Asian Social Science; Vol. 11, No. 16; 2015
ISSN 1911-2017  E-ISSN 1911-2025
Published by Canadian Center of Science and Education

Measuring the Financial Risk Level in Emerging and Developed
Markets: Traditional and Alternative Methods

Samet Giinay'

' Finance, Department of Banking and Finance, School of Applied Sciences, Istanbul Arel University, Istanbul,
Turkey

Correspondence: Samet Giinay, Finance, Department of Banking and Finance, School of Applied Sciences,
Istanbul Arel University, Istanbul, Turkey. E-mail: dr.sgunay@gmail.com

Received: January 1,2015  Accepted: April 11,2015  Online Published: June 13, 2015
doi:10.5539/ass.v11n16p25 URL: http://dx.doi.org/10.5539/ass.v11n16p25

Abstract

In this study, we measured the financial risk levels of five emerging and five developed markets’ stock indexes
using traditional and alternative models. We used the variance, semi-variance, beta, and downside beta, Gaussian
VaR, Historical VaR and Cornish-Fisher VaR as the traditional methods; and took the two parameters of the
alpha-stable distributions (alpha and beta) and the excess statistic introduced by Harding and Pagan (2002) as
alternative models. According to the findings, traditional and alternative models, except for the beta, downside
beta, and the excess statistic, gave consistent results in terms of the risk classification between the emerging and
the developed markets. Additionally, all models affirmed that the highest risk exists in the stock index of Turkey,
whereas the USA stock market has the lowest risk level among the countries analyzed.

Keywords: financial risk level, emerging markets, developed markets, downside risk
Jel No: C14, C22, F30
1. Introduction

Measurement of risk is as crucial as at least hedging in finance theory. Financial risk, which can be defined as
the deviations of expected return from the realized return, has been measured differently from past to present.
Despite extensive literature on this issue, there is still no a consensus regarding the best way of measuring risk.
Following the study by Markowitz (1959), who proposed the use of semi-variance as a financial risk
measurement tool to assess the risk under a specific target return, this method and its variations have received
great interest in literature. In an earlier study, Mao (1970) stated that the return measure of Markowitz is widely
accepted, yet there is no consensus regarding risk issue. Indeed, Markowitz proposed five alternative risk
measurements besides variance. Mao specifically emphasized semi-variance among these alternatives and
argued that investors concern below-mean semi-variance. Hogan and Warren (1972) