwogugu (2006) conclude that if estimated assuming Gaussian 

errors, the GARCH models become inaccurate. Substituting a t or chi2 distribution into equa

tion 4.20 throug 4.25 may provide a remedy (Tsay 2005).

35 See for example Engle (1982).
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4.3.2.1 Robust error estimation

An alternative approach is to maximize the quasi-likelihood function (QMLE), that is, a likeli-

hood function not corresponding directly to any defined distribution. Wedderburn (1974) first 

described the methodology of quasi-likelihood, exploiting that while the distribution is often 

unclear, the mean and variance are often easier to specify. In a later survey Bollerslev and 

Wooldridge (1992) tested the usefulness of the quasimaximum likelihood for the purpose of 

estimating and testing the significance of parameters in GARCH models when the assumption 

of normality is violated. They conclude that when the simultaneously estimated mean and 

variance is correctly specified, the quasi-likelihood is consistent and exhibits little bias.  

The article underscores the importance of proper significance testing when normality  

is dubious and suggests the use of robust variance matrices36 (Huber 1967; White 1980; 

Bollerslev and Wooldridge 1992).

4.3.2.2 Priming

For the estimation of volatility models, a priming value is needed constituting the lagged 

variables for the volatility parameters in t = 1. The priming values may affect the estimation 

 result, and should therefore be consistently used. The common approaches include the  

expected unconditional model variance and the estimated variance from OLS residuals. 

Bollerslev (1986) suggests the former. Letting the squared deviations from the unconditional 

mean proxy for variance, the expected unconditional model variance is defined as 

(4.26)E h
n tt

N
( ) =

=∑1 2

1
ε

where ε represents the deviation and n is the number of observations. For the ARMA  

specifications, priming values can be defined as zero.

4.4 Model control
The purpose of the post-estimate controlling procedures is confirming or rejecting the ability 

of the estimated models in accommodating the stylized facts and the data. This may suggest 

36 Heteroskedasticity also leads to poor standard error estimates and is a common reason for applying  
robust standard error measures (White 1980; Gujarati 2005).
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fitting a more advanced model or indicate over-specification37. It may also reveal violations of 

the underlying assumption of the estimation process.

4.4.1 Checking for normality

It is relevant to test the normality assumption for the standardized results, which can be done 

using the Jarque-Bera test procedure in equation 4.1. Significant non-normality may lead to 

deflated variance estimation. The appropriateness of the estimated parameters can be assured 

by reestimating the parameters using robust measures of standard errors as discussed in 

Section 4.3.2.1.

4.4.2 Checking for serial correlation

It is appropriate to check the residuals and the squared residuals for serial correlation.  

When the former is rejected no serial correlation remains in the data series, while the latter 

should be rejected if the ARCH and GARCH terms are correctly specified. 

It has been shown empirically that for uncorrelated but dependent time series, the previously 

suggested tests for serial correlation may be inappropriate. Romano and Thombs (1996) 

showed that for time series uncorrelated in their first moment but dependent as is the 

case for ARCH processes, using standard tests such as the BoxPierce38 is inappropriate.  

Lobato et al (2001) confirmed the finding when testing the Box-Pierce statistic on residuals 

from an MA(1)-GARCH(1,1) time series of daily currency returns. Under the influence of 

heteroskedasticity, the null hypothesis of no autocorrelation is more often rejected when no  

adjustment is made for the change in variance structure. Alternative test statistics, usually 

denoted Portmanteau Q* (Q-star), have been suggested (Lo and MacKinlay 1989; Bollerslev 

and Wooldridge 1992). Another remedy is the inclusion of the conditional variance in the 

autocorrelation test by analyzing standardized rather than raw residuals (Lobato et al 2001). 

37 The mean equation intercept for daily stock returns is a priori expected to be small but positive given that 
stock indices in a long-run perspective follow a growth pattern. Although the intercept due to its low daily level is 
likely to be deemed insignificant, it makes intuitive sense to maintain it in the specification.
38 The Box-Pierce test preceded the Ljung-Box test described earlier. See Box and Pierce (1970).
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The standardized residuals are defined as 

(4.27)ξ
ε
σt

t

t

=

that is, ξ t  represents the estimation residuals divided by conditional variance.

Testing the squared residuals for remaining ARCH effects is similarly affected following the 

discussion above, and standardized residuals should be used.

4.4.3 Checking for asymmetry

If the specified model is sufficient in accommodating the asymmetric conditional volatility 

arising from the size and sign of the previous observation the residuals should be symmetric. 

Applying the sign- and size bias tests as outlined in Section 4.1.5 can clarify this. Significant 

coefficients indicate that the model may need further elaboration by for example including 

more lagged terms. Also, the news impact curves can be plotted exhibiting asymmetry in the 

residuals.

4.5 In-sample evaluation
The in-sample performance will be judged by the log-likelihood scores indicating the likeli

hood of the distributional fit. The AIC and BIC measures described in Section 4.2.3, may 

supplement this measure by suggesting models that provide the better trade-off between fit 

and simplicity.

4.6 Out-of-sample evaluation
The OOS evaluation may be conducted using OLS regressions, theoretic loss-functions and 

trade simulations isolating the variance effects.
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4.6.1 OLS estimations

The predicted volatilities can be evaluated through OLS regressions, by regressing them on 

the realized deviations, so that

(4.28)( ( )) ( )r E r h
t t t
− = + +2

0 1
α ω µ

where (rt  E(rt ))
2 represents the deviation39 for country, and ht is the forecasted variance. 

The result expresses both the predictive abilities through R2 values and the coefficients can 

be used for inference of whether the predictions over- or undershoots the realized volatility.

4.6.2 Statistical loss functions

Statistical loss functions40 are used for generating error measures providing information 

about the deviations of models from the actual data outcomes. The loss functions evaluate the 

variance and bias of forecasts. The realized variance ε can be applied as a proxy for volatility 

and is derived equation 4.28. The forecasted volatility h is the onestepahead prediction  

generated by the volatility model.

The choice of evaluation measure is important for the conclusion to be drawn as the  

attributes emphasized by the measures vary. The differences between the functions can 

be interpreted as indications of how the volatility models fit differing investor sentiments. 

These can differ depending on the financial instrument for which the volatility is to be used. 

4.6.2.1 Mean absolute error

In its simplest form the mean absolute error (MAE)41 can be estimated as

(4.29)MAE
n

h
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N
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1
ε

where |εt
2  ht| ≥ 0 and MAE = 0 indicate a perfect unbiased volatility forecast. The MAE 

provides an unweighted measure of volatility deviations from the prediction.

39 The expected return is the unconditional return. This is used rather than the predicted returns to assure 
the comparability of the returns across models and countries. This approach is largely similar to that applied in 
Marshall et al (2008).
40 For a brief introduction and discussion of the usefulness of these tests see for example Lopez (1999).
41 See for example Marshall et al (2009), Harvey (1991).
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4.6.2.2 Mean squared error

The MSE measure is widely used42 and can also be applied to volatility series. It is derived as

(4.30)MSE
n

h
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N
= −( )=∑1 2

1

2

ε

where (εt
2  ht)

2 ≥ 0 and MSE = 0 indicate a perfect unbiased volatility forecast. The MSE 

measure differs from the MAE measure in that it puts higher weight to larger errors due to 

the power function. The MSE therefore will produce inferior forecast assessment in periods 

of high deviations than the MAE. This can be interpreted as a function expressing the  

sentiment of an investor that is proportionally more sensitive to large forecast errors.

4.6.2.3 Logarithmic loss

In some respects, it may be relevant to adjust the test to allow for asymmetric penalties 

whereby errors during low volatility are penalized proportionally harder. Pagan and Schwert 

(1990) suggested the logarithmic loss (LL) function for this purpose give as

(4.31)LL
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h
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N
= −( )=∑1 2

1

2

ln( ) ln( )ε

where ln(εt
2)  ln(ht ) ≤ 0 and LL = 0 indicate a perfect unbiased volatility forecast. 

Although the LL measure is non-linear in its treatment of errors in different sizes it can 

simultaneously be interpreting as expressing the sentiment of an investor with large aversion 

to forecast errors when the realized volatility is small.

4.6.3 Trade simulation

For the practitioner, the theoretic loss functions provide only little inside as to how the  

models differ when applied. If the gains in performance from implementation of resource 

intensive models are marginal it may be irrational to pursue them if trading costs eliminate 

the benefits.

42 See for example Harvey (1991), Carrieri and Majerbi (2005), Marshall et al (2009).
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4.6.3.1 Portfolio theory

The expected return on a portfolio can be derived as the simple weighted asset returns 

(4.32)E r w E r
p i ii

( ) ( )= ⋅
=∑ 1

2

while the derivation of the expected variance for a two-asset portfolio is found as

(4.33)σ
p p p

E r E r2 2= −( ( ))

Substituting the return formula into the portfolio variance formula and applying the  

mathematical rule for squared sums the expression becomes
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The expression E((r1  E(r1))(r2  E(r2))) is the covariance of the returns on asset 1 and 2,  

expressing the comovement of the assets (Elton et al., 2007).

For the purpose of evaluating the properties of the volatility models, a simulation strategy 

should be chosen relying solely on the objective parameter. Portfolio optimization often has a 

specified return or ratio such as the Sharpe ratio as objective. The Sharpe ratio is calculated as 

(4.35)SR
r r

p
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p
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σ

where rf represents the riskfree return. 

In a multiasset setting, the portfolio risk and return respectively can be easily described in 

matrix algebra.
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where equation 4.36 represent the portfolio return and 4.37 is the corresponding variance.
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While the Sharpe ratio indicates the forecasts ability to produce a risk-weighted return, its 

usefulness in this context is limited by that it relies not solely on variances but similarly on 

return prediction and covariances. While unconditional forecasts can be applied, they still 

introduce an arbitrary factor which does not allow for an unbiased evaluation of the volatility.

Minimization of the portfolio variance is a procedure relying solely on variances and  

co variances. In order to make the models comparable, unconditional covariance measures 

can be used whereby the difference in performance between the models will be spurred by the  

forecasted conditional variances. 

Bekaert et al (1998) notes that in the presence of high kurtosis the weights from portfolio  

optimizations will tend to be larger on single assets. Thereby diversification benefits may 

diminish. Similarly, optimizations will prefer assets with positive skewness to assets with 

negative.

4.6.3.2 Objective function and implementation

The objective of the simulation will be minimization of the variance, that is, the objective 

function is

(4.38)min ( )
t

′∑w w

subject to constraints defining the problem. If shorting is disallowed, the portfolio must be 

fully invested and no leverage can be obtained, the minimization is subject to the constraints

(4.39)w
ii

I

=∑ =
1

1

and

(4.40)0 1≤ ≥w
i

The resulting weights produce the portfolio with the smallest possible variance. 
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The closer the volatility predictions are to the realized volatilities, the smaller the variances 

of their suggested portfolios. Thus, the comparison parameter can be defined as

(4.41)σ
p i ii

I

t

T
w r2

11
= ( )== ∑∑var

As the number of asset increase the objective function becomes increasingly nonlinear and 

the optimal solution harder to estimate. The non-linearity also increases the risk of finding 

local rather than global minima. For long time series and many assets, the calculation also 

becomes computationally intensive as the variance-covariance matrix ∑ must be indentified 

at all points in time utilizing the estimated variances and unconditional covariances, before 

the minimization can be processed. While spreadsheets can be used for optimizing, better  

solutions can be obtained by utilizing industrial solver software, which may also feature faster 

solving algorithms thus reducing estimation time. This is especially the case when the  

number of assets in the portfolio increases.

The resulting time series of daily portfolio returns can be used for evaluation of the volatility 

forecasts. The return at each time t can be found as

(4.42)r w r
p i t i tt i

T I
= ⋅

= =∑ , ,,

,

3521 1

that is, the sum-product of each period’s weight as forecasted by the models and the objective 

function, and realized returns. The evaluation parameter is the variance of the resulting  

return time series.
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In developed markets, heteroskedastic volatility modeling has been applied and rigorously 

tested throughout the past two decades. Yet during this period, the emerging markets have 

undergone drastic developments. This may affect the forecasting abilities of these models as 

their parameters are estimated based on past data. This makes it relevant to empirically test 

the precision and usefulness of volatility models for emerging markets.

This section is structured as following. First, a brief introduction to- and definition of the 

emerging markets will be provided, followed by an overview of the risks and returns that 

characterize them. The notion of increasing world market integration is also scrutinized.  

Secondly, an analysis of the stylized facts for emerging market return indices will be  

conducted. This gives the necessary background choosing the volatilitygenerating model.

5.1 Introduction of the emerging markets
By the mid 1980´s the “Emerging market” term began to gain foothold in the general economic 

and financial debate and literature. In 1986 The Economist published two articles dealing  

with these markets as an explicit category. The first article pointed to two of the focal  

attributes that had been driving the rapid increase of equity investment to the  

Emerging market economies, namely; the high returns and the low correlations to the 

world market. Counter to the hypothesis of the efficient market the small amount of capital 

flowing to these markets showcased the existence of unexploited opportunities (The  

Economist 1986a). The other article pointed to a variety of reasons behind the large returns 

and high volatility, one of these being the scarcity of information. Lack of information 

means uncertainty and thereby risk. Further, it indicates imperfect capital market 

integration,  allowing the emerging markets to represent a stand-alone asset class at least  

partly segmented from the developed markets (The Economist 1986b). 

Yet for many investors, the novelty of the emerging market category really was that it  

represented a privatesector equity alternative to the sovereign bond market that had  

existed for long and therefore it was believed already in the late 1980´s that the category 
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had come to stay (Economist 1986b). The International Finance Corporation (IFC)43 played 

a large role in promoting the capital flows to the new markets. In this respect, it´s role was  

regarded as

“an educational one: to convince rich-country investors that there really is money to 

be made by buying equities in the emerging markets” 

                                            The Economist 1986a

5.1.1 Definition of Emerging markets

While today all major banks and investment funds have emerging market branches, the first 

Wall Street use was by the Templeton Emerging Market Fund in 1987 (Sidaway 2000). Same 

year, the IFC started publishing the “Emerging Market Database” comprising an official list 

of countries falling inside the classification. In the subsequent years the term grew in impor

tance and became widely used. From the perspective of the IMF, a stock market is emerging 

when at least one of two criteria are fulfilled, those being 

“(i) it is located in a low- or middle-income economy as defined by the World Bank, 

and (ii) its investable market capitalization is low relative to its most recent GDP 

figure.”
      IFC 1999

Other market participants generally consider a number of prerequisites concerning the  

economic performance, political- as well as economic liberalizations and history of recent  

defaults. Originally, the IFC used the emerging market term to describe a range of countries 

in the high end of the developing countries to stimulate a change of perception.

Subsequently, the definition has comprised low- and middle-income countries meeting  

requisites regarding political- or economic liberalization reforms. Following the World 

Bank’s definitions as of 2010, countries are distinguished into income groups using GNI44 per  

capita with a two-year lag (Web: World Bank 2010). The borders applying for each year are  

published by the World Bank. Table A5.1 in Appendix A5.1 summarizes the thresholds 

43 The IFC is a World Bank Group member organization operating from Washington D.C to promote  
sustainable private sector investment in developing countries. (Web: IFC 2010).
44 This definition follows a change in terminology from GNP per capita. The GNI is measured following 
the Atlas method in current USD. It is the sum of value added by all resident producers plus any product taxes 
(fewer subsidies) not included in the valuation of output plus net receipts of primary income from abroad. The local  
currency figure is converted to USD and divided by the mid-year number of residents. To avoid misplacements due 
to currency fluctuations, the status should be held for three subsequent years in order for the country to graduate 
from the Emerging market classification. (Web: World Bank 2010).
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for the years 2006 through 2008. The method of distinguishing emerging markets from  

developing varies largely for different financial institutions. The view upon the openness of 

capital markets as well as political structures defines the groupings of these institutions.  

In Appendix A5.2 a few of the most used indices from such institutions are listed. Consistent  

definitions from the Bretton Woods institutions are not readily available. While the 

World Bank and IFC conduct studies and form indices of emerging markets these are not  

consistently defined. Today, the IMF refrains from distinguishing between emerging and  

developing economies but broadly comprise them in a single category commonly opposed to 

the advanced economies45 resulting in a broad range of countries that does not provide for a 

means of a firm definition46.

The MSCI indices are crucial in the financial market and function as key benchmark for a 

broad range of institutions. Several countries comprised in the index however, exceed the 

World Banks classification threshold, which makes it clear that market participants regard 

a broad range of information in the classification of countries into the Emerging market  

category. 

Table 5.1

Emerging market income classifications

GNI Classification

2006 2007 2008 2006 2007 2008

Czech Republic 12.890 14.380 16.650 Upper Upper Upper

Israel 21.020 22.390 24.720 Upper Upper Upper

South Korea 18.950 21.210 21.530 Upper Upper Upper

The table shows the GNI per capita measured in USD for 19 emerging market countries, and the corresponding 
income classifications according to Table A5.21. The World Bank operates with a two-year lag, thus the 2010 
classification is based on figures from 2006-2008. Following the One-China policy, the World Bank refrains from 
classifying Taiwan seperately. The full table can be found in Appendix A5.1. 
Source: World Bank (Web 2010) and the IFC Emerging market factbook (1999).

45 The IMF definition of advanced economies comprises 33 countries as of 2010 (IMF 2010a). The definition 
of developed or advanced economies is like the definition of emerging markets influenced by a broad spectrum of 
variables. Often regarded economic variables are such as GNI and industrialization indicators while factors such 
as child mortality and position on the Human Development Index are popular noneconomic factors (UNDP 2010).
46 Taiwan is excluded from all definitions coming from the Bretton Woods institutions due to the  
One-China policy. See for example Reuters (2008). The Dow Jones list also excludes Taiwan although it recognizes 
the country.
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Accordingly, the MSCI Barra re-classified Israel to “Developed” with effect from May 2010  

while Czech Republic and South Korea remain in the Emerging market category (Web: MSCI 

2010a). Appendix A5.2 also feature the latest emerging market definition by MSCI47.

5.1.2 Historical risks and returns in Emerging markets

As investors started looking for new markets in which to invest their capital acquired in the 

low-interest developed countries they faced the problem that diversification became more and 

more difficult as the developed world’s capital markets grew increasingly integrated. Through 

the last 20 years these markets broadly speaking, have provided high returns but under 

high variance and cross-sectional differences. Summarizing statistics are provided below. 

Table 5.2

Descriptive statistics of the emerging markets and the World and US markets

Sample start Mean Std. Dev Sharpe Ratio Min return Max return

Brazil 04071994 0.1389 5.8979 0.0235 0.1704 0.1921

China 03051994 0.1187 5.4688 0.0217 0.1797 0.2980

Colombia 10031992 0.1156 3.3585 0.0344 0.1075 0.1212

Chile 19111990 0.1610 2.9831 0.0540 0.0811 0.1250

Czech Republic 09111993 0.1315 4.4604 0.0295 0.1568 0.2183

Hungary 10121991 0.1091 5.1186 0.0213 0.2047 0.1633

India 30051990 0.1181 4.7955 0.0246 0.1830 0.1863

Indonesia 19111990 0.0369 6.3595 0.0058 0.4174 0.2277

Israel 01011993 0.0801 3.7802 0.0212 0.1087 0.0844

Malaysia 01011990 0.0720 4.0370 0.0178 0.2220 0.2439

Mexico 30051990 0.1328 4.6518 0.0285 0.1880 0.1863

Peru 03011994 0.1260 3.1422 0.0401 0.1024 0.1001

Philippine 01011990 0.0558 4.0311 0.0139 0.1211 0.1981

Poland 01031994 0.0102 5.4573 0.0019 0.1190 0.1620

Russia 27011998 0.1491 8.5973 0.0173 0.4284 0.3135

South Africa 01011990 0.0938 4.2169 0.0223 0.2190 0.1021

South Korea 30051990 0.0542 6.0655 0.0089 0.2164 0.2687

The table provides descriptive statistics for the emerging markets and the World and US markets. Mean, 
standard deviation and Sharpe ratio figures are in annualized percentages from the sample start as  
described in Section 1.5 until the end of the full sample on 30062010. The Sharpe ratio is found as described in  
equation 4.35 but ignoring the impact of the riskfree rate. The min and max returns are the largest and smallest  
One-Day observations. Source: Thompson-Reuters and own calculations.

47 Following this reclassification, the following economies are defined as advanced by MSCI: Australia, 
Austria, Belgium, Canada, Denmark, Finland, France, Germany, Greece, Hong Kong, Ireland, Israel, Italy,  
Japan, Netherlands, New Zealand, Norway, Portugal, Singapore, Spain, Sweden, Switzerland, 
The United Kingdom, and The United States.
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Table 5.2

Descriptive statistics of the emerging markets and the World and US markets

Sample start Mean Std. Dev Sharpe Ratio Min return Max return

Taiwan 30051990 0.0226 4.9356 0.0046 0.1110 0.1277

Thailand 01011990 0.0534 5.3160 0.0101 0.1756 0.1601

Turkey 30051990 0.0828 8.2001 0.0101 0.3180 0.2204

World 01011990 0.0590 2.3598 0.0250 0.0665 0.0818

US 01011990 0.0809 2.9889 0.0271 0.0940 0.1091

The table provides descriptive statistics for the emerging markets and the World and US markets. Mean, 
standard deviation and Sharpe ratio figures are in annualized percentages from the sample start as  
described in Section 1.5 until the end of the full sample on 30062010. The Sharpe ratio is found as described in  
equation 4.35 but ignoring the impact of the riskfree rate. The min and max returns are the largest and smallest  
One-Day observations. Source: Thompson-Reuters and own calculations.

Chile features largest average annual return in the sample of 16.1% as well as the highest 

Sharpe ratio, indicating a beneficial historical relationship between risk and return. The rest 

of the Latin American countries similarly present high annual returns above 11%. Russia 

has the samples second highest return of 14.9% but with a very high standard deviation.  

The least performing country is Poland with an average annual return of 1.02% and relatively  

high risk. The World portfolio delivered an annualized return of 5.9% but unsurprisingly with 

the lowest standard deviation of the sample. The largest one-day loss was a loss of 42.8% in 

the Russian index resulting from the financial crisis and Russian default in the fall of 1998. 

As the numbers reveal, more than half of the emerging market countries outperform the US 

market based on returns although when controlling for the underlying risk by comparing 

Sharpe ratios, only Chile, Colombia, Czech Republic, Mexico and Peru performed better.

During the past two decades, the emerging markets have undergone periods of extreme 

growth, severe crashes and structural changes. Figure 5.1 shows the development of a  

collapsed index for emerging markets as well as the world index. 

In 1997/98 namely the emerging market stocks and currencies were hit by massive losses  

and a number of countries were forced to devaluate and seek assistance of the IMF.  

Also in the years 2003 to 2010 it is clear that the emerging markets are associated with larger  

percentage changes than is the case for the World index.
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Figure 5.1. Development of the collapsed price indices for the Emerging market and 
World market respectively. Monthly observations in the period 01.01.1995 through 
30.06.2010. 
Source: ThompsonReuters DataStream.

5.1.3 Prior findings on volatility forecasting

The literature investigating volatility models on emerging markets is far less extensive 

than for the developed. Often the studies regard specific counties or continents, which make  

comparison of various models for the emerging markets as a separate asset class troublesome. 

Alagidede and Panagiotidis (2009) find no advantage of applying asymmetric models over 

the pure GARCH model on a number of African countries, among these the South African.  

For China, Xu (1999) finds that the Chinese market generally is hard to model with any 

GARCH-type model as the market is driven by governmental policy for which volatility 

clustering is less relevant. The study also finds that the symmetric model outperforms the 

asymmetric. Gokcan (2000) investigated a broader range of country indices representing the 

emerging market category extending Franses and Van Dijk (1996). The study supports the 

conclusion that the linear GARCH models outperform the nonlinear. A brief literature re

view of return-drivers in emerging markets can be found in Appendix A5.3.
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5.1.4 Emerging market currencies

Currencies in emerging markets tend to be characterized by large uncertainty and a history of 

numerous devaluations and defaults. Relevant examples are the Mexican Peso crisis (1994), 

the Russian Ruble crisis (1998) following the Asian crisis (1997) and the steep decline of the 

Brazilian Peso (1999). The currency changes have been shown to directly affect stock prices 

as firm level imports and exports as well as the national level competitiveness is restricted by 

exchange rates. For international asset valuation the currency corrected capital asset pricing 

model48 may be applied, however, while such models may be necessary in the evaluation of 

single assets they have proven less useful for valuating country indices. For most countries 

including emerging markets, exchange rate exposures temp to be so versatile that the models  

generally does not exhibit significant explanatory power (Matthias and Thuridur 2002).  

Carrieri and Majerbi (2006) support this by concluding that exchange rate exposure is  

subsumed by local market risk at the aggregate market level. Aggarwal et al (1999)  

concludes that volatilities are largely equal for emerging market country stock returns whether  

measured in local currency or US dollar. Currency graphs for all emerging market countries 

can be found in Appendix A1.6.

5.2 The integration hypothesis
The return correlations of a market to the world portfolio return is frequently used as a 

proxy for capital market integration (Harvey 1995). This follows from the thought that as 

capital markets open, international capital will flow to and from the local market leading  

to financial integration, pro-cyclical market behavior and increased market efficiency49.  

On the contrary, Bekaert and Harvey (1995) argue that correlations cannot directly be  

48 A number of complications arise when valuing assets in an international perspective as compared to  
domestic asset valuation. The key issues relate to the purchasing price parity (PPP) and the general agreement 
that it does not hold. Adler and Dumas (1983) showed that in the short-run deviations exist, whereas in a long-run 
perspective the deviations zeroout. When the PPP assumption is breached it leads to variations in value percep
tions for investors concerned with value expressed in their own currency. This makes it necessary to apply theo
retical models that take exchange rates into consideration. A way to approach this is through the market model 
taking exchange risk into consideration (Sercu 1995). This can be expressed as;
E(rj  r) = βjE(rw - r) + γj1E(s1 + r1* - r) + γj2E(s2 + r2* - r) +...+ γjnE(sn + rn*  r),
where the regression coefficients γj correspond to the weight of currencies that provides the best replication of asset j. 
After deflating the outcome with respect to the different currencies the model provides a framework for analyzing 
assets under exchange rate exposure. 
49 McKenzie and Kim (2008) find that the presence of international investors is associated with a decreasing  
level of autocorrelations in a number of Asian emerging market countries.
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interpreted as a measure of integration as countries can be deeply integrated but exhibit low  

correlations given differing industry mixes. Solnik et al (2000) make use of a crosssectional 

dispersion model based on monthly tracking errors from the world market for a range of  

developed countries. They conclude that the dispersion has decreased between 1971 and 1998 

and interpret this as a sign of equity integration. 

5.2.1 Correlation as integration

Developments in correlations may be analyzed through controlling for the presence of time

trends. This can be done through generation of a moving-window correlation series, that for 

each observation t includes the latest and exclude the oldest observation. Following Engle 

(2002) it can be expressed mathematically as 
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Here, the test is conducted by continually forming a oneyear correlation, including 260  

observations ( rt, rt1 … rt259 ). Regressions are performed using t as independent variable

(5.2)MA t
j w
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where MA(ρj,w) is the 260 days moving window, j is the return from the country analyzed,  

w is the world return and μ is the residual. 

The moving window time-series is serially correlated in its passed terms, and having 259 

lagged terms results in severely inflated t-statistics. One way to approach this issue is by 

correcting the standard errors using the HAC (heteroskedasticity and autocorrelation 

consistent) standard errors also known as the Newey-West standard errors (Newey and West 

1987). This method is only valid for largesample data sets (Gujarati 2003). 

Table 5.3 shows the test results where α1 is the coefficient from equation 5.2 and HAC is the 

adjusted standard deviation measure.
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Table 5.3

Worldmarket correlations and timetrends in emerging markets

Country α1 Std. err tstat p > HAC std. err tstat p > 

Brazil 1.1610E04 1.7200E06 67.580 0.000 1.9200E05 6.050 0.000

China 8.1100E05 9.1400E07 88.740 0.000 1.3200E05 6.140 0.000

Colombia 1.3370E04 1.5800E06 84.580 0.000 2.0400E05 6.570 0.000

Chile 1.3360E04 1.2900E06 103.330 0.000 1.4300E05 9.350 0.000

Czech Republic 1.5630E04 1.6100E06 96.900 0.000 1.6200E05 9.660 0.000

Hungary 1.2880E04 1.5300E06 84.000 0.000 1.7300E05 7.450 0.000

India 1.3730E04 8.7000E07 157.740 0.000 1.0900E05 12.610 0.000

Indonesia 8.7800E05 1.1400E06 76.930 0.000 1.3100E05 6.720 0.000

Israel 1.0430E04 1.1400E06 91.280 0.000 1.2000E05 8.710 0.000

Malaysia 1.2200E05 1.6000E06 7.650 0.000 2.6100E05 0.470 0.640

Mexico 1.1670E04 1.3300E06 87.680 0.000 2.0400E05 5.710 0.000

Peru 7.2300E05 2.6400E06 27.350 0.000 3.1400E05 2.300 0.022

Philippines 4.8500E05 1.1900E06 40.750 0.000 1.7200E05 2.820 0.005

Poland 1.5700E04 1.3600E06 115.040 0.000 1.5400E05 10.160 0.000

Russia 1.7280E04 2.0000E06 86.250 0.000 1.8500E05 9.370 0.000

South Africa 1.0900E04 1.4600E06 74.600 0.000 2.0100E05 5.420 0.000

South Korea 1.1730E04 9.4500E07 124.120 0.000 1.6500E05 7.100 0.000

Taiwan 8.9000E05 9.4800E07 93.900 0.000 1.4400E05 6.190 0.000

Thailand 5.3800E05 1.2300E06 43.590 0.000 2.1800E05 2.470 0.014

Turkey 1.4730E04 1.5900E06 92.830 0.000 2.4500E05 6.020 0.000

The table shows the correlations between the daily world index return and the respective emerging market  
returns. α1 is the regression coefficient from equation 5.2. HAC SD are the Newey-West corrected standard  
errors. Source: Thompson-Reuters and own calculations.

The test concludes that for all countries except Malaysia, a positive and significant time-  

trend exists. This indicates that through the last 20 years, the returns from emerging market 

indices have become gradually more correlated50 with the returns from the World portfolio. 

The strongest time-trend was observed for Russia followed by Poland and Czech Republic51. 

5.2.2 Cross-sectional dispersion

The methods of moving window correlation is criticized for diminishing smaller temporary 

variations thereby only indicating longterm trends. This implies that an unbroken period 

of seemingly stable correlations may be a spurious result hiding temporary highs and lows.  

50 While the result is robust, it may be the case that the increased correlation is due to increasing market 
share of the emerging markets whereby they constitute an increasing part of the world index.
51 Poland and Czech Republic entered the European Union May 1 2004, which may have been a strong 
driver for capital market integration at least within the EU.
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Using a crosssectional procedure Solnik and Roulet (2000) derived an instantaneous  

measure of correlations spanning over a number of countries and their correlation to the 

world market. It is a measure of correlations for a collected group of countries rather than the 

individual markets and assumes that the return on national market i at time t is given as

(5.3)R R e
i t w t i t, , ,
= +

where Rw,t is the return on the world market at time t and ei,t is the error term also referred  

to as a tracking error. The tracking error is assumed normally distributed with a zero mean 

cross-sectionally but for which the standard deviation is allowed to fluctuate over time.  

The fluctuations of the united equally weighted tracking errors around the world portfolio in  

period t, is referred to as the dispersion. The instantaneous measure of correlation between 

the united group of national markets and the world market is now given as;
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Solnik et al (2000) find that for a portfolio of 20 developed markets the approach  

results more volatile than a timeseries based approach52. 

The portfolio of 20 emerging market countries suffices for construction of cross-sectional data 

and generation of tracking errors for each period t. To avoid effects from time displacement 

in the crosssectional data set, the test is conducted using monthly53 instead of daily observa

tions. 

The result unsurprisingly confirms the finding from Section 5.2.1. The time-regression shows 

an increase in the correlation by 1.23 percent annually on a 1% significance level54 indicating 

that the emerging markets generally have become more integrated with the world index, that 

is, fluctuate less around the world deviation as illustrated in Figure 5.2.

Although the data confirms that the emerging markets have become more integrated with 

the world measured by correlations, a curious observation is that in periods of crisis such as 

52 The beta for each country to the world is assumed to be equal so that the dispersion measure can be  
calculated using equally weights. Also, the world standard deviation is assumed to be the constant unconditional 
one as it is not observable for each point in time.
53 245 observations in the period 01011990 through 01062010.
54 Even when adjusting for autocorrelation.
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in the 1997/98 Asian crisis and the 2008/09 financial crisis the dispersion measure shows  

falling correlations. This counters the stylized fact presented in Section 2.2.1 that correlations 

are negatively correlated to returns. Extreme singlecountry deviations affect the standard 

deviation of dispersions and thereby contribute to falling crosssectional correlations. In other 

words, the falling correlation measure in times of crisis may be a sign that the emerging  

markets reacts with time-displacement to the shocks. During the Asian crisis, much attention 

was put on the risk that the emerging market crisis would spread to influence the neighboring 

economies. These contagion effects have contributed to the interest in the stability of these 

markets (Ramcharra 2002). 
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Figure 5.2. Crosssectional dispersion of the Emerging markets to the World market 
index. The dispersion figure is a moving average and shows an increasing tendency 
rising 1,23 percent annually. Monthly observations 01011990 through 01062010.
Calculated according to equation 5.3 and 5.4. 
Source: Own calculations.

Appendix A5.4 features an up- down correlation analysis, confirming that the correlations 

between the world market and each individual emerging market is significantly higher  

in bear- than in bull markets. For now it suffice to conclude that in union as well as  

individually, the emerging market indices have grown increasingly correlated with the  

returns of the world index.
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5.3 Stylized facts for the emerging markets
The stylized facts presented in Section 2 are generally accepted as providing a good descrip

tion for financial data on developed markets. Yet, it is relevant to test the applicability of 

these for the selection of 20 emerging market countries presented in Section 5.1. 

5.3.1 The four moments for emerging markets

As previously outlined, four moments are generally used to describe distributional character

istics. Table 5.4 shows the four moments for the emerging markets.

Table 5.4

Desriptive statistics for the emerging markets 

Country Observations Mean Variance Skewness Kurtosis

Brazil 4172 5.342E04 5.146E04 0.210 9.742

China 4216 4.565E04 4.424E04 1.465 28.863

Colombia 4776 4.445E04 1.669E04 0.406 15.068

Chile 5117 6.193E04 1.316E04 0.036 9.959

Czech 4341 5.057E04 2.943E04 0.478 20.630

Hungary 4841 4.196E04 3.876E04 0.432 14.415

India 5240 4.541E04 3.402E04 0.418 14.079

Indonesia 5117 1.421E04 5.983E04 1.179 34.461

Israel 4563 3.079E04 2.114E04 0.335 6.774

Malaysia 5347 2.770E04 2.411E04 0.589 40.129

Mexico 5240 5.106E04 3.201E04 0.099 16.564

Peru 4302 4.845E04 1.461E04 0.090 13.064

Philippines 5347 2.148E04 2.404E04 0.341 15.547

Poland 4261 3.940E05 4.406E04 0.207 7.595

Russia 3241 5.736E04 1.093E03 0.345 23.912

South Africa 5347 3.609E04 2.631E04 1.072 15.669

South Korea 5240 2.086E04 5.442E04 0.160 16.563

Taiwan 5240 8.690E05 3.604E04 0.016 6.171

Thailand 5347 2.055E04 4.180E04 0.158 10.048

Turkey 5240 3.185E04 9.947E04 0.279 8.998

The table presents the four moments of the emerging markets. All numbers are for daily index returns over 
the sampling periods as give in table 1.1. The four moments are calculated according to equation 2.1, 2.3, 2.4 
and 2.6. The kurtosis is the raw figure, and excess kurtosis is derived by substracting 3 from the number.  
Skewness and kurtosis are all statistically significant when tested by equation 2.5 and 2.7. 
Source: Thompson-Reuters and own calculations.
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The daily mean returns are positive in all cases but very close to zero. This confirms that in 

the absence of serial correlation the expected daily returns can be described by equation 2.1 

or 2.2. 

As described in Section 2.1.2, volatility clustering is a common finding in stock price move

ments. This also applies to the emerging stock markets. In Appendix A5.5, graphs of the 

daily returns can be found for the portfolio of emerging markets, demonstrating the  

presence of volatility clusters. For most of the return series, high volatility can be observed 

in the period around the European currency crisis in 1992, the Mexican Peso crisis of 1995, 

the Asian crisis in 1997-1998 and the financial crisis in 2008-2009, which also verifies that 

volatility rises during bear markets.

Daily return series usually exhibit negative skewness. Surprisingly, the return series for 

China, Czech Republic, Malaysia, Philippines, South Korea and Thailand show small positive 

skewness. All the markets exhibit positive excess kurtosis indicating that the return series 

have fat tails, that is, a large number of extreme observations.

Given the four moments of emerging market stock returns, the discussion about the  

distributional form of the returns is no less relevant than for developed stock markets.  

But, while it may be of theoretical importance, studies have shown that the impact is not 

always large in application. Marshall et al (2008) studied a time-varying international Beta 

measure for emerging markets applying the normal, t and GED distributions. The Studentst 

distribution performed best in out-of-sample testing, however, the difference between the 

three distributions was very small. Appendix A5.6 contains histograms and probability  

plots for the full sampling period on all the emerging markets. The distributions for all  

countries are more peaked and have more extreme observations than the normal distribution.  

The countries for which the daily returns are the closest to mimicking normality are Chile, 

Czech  Republic, Israel and Turkey.
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5.3.2 Serial correlation and efficiency in the emerging markets

In emerging market stocks and indices serial correlation is a more wide-spread finding than 

for the developed markets. Bekaert and Harvey (1995) find that half of all emerging markets 

exhibit significant first order serial correlation above 10 percent. Infrequent trading and low 

liquidity are the most commonly documented cause (Harvey 1992; Bekaert 1995; Claessens 

1995). Other studies find that serial correlation in emerging markets is positively correlated 

with the level of market concentration in the indices under scrutiny, which may be a reason 

for infrequent trading (Harvey 1995b). As discussed in Section 2.2 serial correlation can be 

interpreted as symptom of inefficiency. 

With more complete integration, the part of the serial correlation that relates to inefficiency 

would become subject to arbitrage trading and the gaps would close55.

55 The serial correlation arising from index compilation is artificial and will not be affected by integration.
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The following section aims at identifying the optimal parsimonious specifications for the 

mean and volatility processes. The procedures for identification, estimation and controlling 

as described in the previous section are followed here, while the IS and OOS evaluation is 

presented in the subsequent section. 

As described in the data section, the models will be specified for the observations in the range 

1 through 3520, while the subsequent observations are reserved for the hold-out analysis.

6.1 Mean processes
In much previous research56, the mean equation is defined as rt = εt representing a white noise 

process. As previously discussed, for correctly deriving volatility models, estimating the best

fitting mean model to remove autoregressive and moving average terms is of importance.

 

6.1.1 Preliminary tests for serial correlation

Although serial correlation is expected in the data sample is discussed in Section 5.3.2, it is  

appropriate to confirm this statistically. The Durbin-Watson test for first order serial  

correlationis applied for this purpose. The full analysis is featured in Appendix A6.1 using the 

last 2000 observations from the insample period57. The results confirm that the time series 

for all emerging market countries except from China, Russia and Turkey exhibits first-order 

serial correlation58, thus further analysis of the mean structure is necessary. Appendix A6.2 

features an AR(1) specification for the set of emerging markets. As the test shows, the first 

order auto regressive term is statistically significant for all countries except China. 

Researchers have found that the inflow of FDI is negatively correlated with the level of  

autocorrelations (McKenzie 2008) which supports the notion that the globalized search for 

arbitrage leads to market efficiency, thus falling autocorrelations. Following this argument, 

56 See for example Brooks et al (2002) and Marshall et al (2009).
57 That is, for the observations 1520  3520 (31101995 to 30062003).
58 At the 1% significance level and 5% for Hungary, Israel and Taiwan.
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the autocorrelations would be expected to converge toward zero59. It follows from the above 

that an AR(1) mean model may be appropriate in the long run for daily stock index returns 

in open capital markets as it implies only minor inefficiencies. A wide number of studies use 

the AR(1) structure as sufficient for removing autocorrelations60.

Regarding autocorrelation in five periods for our sample of emerging market countries, the 

test reports that half of the samples have significant autocorrelations even when the AR(1) 

term is included61. This confirms that alternatively specified mean structures may be needed.

6.1.2 Box-Jenkins analysis

Under the hypothesis that the emerging market countries are becoming increasingly  

integrated into the international capital markets, it is expected that their level of efficiency 

will increase, thus that AR and MA terms should diminish. For the analysis at hand, serial 

correlation effects for rt beyond rt5 will be disregarded62. The ACF and PACF plots of the 

residuals provide guidance for derivation of the adequate mean processes according to the 

procedure described in Section 4.2.2. The ACF and PACF are divided into four samples63:

• Full range of insample data; observation 1 through 352064

• Subsample 1; observation 1 through 2520

• Subsample 2; observation 2520 through 3020

• Subsample 3; observation 3020 through 3520

To conserve space, the full analysis is elaborated in Appendix A6.3. For a large number of 

countries significant first-order autoregressive patterns were found in one or more of the 

samples. All countries except China, Israel and Russia are concluded to comprise a first-order 

59 Given the compilation issues in index returns, not all serial correlation can be diminished. For example,  
the world as well as the US index returns show significant first order serial correlation (the latter two   
are not comprised in the analysis and thus not reported).
60 See for example Nelson 1991, Lo and MacKinlay (1988).
61 And a number of countries further lie on the border of the 5% confidence bands.
62 Although 20 lags are depicted in ACF and PACF plots to confirm the decay toward 0 indicating  
stationarity.
63 Full sample ACF and PACF plots included in Appendix A6.3, and the remainder can be found in   
Appendix B6.1.
64 As the starting period varies, the size of the full sample and subsample 1 varies over the different  
countries. This is also the motivation for the magnitude of subsample 1 relative to subsample 2 and 3.
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scheme, that being AR or MA. It is also noted that Brazil, Chile, Colombia, India, Indonesia, 

Malaysia, Mexico, Peru, Philippines, Poland, South Africa, Thailand exhibits large first-order 

autocorrelation beyond 0.10 . A few countries exhibit significant coefficients beyond fifth lag, 

but this will be disregarded. All the plots decline toward zero with different pace, which is as 

expected under stationarity. Table 6.1 presents the results from the BoxJenkins analysis.  

In the subsequent section the inconclusive cases will be further analyzed.

Table 6.1

BoxJenkin mean structure analysis

Country

Brazil Inconclusive: The time series for Brazil follows an AR(1) or MA(1) process.

Chile Conclusion: The time series for Chile follows an AR(1) process since the effects in fifth 
lag are weak.

China Conclusion: The time series for China does not follow any AR or MA processes.

Colombia Conclusion: The time series for Colombia is concluded to follow an AR(2) process.

Czech Republic Conclusion: The time series for Czech Republic is defined as AR(1). The effects in fourth 
lag are filtered away as they are not observed in the last two sub-samples and therefore 
are concluded to be either spurious or unimportant.

Hungary Inconclusive: For the Hungarian time series the data may be following any process in 
the space AR(13), MA(13).

India Inconclusive: The time series for India follows an AR(1) or MA(1) process.

Indonesia Inconclusive: The time series for Indonesia may follow an AR(1) or MA(1) process. The 
effects in fourth lag are filtered away as they are not observed in the last two sub-
samples and therefore are concluded to be either spurious or unimportant.

Israel Conclusion: The time series for China does not follow any AR or MA processes. 
All effects are minimal and only borderline significant.

Malaysia Inconclusive: For the Malaysian time series the data may be following any process in 
the space AR(15), MA(15).

Mexico Inconclusive: The time series for Mexico follows an AR(1) or MA(1) process.

Peru Inconclusive: The time series for Peru follows an AR(1) or MA(1) process.

Philippines Conclusion: The time series for Philippines follow an AR(1) process since the effects in 
second lag are weak and unstable.

Poland Inconclusive: The time series for Poland follows an AR(1) or MA(1) process.

Russia Conclusion: The time series for Russia does not follow any AR or MA processes.

South Africa Inconclusive: The time series for South Africa follows an AR(1) or MA(1) process.

South Korea Inconclusive: For the South Korean time series the data may be following any process 
in the space AR(15), MA(15).

Taiwan Inconclusive: The time series for Taiwan follows an AR(1) or MA(1) process. The effects 
in second and fourth lag are filtered away as they prove unstable.

Thailand Inconclusive: The time series for Thailand follows an AR(1) or MA(1) process. 
The effects in second and fifth lags are filtered away as they only arise in sub-samples.

Turkey Inconclusive: The time series for Turkey may follows an AR(1) or MA(1) process or no 
process at all. The effects in fifth lag are disregarded.

The table shows the best-fit ARMA specifications identified for the emerging market countries. The specifica
tions are limited to consider the first five lags. Further, the identification aims at finding agreement within the 
subsamples. For a number of countries the analysis is inconclusive. 
The full analysis is included in Appendix A6.3.
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6.1.3 Selection using information criteria

As described in Section 4.2.3, information criteria in different forms can be used for model 

selection. The mean process identified will be comprised in the estimation of the volatility 

models using the maximum likelihood process. Such models are notoriously hard to estimate, 

especially when a high number of parameters are included. This makes the “cost” of including 

high order lags large as they are expected to contribute with declining importance. For mean 

process selection, the BIC criterion will thus be applied as selection rule and the AIC is  

reported. All the BIC and AIC values can be seen in Appendix A6.4. Table 6.2 states the  

resulting specifications as suggested by the BIC measure. 

Table 6.2

Information criteria decisions

Country Baysian IC Akaike IC

Brazil BIC conclusion: ARMA(0,1) AIC in agreement

Hungary BIC conclusion: ARMA(0,3) AIC in agreement

India BIC conclusion: ARMA(1,0) AIC suggested ARMA(1,1)

Indonesia BIC conclusion: ARMA(1,0) AIC in agreement

Malaysia BIC conclusion: ARMA(2,3) AIC suggested ARMA(5,5)

Mexico BIC conclusion: ARMA(0,1) AIC suggested ARMA(1,1)

Peru BIC conclusion: ARMA(1,0) AIC in agreement

Poland BIC conclusion: ARMA(1,0) AIC in agreement

South Africa BIC conclusion: ARMA(1,0) AIC in agreement

South Korea BIC conclusion: ARMA(2,2) AIC suggested ARMA(4,5)

Taiwan BIC conclusion: ARMA(0,0) AIC suggested ARMA(1,1)

Thailand BIC conclusion: ARMA(1,0) AIC in agreement

Turkey BIC conclusion: ARMA(0,1) AIC in agreement

The table shows the model specifications proposed by the information criteria described in 
Section 4.2.3. The values are included in Appendix A6.4. The primary selection criteria is the 
Baysian as simple specifications are prefered for assuring convergence of the subsequently 
estimated volatility models.

6.1.4 Mean process estimation and control

The ARMA models are identified using the maximum likelihood procedure as described in 

Section 4.3. The estimation time was significantly higher for the specifications with higher-

order terms. For the volatility estimations the estimation process is further complicated and 

it may be necessary to reduce the number of terms. The STATA coding used for estimation is 

included in Appendix A1.1 and log files can be found in Appendix B6.3.
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6.1.4.1 Mean process coefficients and constraints

All coefficients (excluding intercepts) are statistically significant on a 1% significance level. 

This was expected as very parsimonious selection criteria were used. Most of the coefficients 

are estimated in the range between 0.05 and 0.22, meaning that the predictive power is rather 

large for some countries while relatively small for others. For all countries in the sample it is 

found that 
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indicating that the estimates are stable. 

6.1.4.2 Test for linear dependency in mean process residuals

ACF and PACF plots for ARMA residuals and squared residuals are included in Appendix 

B6.2. As expected the residual plots show little or no significant serial correlation for the  

window of the 5 days parameterized following the specifications in Table 6.1 and 6.2.  

Only Czech Republic and Indonesia show significant spikes at the 1% level, while a number 

of countries show one or more spikes on the border of the 5% confidence bands. 

The Portmanteau Ljung-Box test for white noise finds that all serial correlation is eliminated 

in first lag. When including three lags, the hypothesis of white noise is rejected for Taiwan at 

the 5% level while it cannot be rejected at 1%. Including 5 lags, the null is rejected on a 5% 

level for China, Czech Republic, India, Indonesia, Israel and Taiwan although several of these 

are not rejected on the 1% level. The test results are shown in Appendix A6.5.2.

6.1.4.3 Test for normality in residuals

The JarqueBera test for normality soundly rejects the null hypothesis of normality for all 

countries in the sample. Chile, Israel and Taiwan are the closest to normality while China, 

Indonesia and Malaysia features the least normal returns. The test results can be found in 

Appendix A6.5.1.
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6.1.4.4 Test for ARCH effects in residuals

While the mean processes are modeled to comprise serial correlation, the residual series may 

still be dependent through the second moment. As described in Section 4.1.4, the squared 

residuals can be used to analyze the presence of heteroskedasticity. For all countries, very 

large test statistics are found whether three- or five lags are included in the test. Therefore, 

the null hypothesis of no serial correlation in the squared residual series is soundly rejected 

and the presence of ARCH effects is confirmed. The results can be found in Appendix A6.5.2 

and the corresponding ACF and PACF plots attached in Appendix B6.2.

6.2 GARCH processes
In the following, the three GARCH models are considered; GARCH(1,1), TGARCH(1,1) and 

EGARCH(1,1). The procedure involves estimation of 20 best-fit ARMA models and 60 GARCH 

type models.

6.2.1 Model identification

Following the ARMA model results, which indicated significant ARCH effects in several lags, 

it is expected that a rather high order ARCH specification would be necessary. As discussed 

in Section 3.3.2, the GARCH model can be interpreted as an infinitely long ARCH model due 

to its generalized design whereby volatility models with p = 1 and q = 1 usually suffice for 

modeling financial time series. The ARMA terms as described above are comprised in the 

models and estimated simultaneously. Given the discussion in Section 3.3.2.1 and 5.3.1, it is 

relevant to also consider asymmetric GARCH models65 .

6.2.2 The GARCH estimation process

The GARCH models were estimated for the in-sample period using maximum likelihood.  

Following Bollerslev (1986), as priming value, the unconditional mean value of squared  

65 In the prior section, significant skewness was identified. Gokcan (2000) argues that for data with signifi
cant skewness, the asymmetric GARCH models must be assumed to perform well.
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residuals are used under the assumption that the error expresses volatility. In a few 

cases the estimation process results in unstable and insignificant results. The mixed 

ARMA processes for Malaysia and South Korea resulted in very large coefficients break

ing the constraints, very high estimation time and convergence problems during the  

maximization process. As a remedy, non-mixed mean equation alternatives were tested and 

the best performing chosen based on the BIC measure. For Hungary, the second and third 

order MA terms turned insignificant when including the GARCH terms. Thus, the GARCH 

models were re-estimated using an MA(1) for Hungary, MA(2) for Malaysia and MA(1) for 

South Korea. This procedure resulted in convergence for all GARCH models. This may induce 

serial correlation in the mean structures as they are no longer specified optimally. This will 

be revealed in residual testing.

As expected, the EGARCH maximization proved challenging. In general, the number of  

iterations needed and thereby the estimation time was significantly higher than for the non-

logarithmic volatility models. Further, convergence problems were encountered in a few  

estimations. This is not an uncommon finding and there may be several reasons – one of them 

being that the model simply provides a bad fit for the data series. The estimation logs may 

provide some guidance in identifying the cause of nonconvergence. For the matter at hand, 

very strict convergence limits imposed by the maximization software caused the program to 

reject convergence when in fact a result was achieved. This was overcome by slight easement 

of the gradient tolerance level66 and crosschecks of the resulting estimates.

All estimation log-files are included in Appendix B6.4. The STATA coding used for the 

estimations can be found in Appendix A1.2. The meanmodels underlying the estimations can 

be found in Appendix A6.6. All coefficients, standard errors and tests statistics can be found 

collected in on exceldata sheet in Appendix B6.5.

66 This easement was introduced solely for the EGARCH models and strictly speaking introduces a source 
of possible estimation errors although for most countries; the estimation was conducted successfully using the 
strict tolerance levels. Controlling those results with the results achieved with less strict tolerance levels revealed 
no difference suggesting that the potential estimation errors may be more of a theoretical matter. 
Non-convergence is a trivial finding; see for example Domowitz et al (1998).
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Table 6.3

Volatility model coefficients and standard deviations

GARCH TGARCH EGARCH

Country Intercept α β Intercept α β λ Intercept γ β δ

Brazil 0.0000*** 0.1355*** 0.8580*** 0.0000*** 0.1824*** 0.8673*** 0.1266*** 0.2813*** 0.0918*** 0.9635*** 0.2296***

0.0000 0.0093 0.0084 0.0000 0.0130 0.0080 0.0139 0.0313 0.0090 0.0039 0.0146

Chile 0.0000*** 0.1468*** 0.8164*** 0.0000*** 0.1759*** 0.8232*** 0.0681*** 0.4327*** 0.0389*** 0.9525*** 0.2691***

0.0000 0.0117 0.0131 0.0000 0.0148 0.0134 0.0144 0.0605 0.0083 0.0065 0.0186

China 0.0000*** 0.0791*** 0.9284*** 0.0000*** 0.0000*** 0.9330*** 0.0647*** 0.0279*** 0.0320*** 0.9939*** 0.1388***

0.0000 0.0028 0.0018 0.0000 0.0000 0.0018 0.0060 0.0066 0.0037 0.0009 0.0042

Colombia 0.0000*** 0.2154*** 0.7175*** 0.0000*** 0.2255*** 0.7164*** 0.0189 1.1299*** 0.0124* 0.8761*** 0.3544*

0.0000 0.0107 0.0105 0.0000 0.0129 0.0107 0.0149 0.0606 0.0074 0.0065 0.0134

Czech Rep. 0.0000*** 0.0700*** 0.9252*** 0.0000*** 0.0697*** 0.9252*** 0.0008 0.0513*** 0.0126*** 0.9929*** 0.1495***

0.0000 0.0055 0.0052 0.0000 0.0066 0.0052 0.0054 0.0142 0.0035 0.0017 0.0083

Hungary 0.0000*** 0.1853*** 0.7789*** 0.0000*** 0.2371*** 0.7611*** 0.0807*** 0.5592*** 0.0330*** 0.9297*** 0.3514***

0.0000 0.0067 0.0079 0.0000 0.0090 0.0095 0.0138 0.0414 0.0070 0.0049 0.0090

India 0.0000*** 0.0508*** 0.9408*** 0.0000*** 0.0591*** 0.9388*** 0.0141*** 0.0320*** 0.0015*** 0.9948*** 0.0964***

0.0000 0.0023 0.0014 0.0000 0.0033 0.0014 0.0042 0.0049 0.0024 0.0006 0.0032

Indonesia 0.0000*** 0.1782*** 0.8442*** 0.0000*** 0.2022*** 0.8427*** 0.0508*** 0.0562*** 0.0271 0.9907*** 0.2128***

0.0000 0.0077 0.0057 0.0000 0.0095 0.0059 0.0091 0.0084 0.0041 0.0010 0.0095

Israel 0.0000*** 0.1184*** 0.8232*** 0.0000*** 0.0000*** 0.7983*** 0.1482*** 0.6908*** 0.0984*** 0.9174*** 0.2079***

0.0000 0.0086 0.0125 0.0000 0.0000 0.0155 0.0147 0.0693 0.0078 0.0081 0.0142

Malaysia 0.0000*** 0.1261*** 0.8620*** 0.0000*** 0.1769*** 0.8713*** 0.1220*** 0.1340*** 0.0653*** 0.9831*** 0.2137***

0.0000 0.0069 0.0057 0.0000 0.0104 0.0052 0.0109 0.0099 0.0055 0.0012 0.0087

The table shows all terms from the volatility model estimations. The standard deviations are given in Italic below the coefficients. The notations correspond to equation 3.2.2, 3.2.2 
and 3.2.5. Significance levels are given by the stars where *** = 1%, ** = 5% and * = 10%. The mean structure coefficients are given in Appendix A6.6. Source: Own calculations.
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Table 6.3 (continued)

Volatility model coefficients and standard deviations

GARCH TGARCH EGARCH

Country Intercept α β Intercept α β λ Intercept γ β δ

Mexico 0.0000*** 0.2183*** 0.7329*** 0.0000*** 0.2769*** 0.7867*** 0.2295*** 0.5018*** 0.1383*** 0.9391*** 0.2776***

0.0000 0.0101 0.0121 0.0000 0.0147 0.0121 0.0143 0.0416 0.0078 0.0050 0.0134***

Peru 0.0000*** 0.1356*** 0.8320*** 0.0000*** 0.1861*** 0.8200*** 0.0978*** 0.2673*** 0.0355*** 0.9684*** 0.2085***

0.0000 0.0091 0.0105 0.0000 0.0128 0.0115 0.0130 0.0291 0.0052 0.0032 0.0118

Philippines 0.0000*** 0.1186*** 0.8725*** 0.0000*** 0.1296*** 0.9040*** 0.0804*** 0.1301*** 0.0517*** 0.9830*** 0.1741***

0.0000 0.0074 0.0067 0.0000 0.0084 0.0049 0.0081 0.0187 0.0049 0.0023 0.0078

Poland 0.0000*** 0.1322*** 0.8279*** 0.0000*** 0.1636*** 0.8324*** 0.0711*** 0.3253*** 0.0455*** 0.9576*** 0.2401***

0.0000 0.0105 0.0133 0.0000 0.0148 0.0133 0.0161 0.0417 0.0087 0.0052 0.0129

Russia 0.0000*** 0.0994*** 0.8984*** 0.0000*** 0.0000*** 0.9025*** 0.0412*** 0.0562*** 0.0415*** 0.9907*** 0.1697***

0.0000 0.0088 0.0077 0.0000 0.0000 0.0080 0.0107 0.0159 0.0070 0.0024 0.0141

South Africa 0.0000*** 0.1542*** 0.8038*** 0.0000*** 0.1965*** 0.8078*** 0.1105*** 0.6129*** 0.0832*** 0.9285*** 0.2748***

0.0000 0.0099 0.0089 0.0000 0.0147 0.0107 0.0146 0.0361 0.0088 0.0040 0.0147

South Korea 0.0000*** 0.0802*** 0.9161*** 0.0000*** 0.1007*** 0.9178*** 0.0420*** 0.0441*** 0.0233*** 0.9932*** 0.1577***

0.0000 0.0061 0.0057 0.0000 0.0083 0.0056 0.0082 0.0123 0.0049 0.0016 0.0098

Taiwan 0.0000*** 0.0668*** 0.9112*** 0.0000*** 0.0000*** 0.9015*** 0.0540*** 15.4648*** 0.0040*** 0.9997*** 0.0034**

0.0000 0.0057 0.0075 0.0000 0.0000 0.0077 0.0086 0.0300 0.0010 -0.0003 0.0017

Thailand 0.0000*** 0.0993*** 0.8908*** 0.0000*** 0.1366*** 0.8844*** 0.0644*** 0.1465*** 0.0344*** 0.9801*** 0.2107***

0.0000 0.0059 0.0055 0.0000 0.0096 0.0060 0.0099 0.0201 0.0059 0.0026 0.0100

Turkey 0.0001*** 0.1153*** 0.8443*** 0.0001*** 0.1415*** 0.8341*** 0.0455*** 0.2928*** 0.0232*** 0.9556*** 0.2221***

0.0000 0.0075 0.0086 0.0000 0.0113 0.0092 0.0126 0.0292 0.0066 0.0043 0.0098

The table shows all terms from the volatility model estimations. The standard deviations are given in Italic below the coefficients. The notations correspond to equation 3.2.2, 3.2.2 
and 3.2.5. Significance levels are given by the stars where *** = 1%, ** = 5% and * = 10%. The mean structure coefficients are given in Appendix A6.6. Source: Own calculations.
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6.2.3 GARCH model control

As discussed in Section 3.1, it is relevant to confirm the stationarity of the GARCH  

models and existence of the second moment. For the GARCH model it is required that the  

coefficients are estimated so that 0 ≤ αi + βi  <1, for the TGARCH 0 ≤ αi + βi + λ <1  and that  

0 ≤ αi + λ while the EGARCH it is only constrained by  |β|< 1.

6.2.3.1 Coefficients and constraints

All coefficients, except the mean equation intercepts are statistically significant for all  

countries. The volatility intercept is generally very close to 0 but statistically significant.  

For all countries except Indonesia, the constraints for the GARCH model are respected.  

The nonnegativity constraint is respected for all countries. The sum of the volatility  

coefficients falls in the interval 0.90-0.99. As discussed, large values of αi results in larger 

volatility while the value of βi is indicative for the persistence of the estimated volatility.  

The estimations demonstrate small values of α relative to β indicating relatively high persis

tence but with smaller predicted deviations. The model for Colombia estimates the largest 

α and thereby stands out as the index for which the largest predicted errors arise following 

a shock in time t-1. For Indonesia the sum of the ARCH- and GARCH coefficients is 1.022. 

Although this figure is very close to 1, it will result in infinite variance as the multi-step  

forecasting horizon increases.

In general the TGARCH models present significant coefficients on the 1% level, with exception 

of the mean equation intercept67. The threshold for the dummy variables is defined opposite 

to that described in Section 3.2.3, so that dt1 takes the value 1 for εti ≥ 0 and zero for εti < 0. 

As expected, the asymmetry coefficient λ is negative in all estimations68, indicating that nega

tive shocks lead to significantly higher expected subsequent volatility. The dummy coefficient 

ranges from -0.014 (India) to -0.229 (Mexico), but in most estimations remains between -0.04 

and 0.12. The TGARCH constraints are respected in all estimations. 

67 For Colombia and Czech Republic λ is insignificant indicating that the dummy variable for asymmetric 
reactions has no influence on returns.
68 With exception for Czech Republic for which it is insignificant. 



80

6. Specification of volatility models

For the EGARCH model, similar results are found. The intercept for the mean equation is 

mostly insignificant, whereas the remaining coefficients generally are significant at the 5% 

level69. For all countries, it is found that the EARCH coefficient is negative, which implies 

that negative prior errors lead to larger subsequent volatility. This is in accordance with the 

expectation and the finding for the TGARCH model70. The significant asymmetry coefficients 

γ range from -0.023 (Turkey and South Korea) to -.138 (Mexico), where the latter indicate the 

largest affects from sign-asymmetry. The size coefficient δ is positive and less than one for 

all countries except Taiwan71. The volatility intercept is larger for the EGARCH model than 

for the prior models. This is not surprising given that the dependent variable is logarithmic.

Taiwan appears to be a special case. All volatility coefficients flip signs and the volatility 

intercept is very large and negative. This may indicate that the model offers a bad fit for the 

underlying data72.

6.2.3.2 The normality hypothesis

As demonstrated in Appendix A5.6, the raw data is non-normal, thus, if the Jarque-Bera 

tests are unable to reject the null hypothesis of normality it can be concluded that the models 

fully accommodate excess kurtosis and skewness.

The Jarque-Bera tests for the GARCH, TGARCH and EGARCH residuals shown in Table 6.4 

are highly significant in all cases. Comparing the performance of the respective models makes 

clear that they perform differently. For all countries except South Africa and Philippines, the 

GARCH-type specifications dominate the simple ARMA specification in accommodating the 

distribution of the residuals. This is as expected following the discussions in Section 3.3 and 

lends some credibility to ability of the GARCHtype models in accommodating excess kurtosis. 

Among the GARCH-type models, mixed results were found, although it seems that the  

asymmetric models outperform the symmetric in accommodating the data. 

69 The γ term for Colombia is significant only on the 10% level and is insignificant for India, in both cases 
however, the sign is as expected.
70 Only for Czech Republic and Taiwan, the coefficient positive indicating that positive prior errors lead to 
larger subsequent errors. For Czech Republic this result was also found for the TGARCH model, but in this case 
the result is statistically significant. For both countries however, the coefficient is very small.
71 For Taiwan the size coefficient is negative but has low significance.
72 This result is robust to changes in priming values and convergence is found at very low gradient tolerance 
level.
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Yet, it is indisputable that the residuals remain far from normal underscoring that it may be 

necessary to implement other distributional assumptions in the maximum likelihood estima

tion in order to capture excess kurtosis and skewness in the data.

Table 6.4

JarqueBera residual test for normality

Country ARMA GARCH TGARCH EGARCH

Brazil 2807*** 371*** 310*** 298***

Chile 1740*** 272*** 230*** 206***

China 95000*** 58000*** 44000*** 42000***

Colombia 30000*** 21000*** 21000*** 28000***

Czech Republic 55000*** 1974*** 1961*** 3838***

Hungary 19000*** 6831*** 5675*** 6311***

India 28000*** 4826*** 4913*** 7895***

Indonesia 130000*** 4802*** 4828*** 4700***

Israel 1932*** 1003*** 667*** 781***

Malaysia 170000*** 1652*** 1451*** 1542***

Mexico 37000*** 1074*** 750*** 755***

Peru 14000*** 7573*** 8530*** 7993***

Philippines 28000*** 84000*** 41000*** 28000***

Poland 2260*** 147*** 127** 222***

Russia 17000*** 479*** 512*** 562***

South Africa 13000*** 19000*** 19000*** 18000***

South Korea 21000*** 408*** 383*** 369***

Taiwan 1100*** 419*** 411*** 1031***

Thailand 5056*** 790*** 845*** 819***

Turkey 4175*** 1136*** 1171*** 1275***

The table shows Jarque-Bera statistics for the residual series of ARMA and volatility 
models. The test is designed as given in equation 4.1 and the significance is tested  against 
a chi2 distribution with DF = 2. The stars indicate statistical significance rejecting the null 
hypothesis of normality where *** = 1%, ** = 5% and * = 10%. Source: Own calculations.

Following the discussion in Section 4.3.2.1, estimating the models using the quasi-maximum 

likelihood methodology constitute an alternative approach for guaranteeing the robustness of 

the estimations73. Whereas the estimators remain identical to those of the conventional MLE, 

the variances are adjusted to achieve robustness. Parameter insignificance from the QMLE 

indicates non-robustness and warns that the MLE variance may misjudge the importance of 

the estimator. Applying the QMLE results in two conclusions; first, the ARCH intercepts turn 

insignificant in 25 of 60 cases where before all were significant. Second, for the EGARCH and 

TGARCH models, the asymmetric volatility components appear nonrobust for almost half 

73 See for example Engle and Ng (1993).
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of the sample. The latter result spurs doubt about the appropriateness of the asymmetric  

models and indicates that out-of-sample tests may be necessary in confirming their useful

ness. The log files from the robust-error estimations can be found in Appendix B6.6.

6.2.3.3 Test for linear dependency

As described in Section 4.4.2, the models are controlled for remaining linear dependencies 

in the standardized residuals, which evaluates on the fit of the mean process. This is done 

through investigation of autocorrelation plots, as attached in Appendix B6.7 and by calcu

lating Ljung-Box test statistics for 1, 3 and 5 lags. Significant first-order autocorrelation on 

the 5% confidence level was found for 12 of the 60 estimations, while only the three GARCH 

models for Israel remain significant when regarding the 1% confidence level. Comprising up 

to five lags in the investigation reveals remaining autocorrelation in almost haft of the sample 

on the 5% level whereas for the 1% level 20 of the 60 remain significantly autocorrelated.  

A large number of these findings can be related to the simplicity of the chosen ARMA schemes, 

however it shows that the mean equations are not perfectly specified and that more elaborate 

specifications may be preferable.

Table 6.5

Ljung-Box tests for serial-correlaion

Residuals (standardized) Squared residuals (standardized)

Country Q(1) Q(3) Q(5) Q(1) Q(3) Q(5)

GARCH

Brazil 2.3894 5.3500 6.1592 0.1507 4.2427 14.4066**

Chile 3.2454* 5.2852 23.0725*** 0.2179 0.9583 2.6971

China 3.8307** 6.9178* 13.3139** 0.0302 1.1181 1.3362

Colombia 4.7018** 10.0036** 10.8438* 0.0000 1.0593 5.4613

Czech Republic 0.0222 1.3769 11.9329** 0.0695 0.8978 12.8348**

Hungary 3.1313* 10.8191** 13.7705** 3.1799* 4.4720 5.3021

India 0.0379 7.4464* 17.0756*** 1.8524 8.0330** 8.6097

Indonesia 0.8508 23.5649*** 27.3268*** 0.1246 1.3186 5.0841

Israel 9.7167*** 12.8018*** 18.9062*** 0.4017 9.7828** 10.9163*

The table shows the Ljung-Box portmanteau test for serial correlation in the standardized volatility model  
residual series. Significant serial correlation in the residuals are indicative for the mean model while the 
squared residuals are indicative for the volatility specification. The test is conducted according to equation 4.3 
using standardized residuals. The stars marks the level of significance where *** = 1%, ** = 5% and * = 10%. 
Source: Own calculations.
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Table 6.5

Ljung-Box tests for serial-correlaion

Residuals (standardized) Squared residuals (standardized)

Country Q(1) Q(3) Q(5) Q(1) Q(3) Q(5)

Malaysia 2.9810* 6.9526* 9.6781* 1.9484 5.2824 5.8936

Mexico 5.0768** 10.9278** 15.7740*** 0.0430 3.8374 6.9810

Peru 1.0082 4.1623 4.7125 0.0036 0.4336 0.5992

Philippines 3.1801* 8.0341** 16.1404*** 0.0002 0.0930 0.1026

Poland 5.9536** 6.4082* 9.1063 3.8525** 6.8736* 7.6806

Russia 2.4633 7.1745* 8.6818 0.0068 1.2218 1.2560

South Africa 0.0791 0.7136 2.4024 0.1704 0.5503 0.7743

South Korea 1.2396 1.7627 1.9761 1.5669 2.3678 4.2175

Taiwan 5.2879** 18.0854*** 21.0375*** 0.0458 2.7500 2.8378

Thailand 2.4361 11.5013*** 15.1766*** 1.1638 7.6689* 9.1693

Turkey 0.7672 3.3789 5.1604 4.7887** 6.1015 9.2805*

TGARCH

Brazil 1.3638 4.7707 5.7168 0.0278 1.7847 8.2536

Chile 2.8887* 5.1183 22.5756*** 0.1104 0.7938 2.4087

China 5.0570** 8.8392** 14.5680** 0.0896 3.2950 3.5461

Colombia 4.6175** 9.7567** 10.5704* 0.0010 1.0553 5.5863

Czech Republic 0.0215 1.3741 11.9198** 0.0716 0.8975 12.8139**

Hungary 3.2728* 10.7859** 13.8304** 2.8661* 4.4625 5.4119

India 0.0013 7.6591* 17.8134*** 1.1649 5.1733 5.6691

Indonesia 0.9063 24.3139*** 28.0701*** 0.0277 1.2816 4.9713

Israel 9.3049*** 12.8812*** 19.9662*** 1.2271 5.6801 6.6350

Malaysia 1.6712 5.9639 9.2550* 1.9956 4.3691 4.5178

Mexico 3.4614* 11.4430*** 17.0806*** 0.2210 2.7714 5.8575

Peru 1.0890 4.7937 5.6221 0.0039 0.2556 0.5748

Philippines 3.4737* 8.5657** 16.8985*** 0.2310 0.3012 0.3021

Poland 5.2895** 5.6454 8.2162 2.7246* 6.1119 7.2188

Russia 2.6955 7.0032* 8.5023 0.0046 0.7062 0.8700

South Africa 0.0935 0.7351 2.3229 0.0654 0.5208 0.6937

South Korea 1.4031 2.1674 2.5829 1.1012 2.2635 4.8682

Taiwan 6.0000** 20.9768*** 24.0418*** 0.2556 1.4840 1.5687

Thailand 2.0889 11.7566*** 15.7797*** 0.8518 5.8507 7.7667

Turkey 0.6691 3.3033 5.3072 3.4438* 4.4597 7.5653

EGARCH

Brazil 1.5829 4.3170 5.1675 0.0431 3.1287 11.1175**

Chile 2.1802 4.3406 21.8807*** 0.9241 3.2078 4.5100

China 3.6294* 5.2889 9.3847* 0.8937 12.5639*** 12.9048**

The table shows the Ljung-Box portmanteau test for serial correlation in the standardized volatility model  
residual series. Significant serial correlation in the residuals are indicative for the mean model while the 
squared residuals are indicative for the volatility specification. The test is conducted according to equation 4.3 
using standardized residuals. The stars marks the level of significance where *** = 1%, ** = 5% and * = 10%. 
Source: Own calculations.
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Table 6.5

Ljung-Box tests for serial-correlaion

Residuals (standardized) Squared residuals (standardized)

Country Q(1) Q(3) Q(5) Q(1) Q(3) Q(5)

Colombia 3.6505* 6.8565* 7.3444 0.0921 0.5629 6.4772

Czech Republic 0.7856 2.5378 13.9789** 0.0737 0.5123 19.2856***

Hungary 2.7369* 10.9769** 13.5942** 4.6239** 5.6496 7.0819

India 0.3366 6.0564 15.3567*** 6.3314** 17.7445*** 21.2343***

Indonesia 0.0295 17.3057*** 21.1672*** 2.7688* 5.3102 9.2945*

Israel 8.6641*** 12.2945*** 20.1852*** 0.0194 9.2296** 9.9148*

Malaysia 3.6911* 7.6308* 10.9112* 9.3779*** 16.8163*** 16.9005***

Mexico 1.5522 9.4968** 14.7869** 2.1249 7.1005* 9.9620*

Peru 1.0844 4.3055 5.5122 1.2587 2.2299 2.5431

Philippines 2.7393* 7.2909* 15.2313*** 1.7836 2.2129 2.2250

Poland 4.0197** 4.4630 7.2987 11.2824*** 18.9611*** 24.7694***

Russia 2.1639 6.1475 7.0423 0.4254 1.7353 3.1781

South Africa 0.3913 1.0439 2.5816 0.2057 0.6234 0.6866

South Korea 0.5738 1.0863 1.6057 4.8549** 8.4086** 13.7769**

Taiwan 3.3998* 10.4548** 11.7869** 126.2045*** 519.3000*** 764.1838***

Thailand 2.3034 9.8525** 14.3947** 3.2825* 14.7686*** 16.5400***

Turkey 0.8971 4.5070 6.5159 12.6750*** 16.2779*** 18.8268***

The table shows the Ljung-Box portmanteau test for serial correlation in the standardized volatility model  
residual series. Significant serial correlation in the residuals are indicative for the mean model while the 
squared residuals are indicative for the volatility specification. The test is conducted according to equation 4.3 
using standardized residuals. The stars marks the level of significance where *** = 1%, ** = 5% and * = 10%. 
Source: Own calculations.

6.2.3.4 Test for remaining ARCH effects

The fit of the volatility model is evaluated by investigating the linear dependency of squared 

residuals. Following the approach outlined in Section 4.4.3, autocorrelation plots are inspected 

and Ljung-Box statistics calculated for 1, 3 and 5 lags. Rejection of the null hypothesis may 

indicate that more elaborate specifications are necessary. Of the 60 GARCH-type models, 

significant first-order serial correlation for squared standardized residuals was reported in 

9 cases on the 5% confidence level. Curiously, 7 were indicated for the EGARCH model and 

the last for one specification of the TGARCH model. On the 1% level the null hypothesis was  

rejected for four of the EGARCH models. The results indicate that the EGARCH model may 

be weaker in its ability to capture dependencies whereby for this model type a higher- order  

specification is needed. Testing on five lags, 13 of the 60 models on the 5% level and 7 on the 

1% level, exhibits serial dependency. In conclusion, the numbers show that the GARCH-type 

models and especially the simple GARCH(1,1) specification capture most serial dependency 
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in the squared residuals. Inclusion of additional terms may further improve the specification 

for especially the EGARCH model. On the other hand, this may lead to over-specification and 

may lead to further convergence issues as the complexity of the maximization increases. The 

ACF and PACF plots for the squared standardized residuals are included in Appendix B6.7.

6.2.3.5 Tests for asymmetry

The tests for asymmetry are conducted in accordance with the guidelines described in Section 

4.1.5 and 4.4.3, and supported by the news impact curves attached in Appendix B6.8. 

For the 20 GARCH models, one or more of the sign- and size bias tests were significant at 

the 5% level in 10 cases. The sign bias was significant in 7 cases, and for all of them, the 

sign of the coefficient was positive supporting the notion that previous negative errors are  

positively correlated with the subsequent periods volatility. 

The negative size test was similarly significant in 7 cases all of which held negative coef

ficients indicating that large negative errors in the previous period leads to large volatility 

in the subsequent. In four cases the positive size-bias test was significant, with negative  

coefficients. This indicates that large positive errors for those countries results in damped 

subsequent volatility. The asymmetric models are expected to capture the asymmetries of the 

data in their specifications. 

For the TGARCH model, the presence of asymmetry in the residuals is reduced whereby 

only three models have one or more significant effects. Of these, the sign-bias is present 

in only one case. For the EGARCH model, the case is different. In eight of the ten models  

where asymmetric bias was found for the GARCH residuals, similar asymmetries were 

found in the EGARCH residuals. Whereas the sign-bias is insignificant for all countries, 

the size-bias remains significant in all cases. This is surprising given the size- component 

present in the design of the EGARCH model and indicates that the model does not  

provide a perfect modeling of sizeeffects. 

The news impact curves underscore the findings from this section by showing how negative 

errors lead to higher predicted volatility. As expected, the news impact curves for the GARCH 

models are symmetric while those for EGARCH and TGARCH demonstrate the asymmetric 
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effects. The NIC’s for negative deviations in Mexico were clearly the steepest given both the 

TGARCH and EGARCH models as depicted in Figure 6.1.1 and 6.1.2 below.
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Figure 6.1.1 (top) and 6.1.2 (bottom). News impact curves for Mexico. 5.2.1 shows 
the asymmetric impact captured by the TGARCH model and 5.2.2 models the effects  
captured by the EGARCH model. The volatility response from negative prior returns 
are larger than the response from positive. The TGARCH model produces larger asym
metry than the EGARCH. The models are derived following equation 4.11 through 
4.15. Source: Own calculations.
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Table A6.7

Sign bias tests for asymmetry

GARCH TGARCH EGARCH

Country Sign Negative Positive Sign Negative Positive Sign Negative Positive

Brazil 0.280*** 9.418*** 11.273*** 0.156* 4.100 7.127** 0.104 3.947 6.168**

Chile 0.006 8.530 4.436 0.073 1.920 1.221 0.082 3.847 1.450

China 0.000 3.784 1.632 0.071 1.356 1.009 0.060 4.357 3.254

Colombia 0.161 13.209 6.758 0.148 11.805 5.736 0.158 18.449 4.109

Czech Rep. 0.065 6.014 5.923 0.066 6.083 5.951 0.090 7.003 7.182

Hungary 0.230** 12.240** 5.816 0.181* 8.230* 2.972 0.140 10.402** 3.278

India 0.166 13.680 7.944 0.161 11.833 7.365 0.185 19.246 6.688

Indonesia 0.149 1.219 4.731 0.124 0.134 3.886 0.100 3.625 1.682

Israel 0.210** 5.402 14.479*** 0.104 2.523 7.417* 0.070 2.217 5.656

Malaysia 0.122 8.733** 1.632 0.024 3.191 4.316 0.028 6.665* 6.974**

Mexico 0.199*** 13.542*** 9.959*** 0.032 5.101* 0.929 0.015 6.549** 0.598

Peru 0.110 2.118 6.672 0.046 3.855 1.581 0.057 2.994 0.871

Philippines 0.183 0.255 1.690 0.115 3.618 6.576 0.091 1.549 10.237

Poland 0.146** 4.748* 2.617 0.083 1.590 0.585 0.068 2.792 2.025

Russia 0.305* 3.809* 3.977* 0.223* 3.056 3.298 0.209* 3.988* 2.413

South Africa 0.086 9.729 6.082 0.007 4.344 0.159 0.045 4.747 2.196

South Korea 0.079 2.518 2.374 0.015 0.573 0.965 0.015 1.789 0.563

Taiwan 0.063 1.462 4.671* 0.033 1.741 2.538 0.010 20.006*** 14.484***

Thailand 0.042 1.711 0.388 0.001 1.553 2.007 0.004 0.517 2.983

Turkey 0.008 3.891** 0.153 0.040 2.270 1.314 0.032 4.244** 1.766

The table shows sign-bias, negative sign-bias and positive sign-bias tests. The calculations are made according to equation 4.8, 4.9 and 4.10. The standard 
error are given in Appendix B6.5. The significance levels are given by the stars where *** = 1%, ** = 5% and * = 10%. Source: Own calculations.
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The purpose of this section is to evaluate and compare the performance represented by the  

conditional volatility models and their general performance in comparison with unconditional 

counterparts. First, the in-sample performance of the models will be presented followed by 

outofsample tests and trading simulations. 

7.1 In-sample evaluation
Evaluating the insample performance of the models comprises the loglikelihood values 

from the maximum likelihood estimations along the AIC and BIC values. Table 7.1 presents 

the loglikelihood, AIC and BIC values. As the estimations for the separate countries are  

conducted using differently sized samples, the values cannot be used for inference about the 

relative performance between countries, but only as indicator for the efficiency of the respec

tive models on each individual country.

7.1.1 Maximum likelihood

As expected, the GARCHtype models in all case represent an improvement to the pure 

ARMA specifications indicating a closer distributional fit. From the log-likelihoods of the  

volatility models, two conclusions emerge. First, as could be expected, the asymmetric models 

in all cases represent an improvement over the symmetric GARCH model. Second, for Brazil, 

Indonesia, Peru, Philippines and South Africa the EGARCH model had the higher likelihood, 

whereas the TGARCH proved superior in the remaining 75% countries. These conclusions 

points to similarities with developed markets74 as discussed in Section 3.4.1.

7.1.2 Information criteria

By AIC, the simple GARCH model is preferred to the TGARCH at the Colombian and 

Czech indices. The BIC penalize additional estimators even harder, leading to the selection 

74 See for example Forte and Manera (2002), Awartani and Corradi (2005) and Liu and Hung (2009).
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Table 7.1

Log-likelihood, AIC and BIC values for volatility models

GARCH TGARCH EGARCH

Country LL AIC BIC LL AIC BIC LL AIC BIC

Brazil 6011.95 12013.89 11985.09 6038.91 12065.81 12031.25 6048.84 12085.69 12051.13

Chile 10662.31 21314.61 21284.12 10669.92 21327.85 21291.26 10665.29 21318.58 21281.98

China 6164.48 12320.95 12297.84 6181.37 12352.74 12323.84 6171.85 12333.70 12304.81

Colombia 9813.83 19615.65 19579.72 9814.04 19614.08 19572.16 9801.47 19588.94 19547.02

Czech Rep. 7259.79 14509.57 14480.43 7259.79 14507.58 14472.60 7238.98 14465.96 14430.98

Hungary 8343.02 16676.04 16645.99 8347.90 16683.80 16647.73 8340.99 16669.99 16633.92

India 9341.64 18673.27 18642.59 9343.45 18674.90 18638.09 9291.23 18570.46 18533.65

Indonesia 8795.89 17581.77 17551.28 8799.79 17587.58 17550.98 8802.28 17592.56 17555.97

Israel 7692.79 15377.58 15353.92 7717.51 15425.01 15395.44 7717.18 15424.36 15394.79

Malaysia 10568.74 21125.48 21088.48 10606.27 21198.54 21155.37 10583.13 21152.26 21109.10

Mexico 9474.22 18938.44 18907.77 9541.02 19070.04 19033.23 9531.60 19051.20 19014.38

Peru 7802.03 15594.06 15564.99 7810.72 15609.45 15574.57 7813.99 15615.99 15581.10

Philippines 10058.74 20107.48 20076.65 10084.57 20157.13 20120.14 10084.64 20157.27 20120.27

Poland 6221.28 12432.55 12403.57 6228.21 12444.41 12409.63 6206.00 12400.01 12365.22

Russia 2918.17 5828.33 5807.31 3520.00 5831.30 5805.03 2918.72 5827.44 5801.17

South Africa 10497.36 20984.73 20953.90 10511.27 21010.54 20973.54 10519.59 21027.17 20990.18

South Korea 8595.29 17180.57 17149.89 8603.48 17194.95 17158.14 8590.64 17169.27 17132.46

Taiwan 8757.95 17507.89 17483.35 8771.16 17532.32 17501.64 8403.42 16796.84 16766.16

Thailand 9154.87 18299.74 18268.91 9168.83 18325.66 18288.67 9154.51 18297.01 18260.01

Turkey 6967.40 13924.80 13894.13 6971.00 13929.99 13893.18 6952.99 13893.97 13857.16

The table shows Log-likelihood values and information criteria for the three GARCH-type models. LL values are the maximized log-likelihoods from the estimation 
processes and the information criteria are derived according to equation 4.16 and 4.17. Source: Own calculations.
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of the GARCH over the TGARCH in the Colombian, Czech, Indian, Russian and Turkish 

indices. In all cases where the EGARCH model was chosen by the LL, the AIC and BIC 

similarly pointed to its superiority, indicating that the advantage gained by considering the 

EGARCH specification out-weights the cost of an additional parameter. Yet, in most cases, 

the TGARCH model was preferred no matter the choice of selection criteria.

For Taiwan, the EGARCH model appears inappropriate. The GARCH and TGARCH vastly 

outperform the simple ARMA specification for Taiwan, while the EGARCH barely matches it75. 

7.2 Out-of-sample evaluation
As discussed in Section 4.6, OOS evaluation represents a strong supplement to IS evaluation 

and add credibility if consistent conclusions can be drawn. For the OOS evaluation, the 

GARCH-type models will be evaluated comparatively to each other and to an unconditional 

measure of volatility. The latter is defined from the gradually expanding pool of sample data.

7.2.1 Re-parameterization

The holdout sample is generated by onestepahead forecasts from the volatility models. 

Each model is re-parameterized for every five days76 amounting to 366 reparameterizations. 

For all countries this amounts to approximately 22.000 GARCHtype estimations. With this  

approach, developments in the markets are gradually implemented as the estimators are  

adjusted. The specifications from Section 6 are kept intact throughout the holdout sample. The 

calibrations assure that the evaluation follows a practical approach, which requires models to 

be dynamically updated, as would be the case for any practical purpose. Appendix B7.1 contains 

the log-files and B7.2 the estimated parameter coefficient time series for all volatility  

parameters.

75 For example, the BIC selection criteria for the GARCH and TGARCH models were -17483.35 and 
-17501.64 respectively, while -16766.47 for the ARMA specification (not reported) and -16766.16 for the EGARCH.
76 Daily re-parameterization is assumed to yield only very small improvements over weekly, as the  
parameters should change by minimal steps only.
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7.2.2 Non-convergence

As previously discussed, the EGARCH maximization is complex, which leads to convergence 

problems even after easing the gradient tolerance level as discussed in Section 6.2.2 and 

6.2.3.1. For reparameterizations not converging, the previous estimates are used for the 

mean and volatility predictions until next successful reparameterization since results are 

nonexisting or discarded77. This may lead to poorer OOS performance of the EGARCH model 

if nonconvergence is experienced for many consecutive periods78. A variable was formed to  

inform about the nonconvergence experienced during OOS estimation of the EGARCH  

model. This variable takes that value 0 when the estimation converges and 1 through 999 

otherwise79 and is featured in Appendix B7.280. For the GARCH- as well as the TGARCH  

model, no convergence problems were encountered during OOS estimations.

7.2.3 Parameter behavior

For the GARCH model it is found that the time series of the parameters are nonstationary,  

increasing and descending in patterns but only rarely in jumps81. All previously significant  

para meters stay statistically significant throughout the sample and the mean equation  

intercept gradually gains significance. By the last re-parameterization, all mean equation 

intercepts with exception of China have turned statistically significant at the 5% level. 

For the TGARCH model, the behavior of the α and β coefficients mimic that for the GARCH 

model, as they would be expected to. The λ coefficient follows a similar pattern of non- stationary 

increase and descent and few larger jumps. For the most asymmetric country, Mexico,  

it is found that the parameter slowly increases (becomes less negative) thereby slowly  

growing closer to the mean level. The significance of the parameters gradually improves,  

thus by the last estimation, the asymmetry parameter λ for Czech Republic and Colombia are  

statistically significant. Also the mean equation intercept grows significant at the 5% level 

for some countries while it remains insignificant for Brazil, China, Colombia, Czech Republic, 

Hungary, Philippines, Poland, Taiwan, South Korea and Thailand.

77 See for example Yang et al. (2005).
78 For few re-parameterizations not converging, the information loss will be minimal as the parameters are 
expected to change only by very small amounts.
79 The numbers refer to program-specific error codes.
80 Under the variable name “Capture”.
81 Peru and Thailand do experience few but relatively large jumps in the values of the α, β and volatility 
intercept terms.
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The EGARCH model largely follows the tendencies of the previously discussed models. 

The size-coefficients γ for most countries fluctuate in non-stationary patterns around their  

unconditional offsets. Yet, for India, the size-coefficient slowly increases in value throughout 

the OOS period while the same value for Hungary and Mexico declines indicating trends 

in the size effect of asymmetric returns. The asymmetry coefficients δ generally remain 

in the interval 0.95-0.99, while showing a converging tendency for Colombia, Israel and 

Peru toward the level of the remaining sample. This indicates that volatility shocks are or  

become increasingly persistent. For the coefficient of asymmetry most countries maintain their  

values while the most extreme case, Mexico increase (toward 0) whereby the asymmetric  

reaction gradually declines. For Czech Republic and South Africa it is noted that in periods the 

model exhibit sign -switching behavior similar to that found for Taiwan. In these instances, 

the volatility intercept drops dramatically while the δ and β rise to 0 and 1 respectively and 

the γ drops. For South Africa the instabilities only appears in flashes while for Czech Republic 

and Taiwan they are more consistent. These changes are unaffected by priming values and 

gradient tolerance level.

7.2.4 OLS-estimations

The volatility predictions for each country can be evaluated by their ability to explain the 

magnitude of the squared errors for each day. Using the deviations from the unconditional  

return measure, OLS estimations with the predicted volatility as regressor can be  

conducted. Table 7.2 exhibits the adjusted R2 values and regression coefficients denoted ω1.  

Appendix B7.3 contain the volatility predictions, realized predictions and regression  

analysis. Looking at the adjusted R2 values it is clear that the forecasting performance varies  

signifi cantly from country to country, while on the other hand little variation is found  

between the models. The largest predictive power is found for Brazil, Chile, Colombia,  

Czech Republic, Hungary, Mexico and Poland for which all models yield adjusted R2 values 

above 0.15. The lowest explanatory power is found for China, India, Malaysia and Thailand. 

Also Indonesia and Philippines feature results in the lowest half of the sample, whereby 

the Asian countries (not counting Russia and Turkey) consistently are the least predictable.  

For Taiwan, the EGARCH result R2 is below 0.01, which was expected given the parameter 

behavior. 
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Table 7.2

OLS results for predictions

GARCH TGARCH EGARCH

Country Adj. R2 ω1
SE Adj. R2 ω1

SE Adj. R2 ω1
SE

Brazil 0.2081 0.8986***/+++ 0.0410 0.2209 0.9365***/+ 0.0411 0.2166 1.3463***/+++ 0.0599

Chile 0.1622 0.8332***/+++ 0.0442 0.2090 0.9801***/ 0.0446 0.2158 1.5690***/+++ 0.0699

China 0.0665 0.7065***/+++ 0.0617 0.0727 0.6798***/+++ 0.0566 0.0720 0.7156***/+++ 0.0599

Colombia 0.1619 0.7511***/+++ 0.0399 0.1672 0.7525***/+++ 0.0392 0.1704 1.4568***/+++ 0.0751

Czech Rep. 0.2219 0.9549***/ 0.0418 0.2294 0.9653***/ 0.0414 0.1718 1.1483***/+++ 0.0589

Hungary 0.1582 0.9264***/+ 0.0499 0.1583 0.9020***/++ 0.0486 0.1617 1.4048***/+++ 0.0747

India 0.0615 0.8101***/+++ 0.0737 0.0710 0.8648***/++ 0.0730 0.0658 0.9359***/ 0.0822

Indonesia 0.0944 0.6678***/+++ 0.0483 0.1072 0.6756***/+++ 0.0455 0.1054 0.8196***/+++ 0.0558

Israel 0.1200 0.9825***/ 0.0621 0.1314 0.9448***/ 0.0568 0.1266 1.0817***/+ 0.0664

Malaysia 0.0363 0.5129***/+++ 0.0614 0.0379 0.4511***/+++ 0.0528 0.0472 0.6347***/+++ 0.0664

Mexico 0.1672 0.8941***/++ 0.0466 0.2089 0.9929***/ 0.0452 0.2023 1.3514***/+++ 0.0627

Peru 0.1401 0.8480***/+++ 0.0491 0.1518 0.8052***/+++ 0.0445 0.1519 1.0964***/+ 0.0605

Philippines 0.0857 0.7722***/+++ 0.0589 0.0925 0.7286***/+++ 0.0533 0.0968 0.9342***/ 0.0666

Poland 0.1641 1.0414***/ 0.0549 0.1762 1.0184***/ 0.0515 0.1724 1.1895***/+++ 0.0609

Russia 0.1110 0.7774***/+++ 0.0514 0.1234 0.7968***/+++ 0.0496 0.1313 1.0298***/ 0.0619

South Africa 0.0914 0.7644***/+++ 0.0562 0.0852 0.6502***/+++ 0.0497 0.0739 0.9845***/ 0.0813

South Korea 0.1214 0.8507***/+++ 0.0534 0.1352 0.8527***/+++ 0.0504 0.1368 1.0781***/ 0.0633

Taiwan 0.0919 0.9253***/ 0.0679 0.0993 0.9087***/+ 0.0639 0.0078 -1.7808***/+++ 0.4534

Thailand 0.0521 0.6146***/+++ 0.0611 0.0677 0.6244***/+++ 0.0540 0.0576 0.6615***/+++ 0.0623

Turkey 0.0918 0.8437***/+++ 0.0619 0.1003 0.8433***/+++ 0.0590 0.1008 0.9038***/+ 0.0630

The table shows OLS regressions of the predicted variance to the realized. ω1 denotes the regression coefficients and SE is the standard error. The coefficients are 
derived according to equation 4.28 and are statistically tested against 0 (two-tailed) and 1 (one-tailed) respectively. The significance is given by the stars where * 
marks the two-tailed (against 0), and + marks the one-tailed test (against 1). The significance levels are given with ***/+++ = 1%, **/++ = 5% anf */+ = 10% and 1826 
observations. Source: Own calculations. 
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Table 7.3

Model ranking by explanatory power (Adjusted R2)

Best-fit model Rank by explanatory power (top-down)

Country Best model GARCH TGARCH EGARCH

Brazil TGARCH Czech Rep. Czech Rep. Brazil

Chile EGARCH Brazil Brazil Chile

China TGARCH Mexico Chile Mexico

Colombia EGARCH Poland Mexico Poland

Czech Rep. TGARCH Chile Poland Czech Rep.

Hungary EGARCH Colombia Colombia Colombia

India TGARCH Hungary Hungary Hungary

Indonesia TGARCH Peru Peru Peru

Israel TGARCH South Korea South Korea South Korea

Malaysia EGARCH Israel Israel Russia

Mexico TGARCH Russia Russia Israel

Peru EGARCH Indonesia Indonesia Indonesia

Philippines EGARCH Taiwan Turkey Turkey

Poland TGARCH Turkey Taiwan Philippines

Russia EGARCH South Africa Philippines South Africa

South Africa GARCH Philippines South Africa China

South Korea EGARCH China China India

Taiwan TGARCH India India Thailand

Thailand TGARCH Thailand Thailand Malaysia

Turkey EGARCH Malaysia Malaysia Taiwan

The table shows the ranking of models and countries from the OLS estimations. To the left, the best-fit models 
measured by adjusted R2 values for each country is demonstrated. To the right, the ranking of explanatory 
power for each country with the respective conditional volatility models are shown. The ranking are based on 
Table 7.3. Source: Own calculations.

The symmetric GARCH model is for all countries, except South Africa, outperformed by either 

the TGARCH or EGARCH model which demonstrates the value of the augmented specifi

cation comprising asymmetries. Although the results seem consistent, they are relatively 

small, especially when considering the longer estimation times. The largest gains for taking 

asymmetries into consideration are found for Chile and Mexico where they demonstrate  

significantly higher explanatory power. Table 7.3 summarize the R2 ranking of models.

Table 7.2 also shows the regression coefficients. For the GARCH and TGARCH specifications  

the coefficients for all countries except Poland are significantly smaller than one indi cating 

that the explanatory time series and thereby the predicted volatilities are larger than the  

independent. For China, Indonesia, Malaysia and Thailand, the volatility is overshot by 

most. For the EGARCH model, the coefficients are scattered around 1, but once again the 
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Asian countries differentiate themselves from the remaining sample by consistently having 

coef ficients below 1. The European and Latin American countries generally have coefficients 

above 1 whereby their volatilities generally were understated in the out-of-sample period.

7.2.5 Theoretical loss functions

Errors in certain circumstances may be allocated differing weights by the forecaster. The loss 

function measures generated as described in Section 4.6.2 thus emphasize different aspects 

and are therefore likely to prefer different models. 

For the further evaluation, the full sample and three subsamples are presented. The full  

sample covers 01-07-2003 through 30-06-2010 (1827 observations), while the three sub- 

samples cover 01072003 to 30102007 (1132 observations), 01112007 to 27022009 (347 

observations) and 01032008 to 30062010 (348) respectively. The subsamples are chosen 

so that the first and last represents bull markets while the mid-sample represents the global 

decline during the financial crisis. Although the samples are of different size, all are suffi

ciently large for statistical inference to be made.

7.2.5.1 Variance in sub-samples

The variances of the subsamples may be helpful in understanding the results of the  

theoretical loss evaluations. While subsample 1 represents an upturn during relatively  

low volatility, the financial crisis in sub-sample 2 entailed high volatility. Sub-sample 3  

represents the rebound from the drops still under high volatility.

The statistical difference of the volatilities can be tested by Ftests82 showing that the  

variance in sub-sample 2 for all countries is significantly larger than the variance in sub- 

sample 1 and 3. The difference is largest between sub-sample 1 and 2, where the latter  

features variance between 2 and 11 times as high as that of the former. As compared to  

82 Calculated as Vhigh / Vlow. The degrees of freedom range from 1 to 1.27 (on 5% level) depending on the 
source and are found in Gujarati (2005). For this calculation, 1.16 is used as limit value for VSubsample 2 / VSubsample 1 
and VSubsample 3 / VSubsample 1 while 1.21 is used for VSubsample 3 / VSubsample 1. Large sample limit values obtained from 
University of Western Ontario (Web: 2010).
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sub-sample 3, the variance of sub-sample 2 is between 1.4 and 3 times as high. The difference 

between the variance of sub-sample 1 and 3 is less clear, yet for all countries except Colombia, 

Peru, Philippines, Thailand and Turkey the variance in sub-sample 3 is significantly larger 

than that in subsample 1. The subsample variances and Fstats are included in Appendix A7.1.

7.2.5.2 MSE, MAE and LL results

Table A7.2 in Appendix A7.2 presents the loss function measures for each model and country.  

The outcome supports the conclusion from the OLS evaluation that the asymmetric volatility 

models in most cases outperform the symmetric. Although the GARCH is preferred in a few 

instances, the TGARCH and EGARCH models result in lower MSE, MAE and LL measures 

for most countries when analyzing the full sample. Measured by the MAE measure, the 

EGARCH model is the model preferred for most countries. Yet, when taking the sub-samples 

into consideration this conclusion appears inconsistent and it is indicated that the models 

performance in second or third subsample substantially increase the average error. 

A surprising finding is that in sub-sample 2, the unconditional model yields lower average 

errors as compared to the GARCH-type models for most countries when considering the MAE 

and LL. This indicates that the GARCH-type models perform poorly in exactly the volatile 

markets they are supposed to predict. On the other hand, based on the MSE measure, the 

unconditional measure is clearly outperformed in all sub-samples. This finding indicates that 

whereas the GARCH models on average result in larger average errors, they are capable 

of capturing the largest deviations, which are punished proportionally harder by the MSE 

measure.

As with the OLS results, it is found that the errors of the GARCH-type models generally 

are close to each other and especially the TGARCH and EGARCH models produce similar  

outcomes.

The differences in the resulting errors reveal that the capabilities of the models depend largely 

on the preference and utility function of the investor. An investor that is very sensitive to large 

deviations or deviations during low volatility should be more likely to choose the TGARCH 

model over the EGARCH. The results further support the notion that no one-fits-all model can 
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be identified suiting all the investigated countries equally well. Nevertheless, the conclusion 

that the asymmetric models outperform the symmetric seems consistent.

The error measures also confirm that the EGARCH model may not be well specified or simply 

provides a bad fit for Taiwan, South Africa and Czech Republic as suspected from the behavior 

of the parameters described in Section 7.2.3. 

7.3 Simulations
It is relevant to test the practical impact from the use of conditional volatility forecasts.  

Simulating a trade strategy based on the forecasted volatilities is an easily implementable 

test that may allow for a quantifiable and easily comprehensible result. 

7.3.1 Simulation setup

The approach chosen as described in Section 4.6.3, tests the applicability of the volatility fore

casts generated by the three conditional models in a portfolio optimization scheme. In order 

to isolate the effects from volatilities, the objective function minimizes the portfolio variance, 

whereby the only external factor will be the covariances. As comparison parameter, the same 

procedure will be conducted for the unconditional variances. 

The variancereturn frontier consists of all possible combinations of the 20 emerging market 

indices. At each of the 1828 OOS days, the portfolio is calibrated. With 4 models this results in 

7312 “20x20” variance/covariance matrices which makes the operation rather data intensive. 

All covariances are unconditional and based on past realized returns whereby the compara

bility of the results can be secured83. 

83 This means that the covariances are predicted unconditionally. Recent advances in covariance predic
tion show significant improvements in covariance predictability. Especially the Dynamic conditional correlation 
estimates prove empirically well-performing. See Engle (2002), Marshall et al (2008).
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The calibrations are subject to the following constraints:

• The sum of the portfolio weights must be 1, whereby full investment is forced.

• No short-selling is allowed by restricting the weights w to be larger or equal to 0.84

• No trading costs are introduced85.

The covariance matrices used are attached in Appendix B7.4. Precausion should be exhibited 

when concluding based on the results. Whereas the theoretical loss functions evaluate on 

the ability of the volatility models in predicting the errors for each country separately, the 

portfolio approach is a measure of the ability of a model over the full range of countries in the 

portfolio. Further, the covariances are unconditional and affect the evolution of the portfolios 

through time86.

7.3.2 Simulation results

Figure 7.1 shows a 260 days moving window graph of the portfolio variances calculated  

according to equation 4.42, and illustrates how the unconditional portfolio variance in most  

periods is larger than those generated by the heteroskedastic models. Appendix B7.5  

contain the portfolio weights in each period as predicted by the respective unconditional and  

conditional volatility models.

As in previous evaluations it is found that the GARCHtype models in most periods are closely 

related and only diverge marginally from each other. As previously, the results can be  

scrutinized by regarding the performance in the full sample and in subsamples. The results 

are presented in Table 7.4. The weights in each period for all models are also attached in  

Appendix B7.5.

84 Shortselling may not be practically available for index trading and is banned in a number of countries.
85 While this deviates from practice is helps to encourage changing weights during re-calibrations whereby 
the potential of the conditional forecasts will be clearer. Further, trading costs facing institutional investors are 
nontransparent and not available.
86 Although this is a potential error source, it has a minor impact on the result only, as the covariances are 
equal under all models.
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Figure 7.1. The figure shows the development of the portfolios calibrated by the 
unconditional and conditional models respectively in the OOS period. 
Source: Own calculations.

Table 7.4

Portfolio variances

Sample periods Unconditional GARCH TGARCH EGARCH

Full OOS 8.29147E05 6.5862E05 6.61887E05 6.96112E05

Subsample 1 4.91481E05 3.0904E05 3.10476E05 3.14377E05

Subsample 2 1.95282E04 1.7207E04 1.73566E04 1.89652E04

Subsample 3 7.34842E05 6.6797E05 6.66931E05 6.75341E05

The table shows portfolio variances in the full OOS and three sub-samples. 

The results support the impression, that the GARCHtype models consistently outperform the 

unconditional volatility measure by generating portfolios with significantly lower variance 

in the full sample as well as in each individual sub-sample87. 

For the full sample, the GARCH-type models returns portfolios with variances 16.04 to 20.57 

percent lower than that of the unconditional measure. The result is mainly driven by sub-

87 For the full sample and subsample 1, the gains in variance minimization are significant on the 1% level, 
whereas for subsample 2 and 3 the gains are only borderline significant at the 5% level.
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sample 1 where the variance was 36.34 to 37.12 percent below the unconditional followed by 

2.88 to 11.88 percent in subsample 2 and 8.10 to 9.24 percent in subsample 3. The smallest 

advance over the unconditional measure is in all cases found by the EGARCH model.

Remarkably, the symmetric GARCH model generates the portfolio with the lowest variance in 

all cases except from the last sub-sample, although the difference between the performances 

 of the GARCH-type models is largely insignificant88. 

The magnitude of the results is close to what could be expected following the OLS results, 

which demonstrated that up to around a fifth of the volatility, could be explained by the 

GARCH-type models although with large variation. Even so, the gain is large, when taking 

into consideration the large amount of the portfolio variance that is carried by the covariances 

as the number of assets grows (Elton et al 2007).

The EGARCH model features the lowest gains of the GARCH-type models. The inefficient  

portfolios it produces are especially inferior in the high-volatility period around the finan-

cial crisis. As the portfolio optimizations are products of the full range of countries, this 

means that faulty estimations for separate indices will impact on the over-all result.  

The sign-flipping behavior found for a few countries when applying the EGARCH model may 

be what causes the over-all performance of the EGARCH model to deteriorate. 

88 With one exception; the full sample, the EGARCH models performs significantly worse than the GARCH 
and TGARCH at the 1% significant level.
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In the following, the conclusions derived from the paper will be summarized and discussed 

briefly accompanied by a few suggestions for further research.

8.1 Theoretical conclusions

A large literature on volatility forecasting exists. The ARCH model as suggested by Engle is 

among the most commonly applied due to its simplicity and efficiency.  The generalized version,  

the GARCH model, is commonly accepted as providing an appropriate fit for financial time 

series as it mimics the behavior of a long-memory specification. Further, elaborating the  

specifications by adding a term for asymmetric and size effects can improve the results  

although no general consensus exists from previous research as to which model features the 

best performance.

For daily return indices it is usually found that the distributional fit diverges from normality  

through skewness and leptokurtosis. Even so, although it has been proven incorrect by 

most empirical research, the normality assumption underlies most studies. In the developed  

markets, efficiency is usually observed, thus no serial correlation is found in the first moment. 

In the second moment, variance, this is not the case as the presence of volatility clustering 

indicates dependence through the squared returns.

The GARCH-type models accommodate the stylized facts by allowing for dependence in the 

squared or absolute second moment thereby allowing for volatility clustering. Further, the 

GARCHtype models feature leptokurtic data. 

Modeling volatility using GARCH-type models follows a three step procedure; identification, 

estimation and controlling. The former entail identification of mean- as well as volatility 

structures using the Ljung-Box methodology. The estimation procedure follows the maximum  

likelihood methodology. In case the normality assumption underlying the ML estimation  

cannot be confirmed, the use of robust error measures is appropriate. In previous studies it 

is generally noted that the GARCHtype models and especially the exponential version, are 

hard to maximize.
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To test the usefulness of the resulting models the insample evaluations can be supplemented  

by various out-of-sample tests. These comprise OLS estimations of the forecasts to the  

realized variances and model comparison through various theoretic error functions. To test 

the practical implications of implementing the different conditional variance forecasts a  

portfolio optimization scheme can be used where the objective function minimizes the  

portfolio variance thereby isolating the variance effects from the return effects.

8.2 Emerging markets

The emerging markets constitute an increasingly important asset class for globally oriented 

investors. The interest has been driven by the rapid development, which has led to high 

historical returns, and in the 90’s more than half of the emerging markets outperformed the 

US market index. This alone however, does not guarantee investor attraction as the high  

returns have been subject to high uncertainty and the everpresent risk of defaults and  

market busts. For portfolio diversification the emerging markets have been attractive due to 

their low correlations with the world’s financial markets. The analysis in this paper indicates 

that the integration of the emerging market return indices within the world capital markets, 

as measured by return correlations, have increased since the early 90’s. For 19 of the 20  

countries comprised in the analysis, a statistically significant positive time-trend can be  

empirically confirmed. The alternative cross-sectional correlation measure supports the  

conclusion stating that the correlation between the emerging market asset class and the 

world markets increased by 1.23 percent annually throughout the past two decades.

Investigation of the stylized facts for the emerging markets demonstrates that they some

what conform to those for the developed. The distributional form for daily index returns  

diverges from normality and volatility clusters are clearly present. Importantly, the emer

ging markets seem distinguished from the developed by being less efficient. Specifically, the 

Colombian, Hungarian, Malaysian and South Korean all required elaborate mean structures, 

which indicate a degree of predictability. On the other hand, no autoregressive or moving 

average processes were necessary for describing the large Chinese, Russian or Israeli stock 

market indices. These findings indicate that the efficiency of the emerging market countries 

cannot be treated as equal across the category.
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8.3 Empirical conclusions

The empirical analysis identified, estimated and evaluated three GARCH-type models for the 

20 emerging markets based on the best fitting ARMA specifications. For the out-of-sample  

period, recursive estimation of almost 22.000 GARCHtype models ensured that the  

evaluated results conform to the would-be practice if implemented.

The estimation results demonstrate that although reducing the excess kurtosis of the data 

samples, the GARCH-type models do not fit the data perfectly. This implies that the normality  

assumption underlying the maximization process is flawed which can affect the validity of the 

estimation results. Re-estimation with the QMLE procedure indicates non-robustness in the 

asymmetric models, whereas the symmetric GARCH models appear rather robust. The ability  

of the models in capturing asymmetries was also tested using the sign- and size bias test. 

While both the TGARCH and the EGARCH models effectively eliminated the significance of 

signbias, especially the EGARCH model proved unable to eliminate the asymmetric effect of 

previous period´s error size on the subsequent period´s volatility. The tests also demonstrated 

that the differences between the countries are large with regard to asymmetry. The simple 

specifications, to a large extent, explain the linear dependencies in the second moment of the 

return series whereby the long-memory property of the GARCH models is confirmed. Only for 

the EGARCH model, remaining ARCH effects were found in more than a few cases.

The OLS evaluation demonstrates that the predictive abilities of the volatility models vary 

greatly. For the Asian countries they prove the least efficient and explains only a small but 

significant fraction of the realized volatility. The estimations for the European and Latin 

American emerging markets are more successful, in many cases predicting around a fifth 

of the variance. Inspection of coefficients shows that the GARCH and TGARCH models  

consistently over-predict the volatility and the Asian countries stand out as those for which 

the volatilities are overstated by most. The EGARCH model confirms the tendency; whereas 

for most Asian countries it overstates volatilities, it understates it for the remaining sample.  

These findings imply that heteroskedastic volatility models are not equally applicable to 

all markets. The results also underscore that the models are prone to historical events just 

as is the case for unconditional models. The weak performance for a wide range of Asian  

countries and especially for Thailand, Malaysia and Indonesia may be due to effects from 

the Asian crisis, in which exactly those countries were strongly affected. For others such as 
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China and India, the weak performance is more likely to be related to high growth, or it can be  

interpreted as a sign that governmental policies drives the volatility as suggested by Xu (1999).

From the loss functions no specific model emerges as the unconditionally best. A general  

conclusion is that in most circumstances, the asymmetric models result in smaller losses than 

the symmetric. For Indonesia, Peru, Philippines, Poland and Russia the EGARCH model was 

the best performing regardless of the loss function. Judged by the loss functions, the GARCH

type models clearly outperform unconditional specifications for the full sample but surpris

ingly, with neutral error weights, the unconditional measure outperforms the GARCH-type 

models in the high-volatility sub-sample. Knowing that the models tend to over-predict  

volatility, this can be interpreted as a sign that the longmemory property result in inferior 

predictions under very high volatility. By the MSE loss function where larger errors carry 

proportionally higher weights the unconditional model lose its advantage suggesting that the 

GARCH-type models avoid larger errors which the unconditional models evidently cannot 

predict. The OLS results underscore the finding that the asymmetric models dominate the 

symmetric. In all cases, the OLS estimations show that the asymmetric models outperform 

the symmetric. The largest gains from implementing asymmetric terms appear for Mexico 

in accordance with the expectation arising from the magnitude of the asymmetry coefficient. 

India, Turkey and South Korea featured the least asymmetric effects. 

Applying the volatility predictions to a simulated portfolio-optimization scheme confirmed 

the prior findings by concluding that the conditional predictions result in a portfolio variance  

20 percent below that for the unconditional model through the full OOS-period. This difference 

is immense and exemplifies the potential gains from implementation of conditional forecasts.  

Yet, the portfolio optimization does not show any significant difference in performance  

between the different GARCH-type models whereby doubt can be spurred on the practical  

gains from implementing asymmetric terms. This indicates that the general capability of  

heteroskedastic models in the respective market indices is of greater importance than  

selection among the GARCH-type specifications.

The findings in this paper to some extent disagree with prior studies such as Gokcan (2000), 

Franses and Van Dijk (1996) and Alagidede and Panagiotidis (2009). Similar to the rather  

new conclusion on the developed markets in Liu and Hung (2009) this paper concludes that 
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the asymmetric models reduce forecast errors in emerging markets. The result is relatively  

consistent, but inconclusive as to whether the TGARCH or EGARCH model performs best. 

The conclusion is further disturbed by the simulation, in which the performance of the  

different GARCHtype models could not be distinguished. On the other hand, a vast perfor

mance advantage was found over the unconditional model, underscoring the importance of 

proper volatility forecasting.

8.4 Suggestions for further studies

Surely, the emerging markets will be a hot topic for economists and financial professionals 

in the years to come. This paper demonstrates that market participants can improve their 

risk forecasts dramatically also in emerging markets by implementing conditional models.  

Also, this paper also demonstrates that more research is necessary on the area.

For the asymmetric terms this paper found nonrobustness to be a general problem. Especially  

the EGARCH models appeared inadequate, which is surprising given its size-component.  

The results also indicated that the asymmetric terms under certain market stages led to over

prediction of variance. Research within sophisticated asymmetric models could be conducted 

to account for both of these issues.

The integration of emerging markets within world capital markets is of high importance. 

While the conclusions found in the present analysis are indicative, they are far from exhaus

tive. The analysis can be underpinned in several ways, for example by implementing control  

variables of market capitalization. Although much research has already been conducted on 

the area, new studies may be relevant in the wake of the financial crisis.

Finally, more elaborate studies on the isolated effects from implementation of conditional  

variances on financial derivative pricing in emerging markets could be of interest as the  

capital market integration will lead the way for more such products.
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APPENDIX A1.1: ARMA model estimation and tests
/* ARIMA estimations and information criteria */
clear all
set more off

/* Insheet */
use “C:\...\GARCH.dta”, clear

/* Assign locals max test ARIMA structure */
local ARr_brazil “ma(1)”
local ARr_chile “ar(1)”
local ARr_china “ “
local ARr_colombia “ar(1,2)”
local ARr_czech “ar(1)”
local ARr_hungary “ma(1)” //ma(1,2,3)//
local ARr_india “ar(1)”
local ARr_indonesia “ar(1)”
local ARr_israel “ “
local ARr_malaysia “ma(1,2)” //ar(1,2) ma(1,2,3)//
local ARr_mexico “ma(1)”
local ARr_peru “ar(1)”
local ARr_philippine “ar(1)”
local ARr_poland “ar(1)”
local ARr_russia “ “
local ARr_safrica “ar(1)”
local ARr_skorea “ma(1)” //ar(1,2) ma(1,2)//
local ARr_taiwan “ “
local ARr_thailand “ar(1)”
local ARr_turkey “ma(1)”
local ARr_world “ma(1)”

/* Define loop */
foreach var of varlist r_* {

/* Start log */
log using “C:\...\ARMAfinal_log_`var’.log”, replace

/* ARMA estimation */
arima `var’ in f/3520, `AR`var’’ nolog

log close
log using “C:\...\ICARMAfinal_log_`var’.log”, replace

estat ic

/* obtaining necessary predictions  */
predict e_`var’ if e(sample), resid
gen e2_`var’ = e_`var’^2
display “{ACF and PACF for `var’}{hline 90}”

/* Generate autocorrelation plot for residuals */
ac e_`var’ in 1/3520, level(95) lags(20) yscale(r(-.1 .3)) ylabel(-.1 0 .1 .2 
.3)
graph save Graph “C:\...\AC_ARMAfinal_`var’.gph”, replace
graph export “C:\...\AC_ARMAfinal_`var’.emf”, replace
pac e_`var’ in 1/3520, level(95) lags(20) yscale(r(-.1 .3)) ylabel(-.1 0 .1 .2 
.3)
graph save Graph “C:\...\PAC_ARMAfinal_`var’.gph”, replace
graph export “C:\...\PAC_ARMAfinal_`var’.emf”, replace
display “{ACF and PACF for `var’}{hline 90}”

/* Generate autocorrelation plot for squared residuals */
ac e2_`var’ in 1/3520, level(95) lags(20) yscale(r(-.1 .3)) ylabel(-.1 0 .1 .2 
.3)
graph save Graph “C:\...\AC_SQARMAfinal_`var’.gph”, replace
graph export “C:\...\AC_SQARMAfinal_`var’.emf”, replace
pac e2_`var’ in 1/3520, level(95) lags(20) yscale(r(-.1 .3)) ylabel(-.1 0 .1 
.2 .3)
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graph save Graph “C:\...\PAC_SQARMAfinal_`var’.gph”, replace
graph export “C:\...\PAC_SQARMAfinal_`var’.emf”, replace

log close
log using “C:\...\JBARMAfinal_log_`var’.log”, replace

display “{Normality tests for `var’}{hline 90}”
/* Runs Jarque-Bera */
jb e_`var’

log close
log using “C:\...\WNARMAfinal_log_`var’.log”, replace

display “{Portmanteau test for `var’}{hline 90}”
/* Portmanteau test for linear dependence  */
wntestq e_`var’, lags(1)
wntestq e_`var’, lags(3)
wntestq e_`var’, lags(5)
display “{Portmanteau test for `var’}{hline 90}”
/* Portmanteau test for ARCH effects  */
wntestq e2_`var’, lags(1)
wntestq e2_`var’, lags(3)
wntestq e2_`var’, lags(5)

display “{End `var’}{hline 90}{End `var’}”
/* Close log */
log close
}
display “{End Session}{hline 90}”
/* End session */
clear all
display “{Ended}{hline 90}{Ended}”
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A1.2.1: GARCH model estimation and test
/* GARCH model estimation and test */
display “{Open Session - GARCH model estimation and test}{hline 60}”
clear all
set more off
/* Insheet */
use “C:\...\GARCH.dta”, clear

/* Assign locals for ARIMA structure */
local ARr_brazil “ma(1)”
local ARr_chile “ar(1)”
local ARr_china “ “
local ARr_colombia “ar(1,2)”
local ARr_czech “ar(1)”
local ARr_hungary “ma(1)”
local ARr_india “ar(1)”
local ARr_indonesia “ar(1)”
local ARr_israel “ “
local ARr_malaysia “ma(1,2)”
local ARr_mexico “ma(1)”
local ARr_peru “ar(1)”
local ARr_philippine “ar(1)”
local ARr_poland “ar(1)”
local ARr_russia “ “
local ARr_safrica “ar(1)”
local ARr_skorea “ma(1)”
local ARr_taiwan “ “
local ARr_thailand “ar(1)”
local ARr_turkey “ma(1)”
local ARr_world “ma(1)”

/* Define loop */
foreach var of varlist r_* {

/* Start log */
log using “C:\...\log_`var’.log”, replace

display “{Start `var’}{hline 90}{Start `var’}”
/* Estimate GARCH model */
arch `var’ in f/3520, arch(1/1) garch(1/1) `AR`var’’ nolog
display “{hline 90}”

/* obtaining necessary predictions  */
predict e_`var’ if e(sample), resid
predict v_`var’ if e(sample), variance
gen s_`var’ = sqrt(v_`var’)
gen se_`var’ = e_`var’/s_`var’
gen se2_`var’ = se_`var’^2

display “{Newsimpact curve for `var’}{hline 90}”
/* Generate news impact curve  */
newsimpact
graph save Graph “C:\...\newsimpact_`var’.gph”, replace
graph export “C:\...\newsimpact_`var’.emf”, replace

display “{ACF and PACF for `var’}{hline 90}”
/* Generate autocorrelation plot  */
ac se2_`var’ in 1/3520, level(95) lags(20) yscale(r(-.1 .3)) ylabel(-.1 0 .1 
.2 .3)
graph save Graph “C:\...\ac_SQresid_`var’.gph”, replace
graph export “C:\...\ac_SQresid_`var’.emf”, replace
pac se2_`var’ in 1/3520, level(95) lags(20) yscale(r(-.1 .3)) ylabel(-.1 0 .1 
.2 .3)
graph save Graph “C:\...\pac_SQresid_`var’.gph”, replace
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graph export “C:\...\pac_SQresid_`var’.emf”, replace

log close
log using “C:\...\IClog_`var’.log”, replace

estat ic

display “{Tests for asymmetry in `var’}{hline 90}”
/* Sign-Bias test  */
gen d1_`var’ = 0
replace d1_`var’ = 1 if L.e_`var’<0
replace d1_`var’ = . if missing(L.e_`var’)
regress se2_`var’ d1_`var’

/* Negative Size-Bias test  */
gen d1neg_`var’ = d1_`var’*L.e_`var’
replace d1neg_`var’ = . if missing(L.e_`var’)
regress se2_`var’ d1neg_`var’

/* Positive Size-Bias test  */
gen d1pos_`var’ = (1-d1_`var’)*L.e_`var’
replace d1pos_`var’ = . if missing(L.e_`var’)
regress se2_`var’ d1pos_`var’

/* Collapsed Sign/Size-Bias test  */
regress se2_`var’ d1_`var’ d1neg_`var’ d1pos_`var’

log close
log using “C:\...\JBlog_`var’.log”, replace

display “{Normality tests for `var’}{hline 90}”
/* Runs Jarque-Bera */
jb se_`var’

log close
log using “C:\...\WNlog_`var’.log”, replace

display “{Portmanteau test of std residuals for `var’}{hline 90}”
/* Portmanteau test for remaining ARCH effects  */
wntestq se_`var’, lags(1)
wntestq se_`var’, lags(3)
wntestq se_`var’, lags(5)

display “{Portmanteau test of squared std residuals for `var’}{hline 90}”
wntestq se2_`var’, lags(1)
wntestq se2_`var’, lags(3)
wntestq se2_`var’, lags(5) 

log close
/* Start log */
log using “C:\...\Robust_GARCH.log”, replace
/* Define loop */
foreach var of varlist r_* {
display “{Start ROBUST `var’}{hline 90}{Start ROBUST `var’}”
/* Estimate robust GARCH model */
arch `var’ in f/3520, arch(1/1) garch(1/1) vce(robust)
}

display “{End `var’}{hline 90}{End `var’}”
/* Close log */
log close
}
display “{End Session}{hline 90}”
/* End session */
clear all
display “{Ended}{hline 90}{Ended}”
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A1.2.2: TGARCH model estimation and test
/* TGARCH model estimation and test */
display “{Open Session - TGARCH model estimation and test}{hline 60}”
clear all
set more off

/* Insheet */
use “C:\...\GARCH.dta”, clear

/* Assign locals for ARIMA structure */
local ARr_brazil “ma(1)”
local ARr_chile “ar(1)”
local ARr_china “ “
local ARr_colombia “ar(1,2)”
local ARr_czech “ar(1)”
local ARr_hungary “ma(1)”
local ARr_india “ar(1)”
local ARr_indonesia “ar(1)”
local ARr_israel “ “
local ARr_malaysia “ma(1,2)”
local ARr_mexico “ma(1)”
local ARr_peru “ar(1)”
local ARr_philippine “ar(1)”
local ARr_poland “ar(1)”
local ARr_russia “ “
local ARr_safrica “ar(1)”
local ARr_skorea “ma(1)”
local ARr_taiwan “ “
local ARr_thailand “ar(1)”
local ARr_turkey “ma(1)”
local ARr_world “ma(1)”

/* Define loop */
foreach var of varlist r_* {

/* Start log */
log using “C:\...\log_`var’.log”, replace

display “{Start `var’}{hline 90}{Start `var’}”
/* Estimate TGARCH model */
arch `var’ in f/3520, arch(1/1) tarch(1/1) garch(1/1) `AR`var’’ nolog
display “{hline 90}”

/* obtaining necessary predictions  */
predict e_`var’ if e(sample), resid
predict v_`var’ if e(sample), variance
gen s_`var’ = sqrt(v_`var’)
gen se_`var’ = e_`var’/s_`var’
gen se2_`var’ = se_`var’^2

display “{Newsimpact curve for `var’}{hline 90}”
/* Generate news impact curve  */
newsimpact
graph save Graph “C:\...\newsimpact_`var’.gph”, replace
graph export “C:\...\newsimpact_`var’.emf”, replace

display “{ACF and PACF for `var’}{hline 90}”
/* Generate autocorrelation plot  */
ac se2_`var’ in 1/3520, level(95) lags(20) yscale(r(-.1 .3)) ylabel(-.1 0 .1 
.2 .3)
graph save Graph “C:\...\ac_SQresid_`var’.gph”, replace
graph export “C:\...\ac_SQresid_`var’.emf”, replace
pac se2_`var’ in 1/3520, level(95) lags(20) yscale(r(-.1 .3)) ylabel(-.1 0 .1 
.2 .3)
graph save Graph “C:\...\pac_SQresid_`var’.gph”, replace
graph export “C:\...\pac_SQresid_`var’.emf”, replace

log close
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log using “C:\...\IClog_`var’.log”, replace

estat ic

display “{Tests for asymmetry in `var’}{hline 90}”
/* Sign-Bias test  */
gen d1_`var’ = 0
replace d1_`var’ = 1 if L.e_`var’<0
replace d1_`var’ = . if missing(L.e_`var’)
regress se2_`var’ d1_`var’

/* Negative Size-Bias test  */
gen d1neg_`var’ = d1_`var’*L.e_`var’
replace d1neg_`var’ = . if missing(L.e_`var’)
regress se2_`var’ d1neg_`var’

/* Positive Size-Bias test  */
gen d1pos_`var’ = (1-d1_`var’)*L.e_`var’
replace d1pos_`var’ = . if missing(L.e_`var’)
regress se2_`var’ d1pos_`var’

/* Collapsed Sign/Size-Bias test  */
regress se2_`var’ d1_`var’ d1neg_`var’ d1pos_`var’

log close
log using “C:\...\JBlog_`var’.log”, replace

display “{Normality tests for `var’}{hline 90}”
/* Runs Jarque-Bera */
jb se_`var’

log close
log using “C:\...\WNlog_`var’.log”, replace

display “{Portmanteau test of std residuals for `var’}{hline 90}”
/* Portmanteau test for remaining ARCH effects  */
wntestq se_`var’, lags(1)
wntestq se_`var’, lags(3)
wntestq se_`var’, lags(5)

display “{Portmanteau test of squared std residuals for `var’}{hline 90}”
wntestq se2_`var’, lags(1)
wntestq se2_`var’, lags(3)
wntestq se2_`var’, lags(5) 

log close
/* Start log */
log using “C:\...\Robust_TGARCH.log”, replace
/* Define loop */
foreach var of varlist r_* {
display “{Start ROBUST `var’}{hline 90}{Start ROBUST `var’}”
/* Estimate robust TGARCH model */
arch `var’ in f/3520, arch(1/1) tarch(1/1) garch(1/1) vce(robust)
}

display “{End `var’}{hline 90}{End `var’}”
/* Close log */
log close
}
display “{End Session}{hline 90}”
/* End session */
clear all
display “{Ended}{hline 90}{Ended}”
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A1.2.3: EGARCH model estimation and test
/* EGARCH model estimation and test */

display “{Open Session - EGARCH model estimation and test}{hline 60}”
clear all
set more off

/* Insheet */
use “C:\...\GARCH.dta”, clear

/* Assign locals for ARIMA structure */
local ARr_brazil “ma(1)”
local ARr_chile “ar(1)”
local ARr_china “ “
local ARr_colombia “ar(1,2)”
local ARr_czech “ar(1)”
local ARr_hungary “ma(1)”
local ARr_india “ar(1)”
local ARr_indonesia “ar(1)”
local ARr_israel “ “
local ARr_malaysia “ma(1,2)”
local ARr_mexico “ma(1)”
local ARr_peru “ar(1)”
local ARr_philippine “ar(1)”
local ARr_poland “ar(1)”
local ARr_russia “ “
local ARr_safrica “ar(1)”
local ARr_skorea “ma(1)”
local ARr_taiwan “ “
local ARr_thailand “ar(1)”
local ARr_turkey “ma(1)”
local ARr_world “ma(1)”

/* Define loop */
foreach var of varlist r_* {

/* Start log */
log using “C:\...\log_`var’.log”, replace

display “{Start `var’}{hline 90}{Start `var’}”
/* Estimate EGARCH model */
arch `var’ in f/3520, earch(1/1) egarch(1/1) `AR`var’’ gtolerance(10) nolog
display “{hline 90}”

/* obtaining necessary predictions  */
predict e_`var’ if e(sample), resid
predict v_`var’ if e(sample), variance
gen s_`var’ = sqrt(v_`var’)
gen se_`var’ = e_`var’/s_`var’
gen se2_`var’ = se_`var’^2

display “{Newsimpact curve for `var’}{hline 90}”
/* Generate news impact curve  */
newsimpact
graph save Graph “C:\...\newsimpact_`var’.gph”, replace
graph export “C:\...\newsimpact_`var’.emf”, replace

display “{ACF and PACF for `var’}{hline 90}”
/* Generate autocorrelation plot  */
ac se2_`var’ in 1/3520, level(95) lags(20) yscale(r(-.1 .3)) ylabel(-.1 0 .1 
.2 .3)
graph save Graph “C:\...\ac_SQresid_`var’.gph”, replace
graph export “C:\...\ac_SQresid_`var’.emf”, replace
pac se2_`var’ in 1/3520, level(95) lags(20) yscale(r(-.1 .3)) ylabel(-.1 0 .1 
.2 .3)
graph save Graph “C:\...\pac_SQresid_`var’.gph”, replace
graph export “C:\...\pac_SQresid_`var’.emf”, replace
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log close
log using “C:\...\IClog_`var’.log”, replace

estat ic

display “{Tests for asymmetry in `var’}{hline 90}”
/* Sign-Bias test  */
gen d1_`var’ = 0
replace d1_`var’ = 1 if L.e_`var’<0
replace d1_`var’ = . if missing(L.e_`var’)
regress se2_`var’ d1_`var’

/* Negative Size-Bias test  */
gen d1neg_`var’ = d1_`var’*L.e_`var’
replace d1neg_`var’ = . if missing(L.e_`var’)
regress se2_`var’ d1neg_`var’

/* Positive Size-Bias test  */
gen d1pos_`var’ = (1-d1_`var’)*L.e_`var’
replace d1pos_`var’ = . if missing(L.e_`var’)
regress se2_`var’ d1pos_`var’

/* Collapsed Sign/Size-Bias test  */
regress se2_`var’ d1_`var’ d1neg_`var’ d1pos_`var’

log close
log using “C:\...\JBlog_`var’.log”, replace

display “{Normality tests for `var’}{hline 90}”
/* Runs Jarque-Bera */
jb se_`var’

log close
log using “C:\...\WNlog_`var’.log”, replace

display “{Portmanteau test of std residuals for `var’}{hline 90}”
/* Portmanteau test for remaining ARCH effects  */
wntestq se_`var’, lags(1)
wntestq se_`var’, lags(3)
wntestq se_`var’, lags(5)

display “{Portmanteau test of squared std residuals for `var’}{hline 90}”
wntestq se2_`var’, lags(1)
wntestq se2_`var’, lags(3)
wntestq se2_`var’, lags(5) 

log close
/* Start log */
log using “C:\...\Robust_EGARCH.log”, replace
/* Define loop */
foreach var of varlist r_* {
display “{Start ROBUST `var’}{hline 90}{Start ROBUST `var’}”
/* Estimate robust EGARCH model */
arch `var’ in f/3520, earch(1/1) egarch(1/1) `AR`var’’ gtolerance(10) nolog 
vce(robust)
}

display “{End `var’}{hline 90}{End `var’}”
/* Close log */
log close
}
display “{End Session}{hline 90}”
/* End session */
clear all
display “{Ended}{hline 90}{Ended}”
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A1.3.1: GARCH OOS generation

/* GARCH model prediction */
display “{Open Session - GARCH model prediction}{hline 60}”
clear all
set more off

/* INPUT FOLDER*/
local input = “C:\...\”     //Path to the input file INPUTDATA.dta. Must end 
with \.

/* OUTPUT FOLDER*/
local output = “C:\...\” //Path to the output files GARCH_predict.dta and GARCH_
predict_country.log. Must end with \.

/* Assign locals for ARIMA structure */
local ARr_brazil “ma(1)”
local ARr_chile “ar(1)”
local ARr_china “ “
local ARr_colombia “ar(1,2)”
local ARr_czech “ar(1)”
local ARr_hungary “ma(1)” 
local ARr_india “ar(1)”
local ARr_indonesia “ar(1)”
local ARr_israel “ “
local ARr_malaysia “ma(1,2)”
local ARr_mexico “ma(1)”
local ARr_peru “ar(1)”
local ARr_philippine “ar(1)”
local ARr_poland “ar(1)”
local ARr_russia “ “
local ARr_safrica “ar(1)”
local ARr_skorea “ma(1)”
local ARr_taiwan “ “
local ARr_thailand “ar(1)”
local ARr_turkey “ma(1)”
local ARr_world “ma(1)”

local start = 3520
local frequency = 5
local end = 5347
local gtol = 0.5

/* Insheet */
use “`input’INPUTDATA.dta”, clear

/* Define loop */
foreach var of varlist r_* {

/* Start log */
log using “`output’GARCH_predict_`var’.log”, replace

arch `var’ in f/`start’, arch(1/1) garch(1/1) `AR`var’’ //gtolerance(`gtol’)//
predict v_`var’, variance
predict r_`var’, xb
gen arch_`var’ = [ARCH]_b[L.arch]
gen garch_`var’ = [ARCH]_b[L.garch]
gen cons_`var’ = [ARCH]_b[_cons]
gen capture_`var’ = 0
local time_r_`var’ = `start’ + `frequency’
while `time_r_`var’’ < 5347 {

capture arch `var’ in f/`time_r_`var’’, arch(1/1) garch(1/1) `AR`var’’ //
gtolerance(`gtol’)//
replace capture_`var’ = _rc in `time_r_`var’’/`end’
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if _rc == 0 {
arch `var’ in f/`time_r_`var’’, arch(1/1) garch(1/1) `AR`var’’ 
predict v, variance
replace v_`var’ = v in `time_r_`var’’/`end’
drop v
predict r, xb
replace r_`var’ = r in `time_r_`var’’/`end’
drop r
replace arch_`var’ = [ARCH]_b[L.arch] in `time_r_`var’’/`end’
replace garch_`var’ = [ARCH]_b[L.garch] in `time_r_`var’’/`end’
replace cons_`var’ = [ARCH]_b[_cons] in `time_r_`var’’/`end’
local time_r_`var’ = `time_r_`var’’ + `frequency’
}
else {
local time_r_`var’ = `time_r_`var’’ + `frequency’
continue
}
}
gen sq_v_`var’ = sqrt(v_`var’)
display “{End `var’}{hline 90}{End `var’}”

/* Close log */
log close
}
save “`output’GARCH_predict.dta”, replace
display “{End Session}{hline 90}”
/* End session */
display “{Ended}{hline 90}{Ended}”
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A1.3.2: TGARCH OOS generation
/* TGARCH model prediction */
display “{Open Session - GARCH model prediction}{hline 60}”
clear all
set more off

/* INPUT FOLDER*/
local input = “C:\...\”     //Path to the input file INPUTDATA.dta. Must end 
with \.

/* OUTPUT FOLDER*/
local output = “C:\...\” //Path to the output files TGARCH_predict.dta and 
TGARCH_predict_country.log. Must end with \.

/* Assign locals for ARIMA structure */
local ARr_brazil “ma(1)”
local ARr_chile “ar(1)”
local ARr_china “ “
local ARr_colombia “ar(1,2)”
local ARr_czech “ar(1)”
local ARr_hungary “ma(1)”
local ARr_india “ar(1)”
local ARr_indonesia “ar(1)”
local ARr_israel “ “
local ARr_malaysia “ma(1,2)”
local ARr_mexico “ma(1)”
local ARr_peru “ar(1)”
local ARr_philippine “ar(1)”
local ARr_poland “ar(1)”
local ARr_russia “ “
local ARr_safrica “ar(1)”
local ARr_skorea “ma(1)”
local ARr_taiwan “ “
local ARr_thailand “ar(1)”
local ARr_turkey “ma(1)”
local ARr_world “ma(1)”

local start = 3520
local frequency = 5
local end = 5347
local gtol = 0.5

/* Insheet */
use “`input’INPUTDATA.dta”, clear

/* Define loop */
foreach var of varlist r_* {

/* Start log */
log using “`output’TGARCH_predict_`var’.log”, replace

arch `var’ in f/`start’, arch(1/1) tarch(1/1) garch(1/1) `AR`var’’ //
gtolerance(`gtol’)//

predict v_`var’, variance
predict r_`var’, xb
gen arch_`var’ = [ARCH]_b[L.arch]
gen tarch_`var’ = [ARCH]_b[L.tarch]
gen garch_`var’ = [ARCH]_b[L.garch]
gen cons_`var’ = [ARCH]_b[_cons]
gen capture_`var’ = 0
local time_r_`var’ = `start’ + `frequency’
while `time_r_`var’’ < 5347 {
capture arch `var’ in f/`start’, arch(1/1) tarch(1/1) garch(1/1) `AR`var’’ //
gtolerance(`gtol’)//
replace capture_`var’ = _rc in `time_r_`var’’/`end’
if _rc == 0 {
arch `var’ in f/`start’, arch(1/1) tarch(1/1) garch(1/1) `AR`var’’ //
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gtolerance(`gtol’)//
predict v, variance
replace v_`var’ = v in `time_r_`var’’/`end’
drop v
predict r, xb
replace r_`var’ = r in `time_r_`var’’/`end’
drop r
replace arch_`var’ = [ARCH]_b[L.arch] in `time_r_`var’’/`end’
replace tarch_`var’ = [ARCH]_b[L.tarch] in `time_r_`var’’/`end’
replace garch_`var’ = [ARCH]_b[L.garch] in `time_r_`var’’/`end’
replace cons_`var’ = [ARCH]_b[_cons] in `time_r_`var’’/`end’
local time_r_`var’ = `time_r_`var’’ + `frequency’
}
else {
local time_r_`var’ = `time_r_`var’’ + `frequency’
continue
}
}
gen sq_v_`var’ = sqrt(v_`var’)
display “{End `var’}{hline 90}{End `var’}”
/* Close log */
log close
}
save “`output’TGARCH_predict.dta”, replace
display “{End Session}{hline 90}”
/* End session */
display “{Ended}{hline 90}{Ended}”

APPENDIX A1.3: STATA OOS generation
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A1.3.3: EGARCH OOS generation
/* EGARCH model prediction */
display “{Open Session - GARCH model prediction}{hline 60}”
clear all
set more off

/* INPUT FOLDER*/
local input = “C:\...\”     //Path to the input file INPUTDATA.dta. Must end 
with \.

/* OUTPUT FOLDER*/
local output = “C:\...\” //Path to the output files EGARCH_predict.dta and 
EGARCH_predict_country.log. Must end with \.

/* Assign locals for ARIMA structure */
local ARr_brazil “ma(1)”
local ARr_chile “ar(1)”
local ARr_china “ “ 
local ARr_colombia “ar(1,2)”
local ARr_czech “ar(1)”
local ARr_hungary “ma(1)” 
local ARr_india “ar(1)”
local ARr_indonesia “ar(1)”
local ARr_israel “ “
local ARr_malaysia “ma(1,2)”
local ARr_mexico “ma(1)”
local ARr_peru “ar(1)” 
local ARr_philippine “ar(1)”
local ARr_poland “ar(1)”
local ARr_russia “ “
local ARr_safrica “ar(1)”
local ARr_skorea “ma(1)”
local ARr_taiwan “ “
local ARr_thailand “ar(1)”
local ARr_turkey “ma(1)”
local ARr_world “ma(1)”

local start = 3520
local frequency = 5
local end = 5347
local gtol = 10

/* Insheet */
use “`input’INPUTDATA.dta”, clear

/* Define loop */
foreach var of varlist r_* {

/* Start log */
log using “`output’EGARCH_predict_`var’.log”, replace

arch `var’ in f/`start’, earch(1/1) egarch(1/1) `AR`var’’ gtolerance(`gtol’)
predict v_`var’, variance
predict r_`var’, xb
gen earch_`var’ = [ARCH]_b[L.earch]
gen earch_a_`var’ = [ARCH]_b[L.earch_a]
gen egarch_`var’ = [ARCH]_b[L.egarch]
gen cons_`var’ = [ARCH]_b[_cons]
gen capture_`var’ = 0
local time_r_`var’ = `start’ + `frequency’

while `time_r_`var’’ < 5347 {
capture arch `var’ in f/`time_r_`var’’, earch(1/1) egarch(1/1) `AR`var’’ 
gtolerance(`gtol’)
replace capture_`var’ = _rc in `time_r_`var’’/`end’
if _rc == 0 {
arch `var’ in f/`time_r_`var’’, earch(1/1) egarch(1/1) `AR`var’’ 
gtolerance(`gtol’)
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predict v, variance
replace v_`var’ = v in `time_r_`var’’/`end’
drop v
predict r, xb
replace r_`var’ = r in `time_r_`var’’/`end’
drop r
replace earch_`var’ = [ARCH]_b[L.earch] in `time_r_`var’’/`end’
replace earch_a_`var’ = [ARCH]_b[L.earch_a] in `time_r_`var’’/`end’
replace egarch_`var’ = [ARCH]_b[L.egarch] in `time_r_`var’’/`end’
replace cons_`var’ = [ARCH]_b[_cons] in `time_r_`var’’/`end’
local time_r_`var’ = `time_r_`var’’ + `frequency’
}
else {
local time_r_`var’ = `time_r_`var’’ + `frequency’
continue
}
}
gen sq_v_`var’ = sqrt(v_`var’)
display “{End `var’}{hline 90}{End `var’}”
/* Close log */
log close
}
save “`output’EGARCH_predict.dta”, replace
display “{End Session}{hline 90}”
/* End session */
display “{Ended}{hline 90}{Ended}”
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A1.4.1: Portfolio variance minimization
#----------------------------------------------------------------------------
# Objective optimization for portfolio
#

reset;
option solver minos;
option minos_options ‘meminc=10.00’;

#----------------------------------------------------------------------------
# Sets, parameters and variables
#----------------------------------------------------------------------------
set ASSET;
set TIME;
param r{i in ASSET, t in TIME};
param c{i in ASSET, j in ASSET, t in TIME};
param curr_time default 3521 >= 0;
var w{i in ASSET, t in TIME};
var variance {t in TIME} = sum{i in ASSET, j in ASSET} 
c[i,j,curr_time]*w[i,curr_time]*w[j,curr_time];

#----------------------------------------------------------------------------
# Objective function and constraints
#----------------------------------------------------------------------------
minimize port_var {t in TIME} : variance[curr_time];

subject to
lower_lim{i in ASSET, t in TIME}: w[i,curr_time] >=0;
total_lim{t in TIME}: sum{i in ASSET} w[i,curr_time] = 1;

#----------------------------------------------------------------------------
# Data and solver preferences
#----------------------------------------------------------------------------
data “C:\...\(red. T and E)GARCH_data.dat”;
param resfile symbolic, default “(red. T and E)GARCH_min_weights.txt”;
repeat while curr_time <= 5347 {
solve;
print {t in TIME: t=curr_time}: {i in ASSET} w[i,t] >> (resfile);
let curr_time := curr_time + 1;
}
;
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A1.4.2: Portfolio Sharpe ratio maximization
#----------------------------------------------------------------------------
# Objective optimization for portfolio
#

reset;
option solver minos;
option minos_options ‘meminc=10.00’;

#----------------------------------------------------------------------------
# Sets, parameters and variables
#----------------------------------------------------------------------------
set ASSET;
set TIME;
param r{i in ASSET, t in TIME};
param c{i in ASSET, j in ASSET, t in TIME};
param curr_time default 3521 >= 0;
var w{i in ASSET, t in TIME};
var return {t in TIME} = sum{i in ASSET} r[i,t]*w[i,curr_time];
var variance {t in TIME} = sum{i in ASSET, j in ASSET} 
c[i,j,curr_time]*w[i,curr_time]*w[j,curr_time];
var std_dev {t in TIME} = sqrt(variance[curr_time]);

#----------------------------------------------------------------------------
# Objective function and constraints
#----------------------------------------------------------------------------
maximize Sharpe {t in TIME} : return[curr_time]/std_dev[curr_time];

subject to
lower_lim{i in ASSET, t in TIME}: w[i,curr_time] >=0;
total_lim{t in TIME}: sum{i in ASSET} w[i,curr_time] = 1;

#----------------------------------------------------------------------------
# Data and solver preferences
#----------------------------------------------------------------------------
data “C:\...\(red. T and E)GARCH_data.dat”;
param resfile symbolic, default “(red. T and E)GARCH_min_weights.txt”;
repeat while curr_time <= 5347 {
solve;
print {t in TIME: t=curr_time}: {i in ASSET} w[i,t] >> (resfile);
let curr_time := curr_time + 1;
}
;



APPENDIX A1.5: Thompson-Reuters lookup codes

Table A1.5
ThompsonReuters DataStream lookup codes

Country Return index code Exch. rate code Proxy exch. rate code

Brazil S59224(RI) TDBRLSP 

Chile S58024(RI) TDCLPSP 

China S58424(RI) TDCNYSP 

Colombia S58224(RI) TDCOPSP COLPUSA

Czech L08224(RI) TDCZKSP 

Hungary L08424(RI) TDHUFSP HNUSDNB

India S41424(RI) TDINRSP 

Indonesia S53624(RI) TDIDRSP 

Israel L09024(RI) TDILSSP 

Malaysia S53824(RI) TDMYRSP 

Mexico S50624(RI) TDMXNSP 

Peru S58624(RI) TDPENSP 

Philippines S54224(RI) TDPHPSP PHUSDSP

Poland S59624(RI) TDPLNSP 

Russia L08624(RI) TDRUBSP 

South Africa S51524(RI) TDZARSP 

South Korea S51124(RI) TDKRWSP 

Taiwan S54624(RI) TDTWDSP 

Thailand S54824(RI) TDTHBSP U$TBFR2

Turkey S55224(RI) TDTRYSP 

World S56224(RI)  

The table contains return index and exchange rate codes. The proxy exchange rate codes are used for periods 
where no rate is provided by Thompson-Reuters. The World return index is only available denominated in US 
dollars.
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Figure A1.6.2
Chilean Peso. Sample period; 11191990 
through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.3
Chinese Yuan. Sample period; 02-06-1992 
through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.4
Colombian Peso. Sample period; 01031992 
through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.5
Czech Koruna. Sample period; 04191993 
through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.6
Hungarian Forint. Sample period; 12101991 
through 06302010. 
Source: ThompsonReuters DataStream.

0
1

2
3

4

U
S

D
_B

R
L

0 2000 4000 6000

t

Figure A1.6.1
Brazilian Real. Sample period; 12211992 
through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.9
Israeli Shekel. Sample period; 12241992 
through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.8
Indonesian Rupiah. Sample period; 1119
1990 through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.11
Mexican Peso. Sample period; 05301990 
through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.10
Malaysian Ringgit. Sample period; 01011990 
through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.7
Indian Rupee. Sample period; 05301990 
through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.12
Peruvian Nuevo Sol. Sample period; 0115
1991 through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.13
Philippine Peso. Sample period; 01011990 
through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.14
Polish Zloty. Sample period; 06151993 
through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.15
Russian Rouble. Sample period; 01051996 
through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.17
South Korean Won. Sample period; 0530
1990 through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.16
South African Rand. Sample period; 0101
1990 through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.18
Taiwan Dollar. Sample period; 05-30-1990 
through 06302010. 
Source: ThompsonReuters DataStream.



135

APPENDIX A1.6: Emerging market exchange rates

135

0
.5

1
1.

5
2

U
S

D
_T

R
Y

0 2000 4000 6000

t

Figure A1.6.20
Turkish Lira. Sample period; 05-30-1990 
through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A1.6.19
Thai Bath. Sample period; 01011990 through 
06302010. 
Source: ThompsonReuters DataStream.
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Table 4.1

ARMA structure identification by inspection of ACF and PACF plots.

ACF PACF

White noise All ρs = 0 (s ≠ 0) All ϕss= 0

AR(1): a1 > 0 Direct geometric decay: ρs = a1
s ϕ11 = ρ1; ϕss= 0 for s ≥ 2

AR(1): a1 < 0 Oscillating decay: ρs = a1
s ϕ11 = ρ1; ϕss= 0 for s ≥ 2

AR(p) Decays toward zero. Coefficients may oscillate Spikes through lag ρ. All ϕss = 0 for s > p

MA(1): β > 0 Positive spike at lag 1. ρs = 0 for s ≥ 2 Oscillating decay: ϕ11 > 0

MA(1): β < 0 Negative spike at lag 1. ρs = 0 for s ≥ 2 Geometric decay: ϕ11 < 0

ARMA(1,1), a1 > 0 Geometric decay beginning after lag 1. Sign ρs = sign(a1+β) Oscillating decay after lag 1.  ϕ11  = ρ1

ARMA(1,1), a1 < 0 Oscillating decay beginning after lag 1. Sign ρs = sign(a1+β) Geometric decay beginning after lag 1. ϕ11 = ρ1 and sign(ϕss) = sign(ϕ11)

ARMA(p,q) Decay (either direct or oscillatory) beginning after lag q Decay (either direct or oscillatory) beginning after lag p

The table shows stylized behavior of the ACF and PACF plots under various ARMA specifications. a1 represents the significant AR-coefficient and β 
indicates the significant MA-coefficient. ρ and ϕ respectively represent the ACF and isolated PACF effects. Source: Enders (2010).



APPENDIX A5.1: Income classifications

Table A5.1

World Bank classification tresholds

2006 2007 2008

Lower 905 or below 935 or below 975 or below

Lower-middle 906  3.595 936  3.705 976  3.855

Uppermiddle 3.596 – 11.115 3.706  11.455 3.856  11.905

Upper above 11.115 above 11.455 above 11.905

The table shows the classification tresholds by which the World Bank distinguishes 
countries into income classes. The World Bank operates with a two-year lag, thus 
the 2010 classification is based on figures from 2006-2008. The numbers are GNI per 
capita as measured by the Atlas methodology in USD. 
Source: World Bank (Web 2010). 

Table A5.2

Emerging market income classifications

GNI Classification

2006 2007 2008 2006 2007 2008

Brazil 4.820 6.060 7.300 Uppermiddle Uppermiddle Uppermiddle

Chile 6.870 8.140 9.370 Uppermiddle Uppermiddle Uppermiddle

China 2.010 2.410 2.940 Lower-middle Lower-middle Lower-middle

Colombia 3.400 4.070 4.620 Lower-middle Uppermiddle Uppermiddle

Czech Republic 12.890 14.380 16.650 Upper Upper Upper

Hungary 11.020 11.670 12.810 Uppermiddle Upper Upper

India 820 950 1.040 Lower Lower-middle Lower-middle

Indonesia 1.300 1.520 1.880 Lower-middle Lower-middle Lower-middle

Israel 21.020 22.390 24.720 Upper Upper Upper

Malaysia 5.710 6.420 7.250 Uppermiddle Uppermiddle Uppermiddle

Mexico 8.740 9.400 9.990 Uppermiddle Uppermiddle Uppermiddle

Peru 2.930 3.340 3.990 Lower-middle Lower-middle Uppermiddle

Philippines 1.370 1.600 1.890 Lower-middle Lower-middle Lower-middle

Poland 8.340 9.800 11.730 Uppermiddle Uppermiddle Uppermiddle

Russia 5.810 7.550 9.660 Uppermiddle Uppermiddle Uppermiddle

South Africa 5.420 5.730 5.820 Uppermiddle Uppermiddle Uppermiddle

South Korea 18.950 21.210 21.530 Upper Upper Upper

Thailand 2.860 3.240 3.670 Lower-middle Lower-middle Lower-middle

Turkey 7.160 8.090 9.020 Uppermiddle Uppermiddle Uppermiddle

The table shows the GNI per capita measured in USD for 19 emerging market countries, and the corresponding 
income classifications according to Table A5.21. The World Bank operates with a two-year lag, thus the 2010 
classification is based on figures from 2006-2008. Following the One-China policy, the World Bank refrains from 
classifying Taiwan seperately. Source: World Bank (Web 2010) and the IFC (1999).
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APPENDIX A5.2: Emerging market lists

Table A5.2.1

Dow Jones Emerging market index

Argentina Bahrain Brazil Bulgaria Chile China

Colombia Czech Republic Egypt Estonia Hungary India

Indonesia Jordan Kuwait Latvia Lithuania Malaysia

Mauritius Mexico Morocco Oman Pakistan Peru

Philippines Poland Qatar Romania Russia Slovakia

South Africa Sri Lanka Thailand Turkey Arab Emirates

Definitions as of September 2010. Source: Dow Jones (2010)

 

Table A5.2.2

MSCI Emerging market index

Brazil Chile China Colombia Czech Republic Egypt

Hungary India Indonesia Israel Malaysia Mexico

Morocco Peru Philippines Poland Russia South Africa

South Korea Taiwan Thailand Turkey

Definitions as of June 2010. Israel was re-classified to “Deveoped” by May 2010. Source: MSCI barra (2010b)
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APPENDIX A5.2: Emerging market lists

Table A.5.2.3

IMF Emerging market index

Afghanistan Albania Algeria Angola Antigua & B. Argentina

Armenia Azerbaijan The Bahamas Bahrain Bangladesh Barbados

Belarus Belize Benin Bhutan Bolivia Botswana

Bosnia & H Brazil Brunei Bulgaria Burkina Faso Burundi

Cambodia Cameroon Cape Verde C. African Rep Chad Chile

China Colombia Comoros Rep. of Congo Costa Rica Côte d’Ivoire

Croatia Djibouti Dominica Dominican Rep. Ecuador Egypt

El Salvador Eqt Guinea Estonia Eritrea Ethiopia Fiji

Gabon The Gambia Georgia Ghana Grenada Guatemala

Guinea GuineaBissau Guyana Haiti Honduras Hungary

India Indonesia Rep. of Iran Iraq Jamaica Jordan

Kazakhstan Kenya Kiribati Kuwait Kyrgyz Republic Lao PDR

Latvia Lebanon Lesotho Liberia Libya Lithuania

Macedonia, FYR Madagascar Malawi Malaysia Maldives Mali

Mauritania Mauritius Mexico Moldova Mongolia Montenegro

Morocco Mozambique Myanmar Namibia Nepal Nicaragua

Niger Nigeria Oman Pakistan Panama P. New Guinea

Paraguay Peru Philippines Poland Qatar Romania

Russia Rwanda Samoa São Tomé & P Saudi Arabia Senegal

Serbia Seychelles Sierra Leone Solomon Islands South Africa Sri Lanka

St. Kitts & N. St. Lucia St. Vincent & G Sudan Suriname Swaziland

Syrian Republic Tajikistan Tanzania Thailand Timor-Leste, Togo

Tonga Trinidad & T Tunisia Turkey Turkmenistan Uganda

Ukraine Arab Emirates Uruguay Uzbekistan Vanuatu Venezuela

Vietnam Yemen Zambia Zimbabwe

Definitions as of April 2010. Source: IMF (2010b)
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APPENDIX A5.3: Returns in emerging markets

If the emerging markets constitute a standalone asset class (Zimmermann 2003) it may 

be that the drivers of returns also differ from those observed in the developed economies. 

There is a general consensus that the lesser degree of integration also means a higher depen

dence on local factors. Bilson et al. (2001) find that the micro-economic variables have higher  

explanatory power than macroeconomic. 

Especially the P/E ratio and dividend yields proved influential. Bekaert et al (2007) uses 

daily “Zero-returns”, that is a trading day with no turn-over in an individual asset, as a 

proxy for illiquidity and shows that liquidity is a significant driver of return premium. Kortas 

(2004) finds that fundamental variables such as price-to-book and price-to-earnings dominate  

macroeconomic, technical and compiled countryrisk measures  in forecasting emerging  

market returns. This makes the case for diversification benefits as it indicates that the  

returns may be somewhat decoupled from the developed world.



141

APPENDIX A5.4: UU-DD correlations

It may be relevant to test whether differences exist in the correlations of returns between 

the world market and emerging markets given different states of the markets as it may 

provide useful information for portfolio optimization and model building. This may be tested 

by defining up-states and down-states respectively as returns above- and below the given 

country´s long-run mean. A similar split is then made of the world market returns. Correla

tion matrices based on the two scenarios are calculated using pair-wise correlations where 

missing observations due to the split excludes the periods observation for the relevant pair. 

Semi-correlations for the emerging market countries against the world market are presented 

in Table A5.4.1 and A5.4.2.

For all countries in the sample, the down-state correlations are larger than the up-state  

correlations. To test the statistical significance of the difference a difference-in-means test 

can be applied. As there is a notable difference in the variances of the two samples, with 

the down-state variances being higher than the up-state variances1, the assumptions of the  

standard Student-t test are violated. Instead we apply Welch´s t test (Welch 1947) where 
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with H0: No difference in means. The test yields a tstat of 13.58 and 19 degrees of freedom 

indicating a sound rejection of H0 at a level of 0.001 > p on the tdistribution. 

1 Strictly speaking, the difference in variance is statistically insignificant on the 5% level when apply
ing the F-test. In the literature however, it is generally accepted that markets exhibit greater volatility during 
down-states of the markets and during recessions (Zimmermann et al 2003), therefore the Welch t-test is applied 
anyway.
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APPENDIX A5.4: UUDD correlations

Table A5.4.1

Up- and down state correlations

Country Upstate Down-state Country Upstate Down-state

Brazil 0.54225 0.57340 Mexico 0.45776 0.56219

Chile 0.03837 0.08224 Peru 0.24078 0.40112

China 0.30647 0.42879 Philippines 0.13495 0.28082

Colombia 0.38810 0.52206 Poland 0.40624 0.47291

Czech 0.41855 0.54348 Russia 0.36450 0.40030

Hungary 0.47012 0.53659 South Africa 0.45145 0.59952

India 0.26639 0.34489 South Korea 0.29132 0.36265

Indonesia 0.18667 0.22736 Taiwan 0.25174 0.27258

Israel 0.30135 0.34969 Thailand 0.25029 0.28465

Malaysia 0.17687 0.21571 Turkey 0.27756 0.30952

The table shows up- and down state correlations to the World market. All figures are based on daily index  
returns with stating periods as given in Table 1.1 through 30.06.2010. 
Source: Thompson-Reuters and own calculations.

Table A5.4.2

Average means and variances 

Up state Down state

Mean 0.31109 0.38852

Variance 0.01600 0.01987

The table shows the means and variances of the data 
given in Table A5.4.1. 
Source: Own calculations.

In conclusion, the figures confirm that correlations are higher when returns fall below the 

longrun mean in emerging markets. This conclusion differs from the outcome of the cross

sectional measure of correlations in Section 5.2.2, but coincides with the expectation and 

previous findings in the literature (Zimmermann et al 2003).
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Figure A5.5.2
Chilean daily index returns. Sample period  as 
given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.3
Chinese daily index returns. Sample period  as 
given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.4
Colombian daily index returns. Sample period  
as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.5
Czech daily index returns. Sample period  as 
given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.6
Hungarian daily index returns. Sample period  
as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.1
Brazilian daily index returns. Sample period  
as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.9
Israeli daily index returns. Sample period  as 
given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.8
Indonesian daily index returns. Sample period  
as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.11
Mexican daily index returns. Sample period  
as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.10
Malaysian daily index returns. Sample period  
as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.7
Indian daily index returns. Sample period  as 
given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.12
Peruvian daily index returns. Sample period  
as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.13
Philippine daily index returns. Sample period  
as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.14
Polish daily index returns. Sample period  as 
given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.15
Russian daily index returns. Sample period  as 
given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.17
South Korean daily index returns. Sample pe
riod  as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.16
South African daily index returns. Sample pe
riod  as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.18
Taiwanese daily index returns. Sample period  
as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.20
Turkish daily index returns. Sample period  as 
given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.5.19
Thai daily index returns. Sample period  as 
given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.2
Histogram of Chilean daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.3
Histogram of Chinese daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream..
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Figure A5.6.4
Histogram of Colombian daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.

0
5

10
15

20
25

P
er

ce
nt

-.2 -.1 0 .1 .2
Czech index return

Figure A5.6.5
Histogram of Czech daily index returns.  Sam
ple period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.6
Histogram of Hungarian daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.1
Histogram of Brazilian daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.9
Histogram of Israeli daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.8
Histogram of Indonesian daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.11
Histogram of Mexian daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.10
Histogram of Malaysian daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.7
Histogram of Indian daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.12
Histogram of Peruvian daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A1.6.13
Philippine Philippine. Sample period; 0101
1990 through 06302010. 
Source: ThompsonReuters DataStream.
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Figure A5.6.14
Histogram of Polish daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.15
Histogram of Russian daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.17
Histogram of South Korean daily index  
returns.  Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.16
Histogram of South African daily index  
returns.  Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.18
Histogram of Taiwanese daily index  
returns.  Sample period as given in Table 1.1.  
Source: ThompsonReuters DataStream.
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Figure A5.6.20
Histogram of Turkish daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.19
Histogram of Thai daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.

A5.6.2: Normality plots
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Figure A5.6.2
Probability plot of Chilean daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.1
Probability plot of Brazilian daily index 
returns.  Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.3
Probability plot of Chinese daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.4
Probability plot of Colombian daily index 
returns.  Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.5
Probability plot of Czech daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.6
Probability plot of Hungarian daily index 
returns.  Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.8
Probability plot of Indonesian daily index 
returns.  Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.7
Probability plot of Indian daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.9
Probability plot of Israeli daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.11
Probability plot of Mexican daily index 
returns.  Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.10
Probability plot of Malaysian daily index 
returns.  Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.12
Probability plot of Peruvian daily index 
returns.  Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.13
Probability plot of Philippine daily index 
returns.  Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.14
Probability plot of Polish daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.15
Probability plot of Russian daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.17
Probability plot of South Korean daily index 
returns.  Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.16
Probability plot of South African daily index 
returns.  Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.18
Probability plot of Taiwanese daily index 
returns.  Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.20
Probability plot of Turkish daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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Figure A5.6.19
Probability plot of Thai daily index returns.  
Sample period as given in Table 1.1. 
Source: ThompsonReuters DataStream.
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APPENDIX A6.1: Durbin-Watson test

Table A6.1.1

Upper- and lower limits

Observations dL dU

1% level of significance (***) 2000 or more 1.89505 1.89704

5% level of significance (**) 2000 or more 1.92548 1.92747

The table shows lower (dL) and upper (dU) test statistics for Durbin-Watson testing. 
Source: Stanford University (2010).

Table A6.1.2

Decision rules for DurbinWatson test

Decision rule Decision Hypothesis

0 < DW < dL or 4 - dL < DW < 4 Reject H0 and H0* H0: No positive serial correlation

dU < DW 4 – dU Do not reject H0 or H0* H0*: No negative serial correlation

Otherwise No decision

The table shows decision rules for the Durbin-Watson test and the hypothesis testet. Source: Gujarati (2003).

Table A6.1.3

DurbinWatson test for the emerging markets

Country DW statistic Decision

Brazil 1.805339 Reject H0 (**)

Chile 1.471675 Reject H0 (**)

China 1.950971 Cannot reject H0 or H0*

Colombia 1.571695 Reject H0 (**)

Czech 1.876408 Reject H0 (**)

Hungary 1.914568 Reject H0 (***)

India 1.785461 Reject H0 (**)

Indonesia 1.745414 Reject H0 (**)

Israel 1.903805 Reject H0 (***)

Malaysia 1.835478 Reject H0 (**)

Mexico 1.803783 Reject H0 (**)

Peru 1.678302 Reject H0 (**)

Philippines 1.544178 Reject H0 (**)

Poland 1.722568 Reject H0 (**)

Russia 1.935443 Cannot reject H0 or H0*

South Africa 1.742457 Reject H0 (**)

South Korea 1.790307 Reject H0 (**)

Taiwan 1.917004 Reject H0 (***)

Thailand 1.762900 Reject H0 (**)

Turkey 1.983636 Cannot reject H0 or H0*

The table shows the outcome of the Durbin-Watson test for the emerging market countries. The test is conducted  
using the limits, decision rules and hypothesis as given in Table A6.1.1 and A6.1.2. The stars in parenthesis 
indicate significance levels where *** = the 1% level and ** = the 5% level. Source: Own calculations.
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Table A6.2

Coefficients and Portmanteau test results for the AR(1) specification

Country α0 α1 Q(1) Prob > X2(Q1) Q(3) Prob > X2(Q1) Q(5) Prob > X2(Q1)

Brazil .000067 .102363*** 0.0079 0.9292 10.0440 0.8002 2.6141 0.7592

China .000506 .012278 0.0003 0.9856 3.4972 0.3211 14.4780 0.0128

Colombia .000071 .267707*** 0.7957 0.3724 12.5886 0.0056 14.0770 0.0151

Chile .000525 .272138*** 0.1054 0.7454 2.6011 0.4573 10.2589 0.0682

Czech Republic .000226 .073899*** 0.0388 0.8439 2.2484 0.5225 26.5851 0.0001

Hungary .000389 .085828*** 0.0246 0.8753 25.0575 0.0000 25.8016 0.0001

India .000206 .100652*** 0.0076 0.9307 3.4428 0.3283 11.6528 0.0399

Indonesia .000288 .135062*** 0.0267 0.8703 4.1711 0.2436 24.5147 0.0002

Israel .000230 .040478*** 0.0005 0.9815 1.8465 0.6049 11.0697 0.0500

Malaysia .000135 .108539*** 0.2017 0.6534 18.1625 0.0004 61.4790 0.0000

Mexico .000394 .108304*** 0.0162 0.8988 6.5402 0.0881 9.9845 0.0757

Peru .000276 .159042*** 0.0082 0.9279 2.7551 0.4309 8.1171 0.1499

Philippines .000039 .214444*** 0.0045 0.9462 0.2450 0.9700 3.7482 0.5862

Poland .000316 .149600*** 0.0058 0.9392 1.9078 0.5918 10.9330 0.0527

Russia .000505 .032043*** 0.0005 0.9813 3.2686 0.3520 5.8240 0.3237

South Africa .000187 .135790*** 0.0046 0.9456 0.6147 0.8931 1.1297 0.9514

South Korea .000025 .086123*** 0.0223 0.8813 12.8681 0.0049 36.1980 0.0000

Taiwan .000036 .031548** 0.0065 0.9359 6.6765 0.0830 7.9955 0.1565

Thailand .000005 .123499*** 0.0000 0.9982 0.0014 1.0000 0.5405 0.9906

Turkey .000027 .052896*** 0.0008 0.9773 0.3015 0.9597 1.4308 0.9209

The test shows coefficients and Portmanteau test statistics for the AR(1) specifications. α0 is the regression interceps, α1 is the AR(1) term. 
Q is the Ljung-Box test statistic and its corresponding probability against the X2  distribution. The stars indicate significance levels where 
*** = 1% and ** = 5%. Source: Own calculations.
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A6.3.1: AC plots of raw return data
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Figure A6.3.2
AC plot for daily insample returns in Chile 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.3
AC plot for daily insample returns in China 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.4
AC plot for daily insample returns in 
Colombia w/ 5% conf. bands. Source: Thomp
son-Reuters and own calculations.
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Figure A6.3.5
AC plot for daily insample returns in Czech 
Republic w/ 5% conf. bands. Source: Thomp
son-Reuters and own calculations.
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Figure A6.3.6
AC plot for daily insample returns in Hungary 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.1
AC plot for daily insample returns in Brazil 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.9
AC plot for daily insample returns in Israel 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.8
AC plot for daily insample returns in Indo
nesia w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.
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Figure A6.3.11
AC plot for daily insample returns in Mexico 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.10
AC plot for daily insample returns in Malay
sia w/ 5% conf. bands. Source: Thompson-Re
uters and own calculations.
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Figure A6.3.7
AC plot for daily insample returns in India 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.12
AC plot for daily in-sample returns in Peru w/ 
5% conf. bands. Source: ThompsonReuters 
and own calculations.
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Figure A6.3.13
AC plot for daily insample returns in Philip
pines w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.
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Figure A6.3.14
AC plot for daily insample returns in Poland 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.15
AC plot for daily insample returns in Russia 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.17
AC plot for daily insample returns in South 
Korea w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.
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Figure A6.3.16
AC plot for daily insample returns in South 
Africa w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.
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Figure A6.3.18
AC plot for daily in-sample returns in Taiwan 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.



APPENDIX A6.3: BoxJenkins ARMA analysis

159

-0
.0

4
-0

.0
2

0.
00

0.
02

0.
04

0.
06

A
C

 r_
tu

rk
ey

0 5 10 15 20

Lags

Bartlett's formula for MA(q) 95% confidence bands

Figure A6.3.20
AC plot for daily insample returns in Turkey 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.19
AC plot for daily insample returns in Thai
land w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.

A6.3.2: PAC plots of raw return data
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Figure A6.3.22
PAC plot for daily insample returns in Chile 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.21
PAC plot for daily insample returns in Brazil 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.23
PAC plot for daily insample returns in China 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.24
PAC plot for daily insample returns in Co
lombia w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.
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Figure A6.3.25
PAC plot for daily insample returns in Czech 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.26
PAC plot for daily insample returns in Hun
gary w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.
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Figure A6.3.28
PAC plot for daily insample returns in Indo
nesia w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.
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Figure A6.3.27
PAC plot for daily insample returns in India 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.29
PAC plot for daily insample returns in Israel 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.31
PAC plot for daily insample returns in Mexico 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.30
PAC plot for daily insample returns in Ma
laysia w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.
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Figure A6.3.32
PAC plot for daily insample returns in Peru 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.33
PAC plot for daily insample returns in Phil
ippines w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.
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Figure A6.3.34
PAC plot for daily insample returns in Poland 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.35
PAC plot for daily insample returns in Russia 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.37
PAC plot for daily insample returns in South 
Korea w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.
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Figure A6.3.36
PAC plot for daily insample returns in South 
Africa w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.
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Figure A6.3.38
PAC plot for daily insample returns in Tai
wan w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.
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Figure A6.3.40
PAC plot for daily insample returns in Turkey 
w/ 5% conf. bands. Source: Thompson-Reuters 
and own calculations.
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Figure A6.3.39
PAC plot for daily insample returns in Thai
land w/ 5% conf. bands. Source: Thompson-
Reuters and own calculations.
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A6.3.3: Box-Jenkins analysis
The suggested processes are indicated as AR(p) or MA(q) where i indicates the term to be  

included. Any combination of AR(p) and MA(q) within p/q can be tested generating 

ARIMA(p,0,q)  processes. AR(p-i) / MA(q-i) means that many specifications could be proposed 

including up to i terms in each process.

The expression “borderline” indicates that the autoregressive coefficient lies on the border of 

the confidence band. It can neither be accepted nor rejected. The analysis is conducted based 

on a 5% confidence level.

For each county, there may be a decision or the analysis may restrict the space of possible 

candidates. All conclusions are based on the first five lags for each country. Twenty lags are 

included in the plots to allow spotting patterns. If no significant autoregressive coefficients 

are found, the data is random, thus does not follow any AR or MA schemes.

The chosen specifications may subsequently be altered and terms be excluded or alternative 

specifications be pursued if the identified ARMA model inhibit GARCH estimations through 

complexity.

The following sample and sub-samples are analysed:

• Full range of insample data; observation 1 through 35201

• Subsample 1; observation 1 through 2520

• Subsample 2; observation 2520 through 3020

• Subsample 3; observation 3020 through 3520

1 As the starting period varies, the size of the full sample and subsample 1 varies over the different  
countries. This is also the motivation for the magnitude of subsample 1 relative to subsample 2 and 3.

APPENDIX A6.3: BoxJenkins ARMA analysis
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Table A6.3

BoxJenkins analysis of emerging market returns

Full sample Subsample 1 Subsample 2 Subsample 3

Brazil

ACF Significant first lag, 
all other lags are 
very small and in
significant. Possibly 
a sine-wave pattern.

Significant first lag, 
all other lags are 
small and insig
nificant. Possibly a 
sine-wave pattern.

Significant first lag, 
all other lags are 
small and insig
nificant. Possibly a 
sine-wave pattern.

Borderline sig
nificant first lag. 
All other lags are 
insignificant. No 
pattern.

PACF Significant first lag, 
all other lags are 
small and insignifi
cant. Possibly sine
wave pattern.

Significant first lag, 
all other lags are 
small and insignifi
cant. Possibly sine
wave pattern.

Significant first lag, 
all other lags are 
small and insignifi
cant.

Borderline sig
nificant first lag. 
All other lags are 
insignificant. No 
pattern.

Suggestion AR(1), MA(1) AR(1), MA(1) AR(1), MA(1) AR(1), MA(1)

Chile

ACF Highly significant 
first lag. Weakly 
significant second 
and fifth lag. All 
remaining insig
nificant lags are 
damped. No pat
tern.

Highly significant 
first lag. Weakly 
significant second 
lag. All remaining 
insignificant lags 
are damped. No 
pattern.

Significant first lag. 
Second and fifth 
lag are large but 
insignificant. No 
pattern.

Highly significant 
first lag. Weakly 
significant fifth lag. 
All remaining lags 
are insignificant 
and declining after 
fifth lag.

PACF Highly significant 
first lag. Fifth 
lag is borderline 
significant. All other 
lags are small and 
insignificant.

Highly significant 
first lag. All other 
lags are small and 
insignificant. No 
pattern.

Highly significant 
first lag. Fifth 
lag is borderline 
significant. All other 
lags are small and 
insignificant.

Highly significant 
first lag. Fifth lag is 
borderline signifi
cant. All other lags 
are insignificant.

Suggestion AR(1), AR(1,5) AR(1) AR(1), A(1,5) AR(1), AR(1,5)

China

ACF All lags are small 
and insignificant. 
Fourth and fifth lag 
are borderline.

All lags are small 
and insignificant. 
Fourth and fifth lag 
are borderline.

All lags are small. 
No pattern.

All lags are small. 
No pattern.

PACF All lags are small 
and insignificant. 
Fourth and fifth lag 
are borderline.

All lags are small 
and insignificant. 
Fourth and fifth lag 
are borderline.

All lags are small 
and insignificant. 
Fourth lag is bor
derline.

All lags are small. 
No pattern.

Suggestion None None None None

The analysis is based on the AC and PAC plots in A6.3.1 and A6.3.2. Only the five initial lags are considered. 
All considerations are based on the 5% level of significance indicated by the bands in the AC and PAC plots.
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Table A6.3

BoxJenkins analysis of emerging market returns

Full sample Subsample 1 Subsample 2 Subsample 3

Colombia

ACF First through third 
lag are large and 
significant in an ex
ponentially declin
ing pattern. Fourth 
lag is borderline.

First through third 
lag are large and 
significant in an ex
ponentially declin
ing pattern. Fourth 
lag is borderline.

First and second 
lag are large and 
significant in an ex
ponentially declin
ing pattern. Fifth 
lag is borderline.

First lag is signifi
cant. All other lags 
are slowly declining.

PACF First and second 
lag are large and 
significant. All other 
lags are small and 
insignificant. 

First and second 
lag are large and 
significant. All other 
lags are small and 
insignificant. 

First, second and 
fifth lag are signifi
cant. All other lags 
decline slowly. 

First lag is small 
but significant. All 
other lags are in
significant. Possible 
sine wave pattern.

Suggestion AR(1,2) AR(1,2) AR(1,2), AR(1,2,5) AR(1), MA(1)

Czech Republic

ACF First and fourth 
lag are significant. 
All other lags are 
damped. No pat
tern.

First through fourth 
lag are significant. 
All other lags are 
damped. No pat
tern.

All lags are insignif
icant. No pattern.

Third lag is signifi
cant. All other lags 
are insignificant. No 
pattern.

PACF First and fourth 
lag are significant. 
All other lags are 
insignificant.

First and fourth lag 
are significant. All 
other lags are small 
and insignificant. 

All lags are insignif
icant. No pattern.

Third lag is signifi
cant. All other lags 
are insignificant. No 
pattern.

Suggestion AR(1), AR(1,4) AR(1), AR(1,4) None AR(3), MA(3)

Hungary

ACF First through third 
lag are significant. 
Possibly a sine wave 
pattern.

First through third 
lag are significant. 
Possibly a sine wave 
pattern.

First lag is signifi
cant. All other lags 
are insignificant. No 
pattern.

Third lag is signifi
cant. All other lags 
are insignificant. No 
pattern.

PACF First and third lag 
are significant. All 
other are insignifi
cant. No pattern.

First through third 
lag are significant. 
Possibly a sine wave 
pattern.

First lag is signifi
cant. Second lag is 
borderline. The rest 
declines slowly.

Third lag is signifi
cant. All other lags 
are insignificant 
and declining.

Suggestion AR(1,3) AR(13), MA(13) MA(1) AR(3), MA(3)

The analysis is based on the AC and PAC plots in A6.3.1 and A6.3.2. Only the five initial lags are considered. 
All considerations are based on the 5% level of significance indicated by the bands in the AC and PAC plots.
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Table A6.3

BoxJenkins analysis of emerging market returns

Full sample Subsample 1 Subsample 2 Subsample 3

India

ACF First lag is sig
nificant. Third and 
fourth lags are bor
derline. No pattern.

First lag is sig
nificant. Third and 
fourth lags are bor
derline. No pattern.

First lag is signifi
cant. All other lags 
are insignificant. No 
pattern.

Fourth lag is signifi
cant. First and third 
lags are borderline. 
No pattern.

PACF First lag is sig
nificant. Third and 
fourth lags are bor
derline. No pattern.

First lag is sig
nificant. Third and 
fourth lags are bor
derline. No pattern.

First lag is signifi
cant. All other lags 
are insignificant. No 
pattern.

Fourth lag is signifi
cant. First and third 
lags are borderline. 
No pattern.

Suggestion AR(1), MA(1) AR(1), MA(1) AR(1), MA(1) AR(4), MA(4)

Indonesia

ACF First lag and fourth 
lag are significant. 
Second lag is bor
derline. No pattern.

First lag and fourth 
lag are significant. 
Second and third 
lag are borderline. 
Possibly sine waves.

No significant lags. 
Clear sine wave 
pattern.

First lag is signifi
cant. All other lags 
are insignificant. No 
pattern.

PACF First lag and fourth 
lag are significant. 
Second lag is bor
derline. No pattern.

First lag and fourth 
lag are significant. 
Second lag is bor
derline. No pattern.

No significant lags. 
Clear sine wave 
pattern.

First lag is signifi
cant, second is bor
derline. No pattern.

Suggestion AR(1,4), MA(1,4) AR(1,4) None  AR(1), MA(1)

Israel

ACF First and fifth lag 
are borderline. All 
other lags are insig
nificant. No pattern.

All lags are insignif
icant. No pattern.

All lags are insignif
icant. No pattern.

First lag is border
line. All other lags 
are insignificant. No 
pattern.

PACF First and fifth lag 
are borderline. All 
other lags are insig
nificant. No pattern.

All lags are insignif
icant. No pattern.

All lags are insignif
icant. No pattern.

First lag is border
line. All other lags 
are insignificant. No 
pattern.

Suggestion AR(1), MA(1) or 
None

None None AR(1), MA(1)

The analysis is based on the AC and PAC plots in A6.3.1 and A6.3.2. Only the five initial lags are considered. 
All considerations are based on the 5% level of significance indicated by the bands in the AC and PAC plots.
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Table A6.3

BoxJenkins analysis of emerging market returns

Full sample Subsample 1 Subsample 2 Subsample 3

Malaysia

ACF First, second, fourth 
and fifth lag are 
significant. Third 
lag is borderline. 
The rest declines in 
sine waves.

First, second, fourth 
and fifth lag are 
significant. Third 
lag is borderline. 
The rest declines in 
sine waves.

First lag is signifi
cant and large. All 
other declines, pos
sibly in sine waves.

Second lag is large 
and significant. 
All other lags are 
insignificant. No 
pattern.

PACF First, second, fourth 
and fifth lag are sig
nificant. Third lag is 
borderline. The rest 
declines.

First, second, fourth 
and fifth lag are sig
nificant. Third lag is 
borderline. The rest 
declines.

First lag is signifi
cant and large. All 
other declines, pos
sibly in sine waves.

Second lag is large 
and significant. 
All other lags are 
insignificant. No 
pattern.

Suggestion AR(15), MA(15) AR(15), MA(15) AR(1), MA(1) AR(2), MA(2)

Mexico

ACF Significant first lag. 
Third lag is border
line. All other lags 
are damped. 

Significant first lag. 
Third and fifth lag 
are borderline. No 
pattern. 

First lag is sig
nificant and large. 
All other declines 
slowly.

No significant lags 
and no patterns.

PACF Significant first lag. 
Third and fifth lag 
are borderline. No 
pattern. 

Significant first lag. 
Third and fifth lag 
are borderline. No 
pattern. 

First lag is sig
nificant and large. 
All other declines 
slowly. Possibly sine 
waves.

No significant lags 
and no patterns.

Suggestion AR(1), MA(1) AR(1), MA(1) AR(1), MA(1) None

Peru

ACF First lag is signifi
cant. Fourth lag is 
borderline. The rest 
declines.

First lag is signifi
cant. All other lags 
declines.

First lag is sig
nificant. Second 
and fifth lag are 
borderline. The rest 
declines slowly.

All lags are insig
nificant and slowly 
declining.

PACF First lag is signifi
cant. Fourth lag is 
borderline. The rest 
declines.

First lag is signifi
cant. Fourth lag is 
borderline. The rest 
declines.

First lag is signifi
cant. All other lags 
declines slowly.

All lags are insig
nificant. Fifth lag is 
borderline other
wise slowly declin
ing.

Suggestion AR(1), MA(1) AR(1), MA(1) AR(1), MA(1) None

The analysis is based on the AC and PAC plots in A6.3.1 and A6.3.2. Only the five initial lags are considered. 
All considerations are based on the 5% level of significance indicated by the bands in the AC and PAC plots.
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Table A6.3

BoxJenkins analysis of emerging market returns

Full sample Subsample 1 Subsample 2 Subsample 3

Philippines

ACF First lag is large 
and significant. Sec
ond lag is border
line. All other lags 
decline.

First lag is large 
and significant. Sec
ond lag is border
line. All other lags 
decline.

First and second 
lag are significant. 
Third lag is border
line. All other lags 
decline, possibly in 
sine waves

First lag is large 
and significant. Sec
ond lag is border
line. All other lags 
decline.

PACF First lag is large 
and significant. All 
other lags are small 
and insignificant.

First lag is large 
and significant. All 
other lags are small 
and insignificant.

First and second 
lag are significant. 
All other lags are 
insignificant and 
declining.

First lag is large 
and significant. 
All other lags are 
insignificant and 
declining.

Suggestion AR(1) AR(1) AR(1,2) AR(1)

Poland

ACF First lag is large 
and significant. All 
other lags decline in 
sine waves.

First lag is large 
and significant. 
Fifth is borderline. 
All other lags de
cline in sine waves.

First lag is large 
and significant. All 
other lags decline in 
sine waves.

Fourth lag is bor
derline. All other 
lags are insignifi
cant. No pattern.

PACF First lag is large 
and significant. 
Fourth is border
line. All other lags 
decline. No pattern.

First lag is large 
and significant. 
Fourth and fifth are 
borderline. All other 
lags decline. No 
pattern.

First lag is large 
and significant. All 
other lags decline. 
No pattern.

Fourth lag is bor
derline. All other 
lags are insignifi
cant. No pattern.

Suggestion AR(1), MA(1) AR(1), MA(1) AR(1) None

Russia

ACF All lags are small 
and insignificant. 
No pattern.

All lags are small 
and insignificant. 
No pattern.

All lags are small 
and insignificant. 
No pattern.

All lags are small 
and insignificant. 
Fifth lag is border
line.

PACF All lags are small 
and insignificant. 
No pattern.

All lags are small 
and insignificant. 
No pattern.

All lags are small 
and insignificant. 
No pattern.

All lags are small 
and insignificant. 
Fifth lag is border
line.

Suggestion None None None None

The analysis is based on the AC and PAC plots in A6.3.1 and A6.3.2. Only the five initial lags are considered. 
All considerations are based on the 5% level of significance indicated by the bands in the AC and PAC plots.
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Table A6.3

BoxJenkins analysis of emerging market returns

Full sample Subsample 1 Subsample 2 Subsample 3

South Africa

ACF First lag is large 
and significant. All 
other lags are small 
and insignificant. 
No pattern.

First lag is large 
and significant. All 
other lags are small 
and insignificant. 
No pattern.

First lag is and 
significant. All other 
lags are small and 
insignificant. No 
pattern.

All lags are small 
and insignificant. 
No pattern.

PACF First lag is large 
and significant. All 
other lags are small 
and insignificant. 
No pattern.

First lag is large 
and significant. All 
other lags are small 
and insignificant. 
No pattern.

First lag is and 
significant. All other 
lags are small and 
insignificant. No 
pattern.

All lags are small 
and insignificant. 
No pattern.

Suggestion AR(1), MA(1) AR(1), MA(1) AR(1), MA(1) None

South Korea

ACF First, third, fourth 
and fifth lag are 
significant. The 
rest declines in sine 
waves.

First, third, fourth 
and fifth lag are 
significant. The 
rest declines in sine 
waves.

All lags are insignif
icant. No pattern.

All lags are insignif
icant. No pattern.

PACF First, third, fourth 
and fifth lag are 
significant. The 
rest declines in sine 
waves.

First, third, fourth 
and fifth lag are 
significant. Possibly 
sine waves.

All lags are insignif
icant. No pattern.

All lags are insignif
icant. No pattern.

Suggestion AR(15), MA(15) AR(15), MA(15) None None

Taiwan

ACF First and second lag 
are borderline. All 
other lags are small 
and insignificant. 
No pattern.

First lag is bor
derline. All other 
lags are small and 
insignificant. No 
pattern.

Fourth lag is signifi
cant. All other lags 
are insignificant. No 
pattern.

Second lag is bor
derline. All other 
lags are insignifi
cant. Possibly sine 
waves.

PACF First and second lag 
are borderline. All 
other lags are small 
and insignificant. 
No pattern.

First lag is bor
derline. All other 
lags are small and 
insignificant. No 
pattern.

Fourth lag is signifi
cant. All other lags 
are insignificant. No 
pattern.

Second lag is bor
derline. All other 
lags are insignifi
cant. No pattern.

Suggestion AR(12), MA(12) or 
none

AR(1), MA(1) AR(4), MA(4) None

The analysis is based on the AC and PAC plots in A6.3.1 and A6.3.2. Only the five initial lags are considered. 
All considerations are based on the 5% level of significance indicated by the bands in the AC and PAC plots.
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Table A6.3

BoxJenkins analysis of emerging market returns

Full sample Subsample 1 Subsample 2 Subsample 3

Thailand

ACF First lag is large 
and significant. 
All other lags are 
insignificant. No 
pattern.

First lag is large 
and significant. 
All other lags are 
insignificant. No 
pattern.

Second lag is signifi
cant. All other lags 
are insignificant 
and declining.

First and fifth lag 
are significant. 
All other lags are 
insignificant and 
declining.

PACF First lag is large 
and significant. 
All other lags are 
insignificant. No 
pattern.

First lag is large 
and significant. 
All other lags are 
insignificant. No 
pattern.

Second lag is signifi
cant. All other lags 
are insignificant 
and declining.

First and fifth lag 
are significant. 
All other lags are 
insignificant and 
declining.

Suggestion AR(1), MA(1) AR(1), MA(1) AR(2), MA(2) AR(1,5), MA(1,5)

Turkey

ACF First lag is signifi
cant. All other lags 
are insignificant. No 
pattern.

First lag is signifi
cant. All other lags 
are insignificant. No 
pattern.

All lags are insignif
icant. No pattern.

Fifth lag is border
line. All other lags 
are insignificant. No 
pattern.

PACF First lag is signifi
cant. All other lags 
are insignificant. No 
pattern.

First lag is signifi
cant. All other lags 
are insignificant. No 
pattern.

All lags are insignif
icant. No pattern.

Fifth lag is border
line. All other lags 
are insignificant. No 
pattern.

Suggestion AR(1), MA(1) AR(1), MA(1) None AR(5), MA(5) or 
none

The analysis is based on the AC and PAC plots in A6.3.1 and A6.3.2. Only the five initial lags are considered. 
All considerations are based on the 5% level of significance indicated by the bands in the AC and PAC plots.
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APPENDIX A6.4: ARMA AIC/BIC values

Table A6.4

Information criteria for ARMA specifications (AIC/BIC)

AIC/BIC MA AR

Country 0 1 2 3 4 5

Brazil 0 11299,21/ 
11287,69

11322,59/ 
11305,31

1 11321,92/ 
11304,65

11320,80/ 
11297,76

Hungary 0 15703,47/ 
15691,45

15721,98/ 
15703,95

15728,90/ 
15704,85

15747,10/ 
15717,04

1 15723,76/ 
15705,73

15722,91/ 
15698,86

15736,49/ 
15706,44

15745,13/ 
15709,07

2 15725,13/
15701,08

15731,86/ 
15701,81

15746,04/ 
15709,97

15745,08/ 
15703,00

3 15744,59/ 
15714,54

15742,74/ 
15706,67

15745,11/ 
15703,03

15743,16/ 
15695,07

India 0 17851,10/ 
17833,83

17882,72/ 
17864,31

1 17883,86/ 
17865,46

17885,37/ 
17860,83

Indonesia 0 14424,83/ 
14412,63

14479,64/ 
14461,35

1 14483,40/ 
14465,10

14482,28/ 
14457,89

Malaysia 0 18357,02/ 
18344,69

18391,40/ 
18372,90

18414,28/ 
18389,62

18414,69/ 
18383,86

18438,65/ 
18401,66

18454,14/ 
18410,98

1 18396,74/ 
18378,24

18405,61/ 
18380,94

18413,09/ 
18382,26

18448,72/ 
18411,72

18456,18/ 
18413,01

18457,12/ 
18407,79

2 18411,90/ 
18387,24

18409,92/ 
18379,09

18421,74/ 
18384,74

18459,20/ 
18416,04

18451,62/ 
18402,29

18457,95/ 
18402,46

3 18409,95/ 
18379,12

18441,26/ 
18404,26

18454,48/ 
18411,31

18460,22/ 
18410,89

18457,84/ 
18402,34

18455,90/ 
18394,24

4 18436,68/ 
18399,68

18454,54/ 
18411,38

18456,85/ 
18407,52

18456,98/ 
18401,48

18456,22/ 
18394,56

18465,31/ 
18397,48

5 18449,09/ 
18405,92

18454,52/ 
18405,19

18455,15/ 
18399,66

18455,01/ 
18393,35

18464,89/ 
18397,06

18478,10/ 
18405,00

The table presents information criteria AIC and BIC (AIC/BIC) for the ARMA specification indicated by the 
Box-Jenkins framework. Moving average terms are on the horizontal axis and autoregressive terms below each 
country. The results are summarized in Section 6.1.3. Source: Own calculations.
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APPENDIX A6.4: ARMA AIC/BIC values

Table A6.4

Information criteria for ARMA specifications (AIC/BIC)

AIC/BIC MA AR

Country 0 1 2 3 4 5

Mexico 0 17581,20/ 
17568,93

17620,98/ 
17602,58

1 17619,49/ 
17601,08

17621,49/ 
17596,95

Peru 0 14743,58/ 
14731,95

14802,70/ 
14785,26

1 14804,99/ 
14787,54

14803,39/ 
14780,14

Poland 0 11693,44/ 
11681,84

11745,97/ 
11728,58

1 11746,55/ 
11729,16

11744,73/ 
11721,55

South Africa 0 20117,73/ 
20105,40

20180,93/ 
20162,43

1 20181,26/ 
20162,76

20179,46/ 
20154,80

South Korea 0 15582,82/ 
15570,55

15607,32/ 
15588,92

15605,89/ 
15581,35

15614,81/ 
15584,13

15623,15/ 
15586,34

15628,30/ 
15585,35

1 15606,23/ 
15587,82

15605,57/ 
15581,03

15616,45/ 
15585,77

15623,47/ 
15586,66

15624,88/ 
15581,93

15626,35/ 
15577,27

2 15607,19/ 
15582,65

15621,65/ 
15590,98

15673,47/ 
15636,66

15673,08/ 
15630,13

15675,07/ 
15625,98

15674,64/ 
15619,42

3 15617,23/ 
15586,55

15628,84/ 
15592,03

15672,94/ 
15629,99

15672,25/ 
15623,17

15677,91/ 
15622,69

15672,94/ 
15611,58

4 15627,56/ 
15590,75

15631,70/ 
15588,75

15675,32/ 
15626,23

15677,83/ 
15622,61

15676,54/ 
15615,19

15698,97/ 
15631,48

5 15636,33/ 
15593,39

15634,48/ 
15585,40

15674,75/ 
15619,54

15673,02/ 
15611,66

15698,86/ 
15631,37

15697,22/ 
15623,59

Taiwan 0 16778,74/ 
16766,47

16779,87/ 
16761,46

1 16780,13/ 
16761,72

16782,09/ 
16757,55

Thailand 0 16960,43/ 
16948,09

17011,76/ 
16993,26

1 17012,53/ 
16994,03

17010,53/ 
16985,87

The table presents information criteria AIC and BIC (AIC/BIC) for the ARMA specification indicated by the 
Box-Jenkins framework. Moving average terms are on the horizontal axis and autoregressive terms below each 
country. The results are summarized in Section 6.1.3. Source: Own calculations.
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APPENDIX A6.4: ARMA AIC/BIC values

Table A6.4

Information criteria for ARMA specifications (AIC/BIC)

AIC/BIC MA AR

Country 0 1 2 3 4 5

Turkey 0 13281,55/ 
13269,28

13289,27/ 
13270,86

1 13289,12/ 
13270,71

13287,41/ 
13262,86

The table presents information criteria AIC and BIC (AIC/BIC) for the ARMA specification indicated by the 
Box-Jenkins framework. Moving average terms are on the horizontal axis and autoregressive terms below each 
country. The results are summarized in Section 6.1.3. Source: Own calculations.

APPENDIX A6.5: ARMA model tests

A6.5.1: ARMA normality test

 
Table A6.5.1

Test statistics for serial correlation and normality in ARMA residuals 
and squared residuals

Country JB test stat Prob > X2(JB)

Brazil 2807 0.000

Chile 1740 0.000

China 95000 0.000

Colombia 30000 0.000

Czech Republic 55000 0.000

Hungary 19000 0.000

India 28000 0.000

Indonesia 130000 0.000

Israel 1932 0.000

Malaysia 140000 0.000

Mexico 37000 0.000

Peru 14000 0.000

Philippines 28000 0.000

Poland 2260 0.000

Russia 17000 0.000

South Africa 13000 0.000

South Korea 14000 0.000

Taiwan 1100 0.000

Thailand 5056 0.000

Turkey 4175 0.000

The table shows portmanteau statistics at 1,3 and 5 lags for ARMA  
residual series. 3 and 5 lags are reported for the squared residual series 
indicating dependence through the second moment. The JarqueBera 
test checks for normality in the residual series. Source: Own calculations.
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Table A6.5.2

Test statistics for serial correlation and normality in ARMA residuals and squared residuals

ARMA residual tests for serial correlation ARMA squared residual tests for serial correlation

Country Q(1) Prob > X2(Q1) Q(3) Prob > X2(Q3) Q(5) Prob > X2(Q5) Q(3) Prob > X2(Q3) Q(5) Prob > X2(Q5)

Brazil 0.002 0.996 0.337 0.953 1.911 0.861 364.523 0.000 484.652 0.000

Chile 0.105 0.745 2.601 0.457 10.259 0.068 477.385 0.000 535.650 0.000

China 0.361 0.548 4.031 0.258 15.130 0.010 301.554 0.000 415.099 0.000

Colombia 0.011 0.919 2.359 0.501 3.380 0.642 76.920 0.000 90.986 0.000

Czech Republic 0.039 0.844 2.248 0.523 26.585 0.000 1.006 0.800 31.815 0.000

Hungary 0.001 0.983 0.034 0.998 0.935 0.968 425.316 0.000 469.724 0.000

India 0.008 0.931 3.443 0.328 11.653 0.040 215.321 0.000 289.153 0.000

Indonesia 0.027 0.870 4.171 0.244 24.515 0.000 473.878 0.000 826.840 0.000

Israel 4.492 0.034 6.220 0.101 15.172 0.010 134.948 0.000 149.993 0.000

Malaysia 0.009 0.924 0.399 0.941 0.525 0.991 630.455 0.000 843.871 0.000

Mexico 0.011 0.916 5.212 0.157 8.757 0.119 406.652 0.000 512.189 0.000

Peru 0.008 0.928 2.755 0.431 8.117 0.150 222.177 0.000 262.786 0.000

Philippines 0.005 0.946 0.245 0.970 3.748 0.586 205.331 0.000 223.179 0.000

Poland 0.006 0.939 1.908 0.592 10.933 0.053 434.708 0.000 628.940 0.000

Russia 1.456 0.228 4.761 0.190 7.653 0.176 208.823 0.000 275.579 0.000

South Africa 0.005 0.946 0.615 0.893 1.130 0.951 482.149 0.000 535.501 0.000

South Korea 0.905 0.341 5.127 0.163 5.952 0.311 618.184 0.000 1002.959 0.000

Taiwan 3.385 0.066 10.557 0.014 11.754 0.038 505.800 0.000 745.004 0.000

Thailand 0.000 0.998 0.001 1.000 0.541 0.991 806.736 0.000 949.129 0.000

Turkey 0.000 0.985 0.150 0.985 1.271 0.938 509.874 0.000 566.667 0.000

The table shows portmanteau statistics at 1,3 and 5 lags for ARMA residual series. 3 and 5 lags are reported for the squared residual series indicating 
dependence through the second moment. The Jarque-Bera test checks for normality in the residual series. Source: Own calculations.



APPENDIX A6.6: ARMA models

Table A6.6

ARMA model coefficients for volatility models

Country Specification Intercept a1 a2 θ1 θ2

GARCH

Brazil MA(1) 0.0009** 0.1258***

Chile AR(1) 0.0005** 0.2796***

China WN 0.0002

Colombia AR(2) 0.0002 0.2668*** 0.0694***

Czech Rep. AR(1) 0.0005* 0.1143***

Hungary MA(1) 0.0003 0.0873***

India AR(1) 0.0002 0.1499***

Indonesia AR(1) 0.0003 0.2030***

Israel WN 0.0008***

Malaysia MA(2) 0.0007*** 0.1929*** 0.0745***

Mexico MA(1) 0.0013*** 0.1897***

Peru AR(1) 0.0004 0.1759***

Philippines AR(1) 0.0005** 0.2035***

Poland AR(1) 0.0003 0.1628***

Russia WN 0.0013*

South Africa AR(1) 0.0008*** 0.1739***

South Korea MA(1) 0.0000 0.0577***

Taiwan WN 0.0002

Thailand AR(1) 0.0006** 0.1216***

Turkey MA(1) 0.0004 0.0803***

TGARCH

Brazil MA(1) 0.0004 0.1416***

Chile AR(1) 0.0003 0.2827***

China WN 0.0002

Colombia AR(2) 0.0003 0.2679*** 0.0696***

Czech Rep. AR(1) 0.0005* 0.1143***

Hungary MA(1) 0.0001 0.0914***

India AR(1) 0.0001 0.1523***

Indonesia AR(1) 0.0002 0.2044***

Israel WN 0.0004

Malaysia MA(2) 0.0003 0.2054*** 0.0786***

Mexico MA(1) 0.0006** 0.1999***

Peru AR(1) 0.0002 0.1749***

The table shows ARMA coefficients for the volatility models presented in Section 6.2. The first column indicate 
the ARMA specification used for the volatility model. These are according to the results in Section 6.1 with the 
necessary alterations described in Section 6.2.2. In the table ai indicate an autoregressive term and θi indicate a 
moving average process. WN indicate that the model follows a white noise process. The standard error are given 
in Appendix B6.5. The significance levels are given by the stars where *** = 1%, ** = 5% and * = 10%. 
Source: Own calculations.
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APPENDIX A6.6: ARMA models

Table A6.6

ARMA model coefficients for volatility models

Country Specification Intercept a1 a2 θ1 θ2

Philippines AR(1) 0.0001 0.1958***

Poland AR(1) 0.0001 0.1646***

Russia WN 0.0010

South Africa AR(1) 0.0005** 0.1776***

South Korea MA(1) 0.0002 0.0573***

Taiwan WN 0.0000

Thailand AR(1) 0.0003 0.1246***

Turkey MA(1) 0.0001 0.0835***

EGARCH

Brazil MA(1) 0.0004 0.1335***

Chile AR(1) 0.0003 0.2865***

China WN 0.0005*

Colombia AR(2) 0.0003 0.2695*** 0.0844***

Czech Rep. AR(1) 0.0006** 0.1289***

Hungary MA(1) 0.0000 0.0947***

India AR(1) 0.0000 0.1621***

Indonesia AR(1) 0.0003 0.2156***

Israel WN 0.0004

Malaysia MA(2) 0.0003 0.1925*** 0.0816***

Mexico MA(1) 0.0007*** 0.2084***

Peru AR(1) 0.0002 0.1642***

Philippines AR(1) 0.0002 0.1968***

Poland AR(1) 0.0001 0.1698***

Russia WN 0.0012*

South Africa AR(1) 0.0006*** 0.1698***

South Korea MA(1) 0.0003 0.0646***

Taiwan WN 0.0001

Thailand AR(1) 0.0004 0.1222***

Turkey MA(1) 0.0001 0.0795***

The table shows ARMA coefficients for the volatility models presented in Section 6.2. The first column indicate 
the ARMA specification used for the volatility model. These are according to the results in Section 6.1 with the 
necessary alterations described in Section 6.2.2. In the table ai indicate an autoregressive term and θi indicate a 
moving average process. WN indicate that the model follows a white noise process. The standard error are given 
in Appendix B6.5. The significance levels are given by the stars where *** = 1%, ** = 5% and * = 10%. 
Source: Own calculations.
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Table A6.7

Sign bias tests for asymmetry

GARCH TGARCH EGARCH

Country Sign Negative Positive Sign Negative Positive Sign Negative Positive

Brazil 0.280*** 9.418*** 11.273*** 0.156* 4.100 7.127** 0.104 3.947 6.168**

Chile 0.006 8.530 4.436 0.073 1.920 1.221 0.082 3.847 1.450

China 0.000 3.784 1.632 0.071 1.356 1.009 0.060 4.357 3.254

Colombia 0.161 13.209 6.758 0.148 11.805 5.736 0.158 18.449 4.109

Czech Rep. 0.065 6.014 5.923 0.066 6.083 5.951 0.090 7.003 7.182

Hungary 0.230** 12.240** 5.816 0.181* 8.230* 2.972 0.140 10.402** 3.278

India 0.166 13.680 7.944 0.161 11.833 7.365 0.185 19.246 6.688

Indonesia 0.149 1.219 4.731 0.124 0.134 3.886 0.100 3.625 1.682

Israel 0.210** 5.402 14.479*** 0.104 2.523 7.417* 0.070 2.217 5.656

Malaysia 0.122 8.733** 1.632 0.024 3.191 4.316 0.028 6.665* 6.974**

Mexico 0.199*** 13.542*** 9.959*** 0.032 5.101* 0.929 0.015 6.549** 0.598

Peru 0.110 2.118 6.672 0.046 3.855 1.581 0.057 2.994 0.871

Philippines 0.183 0.255 1.690 0.115 3.618 6.576 0.091 1.549 10.237

Poland 0.146** 4.748* 2.617 0.083 1.590 0.585 0.068 2.792 2.025

Russia 0.305* 3.809* 3.977* 0.223* 3.056 3.298 0.209* 3.988* 2.413

South Africa 0.086 9.729 6.082 0.007 4.344 0.159 0.045 4.747 2.196

South Korea 0.079 2.518 2.374 0.015 0.573 0.965 0.015 1.789 0.563

Taiwan 0.063 1.462 4.671* 0.033 1.741 2.538 0.010 20.006*** 14.484***

Thailand 0.042 1.711 0.388 0.001 1.553 2.007 0.004 0.517 2.983

Turkey 0.008 3.891** 0.153 0.040 2.270 1.314 0.032 4.244** 1.766

The table shows sign-bias, negative sign-bias and positive sign-bias tests. The calculations are made according to equation 4.8, 4.9 and 4.10. The standard 
error are given in Appendix B6.5. The significance levels are given by the stars where *** = 1%, ** = 5% and * = 10%. Source: Own calculations.



APPENDIX A7.1: F-tests for sub-samples

Table A7.1

Ftest for subsamples

Subsample variance Fstats

Country Full SS1 SS2 SS3 SS2 / SS1 SS2 / SS3 SS3 / SS1

Brazil 5.68E04 2.98E04 1.48E03 5.28E04 4.9700 2.8058 1.7714

Chile 1.59E04 9.10E05 4.00E04 1.35E04 4.3922 2.9531 1.4873

China 3.28E04 2.25E04 6.95E04 2.89E04 3.0905 2.4024 1.2864

Colombia 2.71E04 2.31E04 4.87E04 1.80E04 2.1105 2.6984 0.7821

Czech Rep. 3.76E04 1.75E04 1.04E03 3.58E04 5.9569 2.9036 2.0516

Hungary 5.00E04 2.18E04 1.10E03 8.02E04 5.0516 1.3734 3.6781

India 3.91E04 2.57E04 7.89E04 4.11E04 3.0683 1.9182 1.5996

Indonesia 3.61E04 2.53E04 7.14E04 3.45E04 2.8202 2.0683 1.3635

Israel 1.76E04 1.15E04 3.76E04 1.70E04 3.2616 2.2054 1.4789

Malaysia 9.31E05 5.76E05 1.98E04 9.94E05 3.4273 1.9878 1.7241

Mexico 2.85E04 1.44E04 6.77E04 3.45E04 4.7177 1.9634 2.4028

Peru 1.39E04 1.02E04 2.86E04 1.05E04 2.8081 2.7106 1.0360

Philippines 1.95E04 1.52E04 3.72E04 1.50E04 2.4542 2.4833 0.9883

Poland 3.89E04 1.98E04 8.02E04 5.79E04 4.0541 1.3848 2.9275

Russia 6.37E04 3.34E04 1.52E03 7.25E04 4.5570 2.0978 2.1723

South Africa 3.98E04 2.31E04 9.66E04 3.68E04 4.1878 2.6244 1.5957

South Korea 4.24E04 2.04E04 1.15E03 4.01E04 5.6534 2.8716 1.9687

Taiwan 2.33E04 1.62E04 4.55E04 2.34E04 2.8065 1.9440 1.4437

Thailand 3.13E04 2.49E04 5.55E04 2.67E04 2.2245 2.0769 1.0711

Turkey 6.22E04 5.14E04 1.13E03 4.46E04 2.2060 2.5395 0.8687

The table shows variances and F-test statistics for sub-sample returns. SSi denote the subsamples. The Fstats 
should be tested against limit values. Observations: SS1 = 1132, SS2 = 347, SS3 = 348. Large sample tables  
available from University of Western Ontario (2010). 
Source: Thompson-Reuters and own calculations.
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Table A7.2

Theoretic loss function measures

Mean squared error Mean average error Logarithmic loss error

Uncond. GARCH TGARCH EGARCH Uncond. GARCH TGARCH EGARCH Uncond. GARCH TGARCH EGARCH

Brazil

Fullsample 3.28E06 2.60E06 2.55E06 2.62E06 6.31E04 6.12E04 5.95E04 5.81E04 9.4627 8.4990 8.3088 8.3215

Subsample 1 2.03E07 1.81E07 1.76E07 1.76E07 2.46E04 2.00E04 1.94E04 1.96E04 5.9905 4.8967 4.7723 4.8537

Subsample 2 2.90E06 2.24E06 2.21E06 2.27E06 2.70E04 2.97E04 2.92E04 2.76E04 1.6815 1.8981 1.8758 1.8086

Subsample 3 1.77E07 1.78E07 1.69E07 1.69E07 1.14E04 1.15E04 1.10E04 1.08E04 1.7906 1.7041 1.6607 1.6592

Chile

Fullsample 3.07E07 2.58E07 2.42E07 2.49E07 1.67E04 1.69E04 1.65E04 1.61E04 8.1916 7.5098 7.4285 7.4322

Subsample 1 2.23E08 2.19E08 2.18E08 2.12E08 6.71E05 6.08E05 6.06E05 6.03E05 5.3100 4.6314 4.5876 4.6146

Subsample 2 2.75E07 2.26E07 2.10E07 2.18E07 7.24E05 8.02E05 7.76E05 7.36E05 1.2264 1.3085 1.3111 1.2703

Subsample 3 1.04E08 1.03E08 9.99E09 1.00E08 2.75E05 2.76E05 2.66E05 2.67E05 1.6552 1.5699 1.5297 1.5473

China

Fullsample 5.83E07 5.30E07 5.30E07 5.29E07 4.67E04 3.85E04 3.88E04 3.92E04 13.9637 11.4520 11.3916 11.6281

Subsample 1 2.25E07 1.81E07 1.83E07 1.81E07 2.58E04 1.66E04 1.65E04 1.67E04 9.6795 7.2404 7.1413 7.3202

Subsample 2 2.89E07 2.85E07 2.83E07 2.83E07 1.29E04 1.51E04 1.55E04 1.56E04 1.7804 2.0668 2.0889 2.1068

Subsample 3 6.92E08 6.41E08 6.45E08 6.43E08 8.07E05 6.77E05 6.89E05 6.94E05 2.5038 2.1447 2.1615 2.2011

Colombia

Fullsample 7.68E07 6.42E07 6.38E07 6.40E07 2.69E04 2.97E04 2.96E04 2.74E04 9.4531 9.5029 9.4662 9.3058

Subsample 1 4.15E07 3.23E07 3.20E07 3.36E07 1.44E04 1.52E04 1.51E04 1.42E04 5.7628 5.7281 5.7148 5.6414

Subsample 2 3.38E07 3.03E07 3.02E07 2.88E07 8.86E05 1.08E04 1.08E04 9.58E05 1.8199 2.0082 2.0013 1.9100

Subsample 3 1.59E08 1.62E08 1.59E08 1.53E08 3.68E05 3.73E05 3.68E05 3.61E05 1.8703 1.7666 1.7502 1.7544

The table shows theoretic loss function measures. The numbers are based equation 4.29 - 4.31. Source: Own calculations.
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Table A7.2 (continued)

Theoretic loss function measures

Mean squared error Mean average error Logarithmic loss error

Uncond. GARCH TGARCH EGARCH Uncond. GARCH TGARCH EGARCH Uncond. GARCH TGARCH EGARCH

Czech Rep.

Fullsample 2.18E06 1.69E06 1.67E06 1.80E06 3.93E04 3.90E04 3.89E04 4.06E04 8.4005 7.8021 7.8007 8.4757

Subsample 1 9.63E08 8.84E08 8.85E08 8.94E08 1.33E04 1.16E04 1.16E04 1.32E04 5.1195 4.3879 4.3905 5.0509

Subsample 2 2.00E06 1.52E06 1.51E06 1.64E06 1.90E04 2.01E04 2.01E04 2.00E04 1.5493 1.6976 1.6968 1.6638

Subsample 3 8.02E08 7.47E08 7.42E08 7.50E08 6.97E05 7.31E05 7.27E05 7.46E05 1.7317 1.7166 1.7134 1.7609

Hungary

Fullsample 2.88E06 2.41E06 2.41E06 2.44E06 5.08E04 5.23E04 5.20E04 5.03E04 7.8887 7.4471 7.4154 7.4874

Subsample 1 9.05E08 8.28E08 8.31E08 8.36E08 1.66E04 1.43E04 1.42E04 1.47E04 5.0401 4.3476 4.3326 4.4571

Subsample 2 2.35E06 1.91E06 1.92E06 1.96E06 2.02E04 2.19E04 2.19E04 2.03E04 1.4806 1.4999 1.4999 1.4755

Subsample 3 4.36E07 4.13E07 4.07E07 3.98E07 1.40E04 1.61E04 1.59E04 1.53E04 1.3680 1.5996 1.5830 1.5547

India

Fullsample 1.54E06 1.45E06 1.43E06 1.43E06 4.34E04 4.23E04 4.18E04 4.28E04 10.6895 9.7923 9.7358 10.0555

Subsample 1 3.54E07 3.23E07 3.20E07 3.31E07 2.06E04 1.75E04 1.74E04 1.82E04 7.0444 5.9478 5.9248 6.1607

Subsample 2 4.87E07 4.12E07 4.06E07 4.13E07 1.41E04 1.55E04 1.55E04 1.58E04 1.7322 1.9886 1.9806 2.0242

Subsample 3 6.99E07 7.10E07 7.02E07 6.90E07 8.68E05 9.30E05 8.89E05 8.85E05 1.9129 1.8559 1.8304 1.8707

Indonesia

Fullsample 1.30E06 1.13E06 1.12E06 1.10E06 6.36E04 4.33E04 4.25E04 4.21E04 16.3898 12.3511 12.2161 12.4483

Subsample 1 3.89E07 2.83E07 2.81E07 2.75E07 3.69E04 1.94E04 1.91E04 1.91E04 9.7371 6.5164 6.4465 6.6177

Subsample 2 8.15E07 7.60E07 7.51E07 7.36E07 1.65E04 1.63E04 1.62E04 1.56E04 3.1363 2.8508 2.8343 2.8406

Subsample 3 9.94E08 8.89E08 8.57E08 8.50E08 1.02E04 7.57E05 7.24E05 7.41E05 3.5164 2.9839 2.9353 2.9900

The table shows theoretic loss function measures. The numbers are based equation 4.29 - 4.31. Source: Own calculations.
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Table A7.2 (continued)

Theoretic loss function measures

Mean squared error Mean average error Logarithmic loss error

Uncond. GARCH TGARCH EGARCH Uncond. GARCH TGARCH EGARCH Uncond. GARCH TGARCH EGARCH

Israel

Fullsample 1.42E07 1.24E07 1.22E07 1.23E07 2.17E04 1.91E04 1.92E04 1.90E04 9.6386 8.4768 8.4659 8.4403

Subsample 1 3.86E08 3.19E08 3.22E08 3.20E08 1.13E04 8.57E05 8.72E05 8.62E05 6.8748 5.7728 5.7846 5.7536

Subsample 2 9.03E08 7.85E08 7.68E08 7.74E08 6.64E05 7.06E05 7.06E05 6.94E05 1.1015 1.1914 1.1875 1.1845

Subsample 3 1.35E08 1.32E08 1.32E08 1.34E08 3.76E05 3.50E05 3.44E05 3.47E05 1.6622 1.5127 1.4938 1.5022

Malaysia

Fullsample 1.46E07 1.13E07 1.15E07 1.10E07 2.46E04 1.12E04 1.13E04 1.10E04 18.8180 11.7269 11.7224 11.5151

Subsample 1 4.74E08 1.43E08 1.39E08 1.40E08 1.56E04 4.46E05 4.46E05 4.31E05 13.2088 7.2751 7.2880 6.9832

Subsample 2 8.90E08 9.29E08 9.61E08 9.00E08 5.01E05 4.64E05 4.81E05 4.58E05 3.0796 2.7554 2.7669 2.8134

Subsample 3 9.82E09 5.46E09 5.34E09 5.44E09 3.91E05 2.07E05 2.02E05 2.09E05 2.5295 1.6964 1.6675 1.7184

Mexico

Fullsample 9.73E07 8.10E07 7.68E07 7.88E07 3.76E04 3.28E04 3.20E04 3.10E04 10.3327 8.1343 8.0113 7.9111

Subsample 1 8.09E08 6.11E08 6.01E08 5.93E08 1.68E04 1.07E04 1.04E04 1.03E04 7.1201 5.1611 5.0661 5.0028

Subsample 2 7.84E07 6.43E07 6.06E07 6.27E07 1.35E04 1.48E04 1.46E04 1.39E04 1.5735 1.4992 1.5065 1.4832

Subsample 3 1.08E07 1.07E07 1.02E07 1.01E07 7.30E05 7.36E05 7.03E05 6.85E05 1.6391 1.4741 1.4388 1.4251

Peru

Fullsample 1.91E07 1.65E07 1.64E07 1.62E07 1.78E04 1.59E04 1.59E04 1.55E04 12.3306 10.4320 10.4313 10.3024

Subsample 1 9.23E08 9.15E08 9.25E08 8.78E08 9.74E05 8.09E05 8.13E05 7.64E05 8.1916 6.5102 6.5485 6.3525

Subsample 2 9.08E08 6.58E08 6.33E08 6.67E08 5.35E05 5.50E05 5.43E05 5.50E05 1.7895 1.8757 1.8628 1.8982

Subsample 3 8.30E09 7.98E09 8.09E09 7.88E09 2.74E05 2.35E05 2.32E05 2.35E05 2.3495 2.0461 2.0200 2.0517

The table shows theoretic loss function measures. The numbers are based equation 4.29 - 4.31. Source: Own calculations.
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Table A7.2 (continued)

Theoretic loss function measures

Mean squared error Mean average error Logarithmic loss error

Uncond. GARCH TGARCH EGARCH Uncond. GARCH TGARCH EGARCH Uncond. GARCH TGARCH EGARCH

Philippines

Fullsample 3.06E07 2.80E07 2.79E07 2.74E07 2.56E04 2.20E04 2.21E04 2.19E04 11.1632 9.4875 9.3977 9.5060

Subsample 1 9.97E08 9.01E08 8.91E08 8.88E08 1.45E04 1.12E04 1.10E04 1.10E04 7.8167 6.3675 6.2751 6.3231

Subsample 2 1.91E07 1.75E07 1.76E07 1.71E07 7.12E05 7.62E05 7.92E05 7.63E05 1.5175 1.5747 1.6051 1.6099

Subsample 3 1.55E08 1.40E08 1.37E08 1.39E08 4.01E05 3.22E05 3.15E05 3.26E05 1.8290 1.5454 1.5175 1.5730

Poland

Fullsample 9.74E07 8.10E07 7.98E07 8.06E07 4.74E04 4.07E04 4.05E04 4.06E04 9.5412 7.9484 7.9005 8.0047

Subsample 1 1.11E07 7.70E08 7.66E08 7.75E08 2.17E04 1.41E04 1.39E04 1.43E04 6.7161 5.1080 5.0591 5.1281

Subsample 2 6.85E07 5.63E07 5.54E07 5.61E07 1.50E04 1.54E04 1.56E04 1.53E04 1.3905 1.3767 1.3917 1.4060

Subsample 3 1.78E07 1.71E07 1.68E07 1.68E07 1.07E04 1.12E04 1.10E04 1.11E04 1.4346 1.4636 1.4497 1.4707

Russia

Fullsample 6.58E06 5.48E06 5.40E06 5.30E06 1.26E03 7.51E04 7.50E04 7.29E04 14.8463 9.4104 9.4170 9.4119

Subsample 1 1.12E06 4.54E07 4.52E07 4.49E07 7.28E04 2.51E04 2.53E04 2.50E04 10.8017 6.2667 6.2829 6.2237

Subsample 2 5.16E06 4.76E06 4.68E06 4.58E06 3.43E04 3.48E04 3.48E04 3.28E04 2.0870 1.6029 1.6093 1.6264

Subsample 3 3.02E07 2.67E07 2.65E07 2.65E07 1.91E04 1.52E04 1.50E04 1.52E04 1.9576 1.5408 1.5247 1.5619

South Africa

Fullsample 2.15E06 1.95E06 1.99E06 1.97E06 3.75E04 4.05E04 4.06E04 3.88E04 6.1837 6.3720 6.2663 6.2932

Subsample 1 1.20E07 1.12E07 1.12E07 1.11E07 1.41E04 1.46E04 1.45E04 1.44E04 4.1835 4.1657 4.0870 4.1321

Subsample 2 1.97E06 1.78E06 1.83E06 1.81E06 1.71E04 1.94E04 1.99E04 1.80E04 1.0439 1.2187 1.2201 1.1723

Subsample 3 6.11E08 5.38E08 5.25E08 5.29E08 6.26E05 6.47E05 6.27E05 6.35E05 0.9564 0.9876 0.9591 0.9887

The table shows theoretic loss function measures. The numbers are based equation 4.29 - 4.31. Source: Own calculations.
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Table A7.2 (continued)

Theoretic loss function measures

Mean squared error Mean average error Logarithmic loss error

Uncond. GARCH TGARCH EGARCH Uncond. GARCH TGARCH EGARCH Uncond. GARCH TGARCH EGARCH

South Korea

Fullsample 3.38E06 2.96E06 2.91E06 2.89E06 6.16E04 4.87E04 4.87E04 4.76E04 14.0549 10.8064 10.7768 10.7445

Subsample 1 1.90E07 1.07E07 1.06E07 1.08E07 2.89E04 1.44E04 1.44E04 1.44E04 9.4069 6.4597 6.4283 6.3872

Subsample 2 3.07E06 2.74E06 2.70E06 2.68E06 2.23E04 2.54E04 2.56E04 2.44E04 2.3641 2.3722 2.3917 2.3923

Subsample 3 1.16E07 1.06E07 1.04E07 1.03E07 1.04E04 8.88E05 8.73E05 8.78E05 2.2839 1.9746 1.9569 1.9650

Taiwan

Fullsample 2.86E07 2.38E07 2.36E07 2.89E07 3.64E04 2.67E04 2.69E04 3.69E04 13.7482 10.9833 11.0183 13.8403

Subsample 1 1.19E07 8.02E08 7.93E08 1.22E07 2.14E04 1.24E04 1.25E04 2.18E04 9.5760 7.0903 7.1109 9.6523

Subsample 2 1.14E07 1.09E07 1.09E07 1.14E07 8.82E05 9.39E05 9.53E05 8.87E05 2.1830 2.2628 2.2839 2.1943

Subsample 3 5.28E08 4.80E08 4.76E08 5.31E08 6.21E05 4.93E05 4.85E05 6.24E05 1.9891 1.6302 1.6235 1.9937

Thailand

Fullsample 1.16E06 1.11E06 1.10E06 1.10E06 4.39E04 3.60E04 3.59E04 3.59E04 11.9135 9.5933 9.5531 9.6580

Subsample 1 6.97E07 6.87E07 6.89E07 6.94E07 2.54E04 1.81E04 1.82E04 1.83E04 7.7649 5.8772 5.8627 5.9336

Subsample 2 4.23E07 3.82E07 3.68E07 3.63E07 1.15E04 1.21E04 1.20E04 1.16E04 2.0244 1.9194 1.9215 1.9186

Subsample 3 4.53E08 4.23E08 4.17E08 4.25E08 7.03E05 5.84E05 5.73E05 5.92E05 2.1243 1.7967 1.7689 1.8058

Turkey

Fullsample 2.42E06 2.02E06 2.00E06 1.99E06 9.87E04 7.15E04 7.16E04 7.14E04 10.5709 8.2778 8.2914 8.2636

Subsample 1 9.88E07 7.53E07 7.51E07 7.52E07 5.88E04 3.82E04 3.84E04 3.81E04 7.0929 5.4397 5.4539 5.4095

Subsample 2 1.24E06 1.13E06 1.12E06 1.11E06 2.40E04 2.29E04 2.29E04 2.30E04 1.6519 1.4909 1.4920 1.5066

Subsample 3 1.90E07 1.33E07 1.32E07 1.32E07 1.59E04 1.03E04 1.03E04 1.04E04 1.8260 1.3472 1.3455 1.3475

The table shows theoretic loss function measures. The numbers are based equation 4.29 - 4.31. Source: Own calculations.
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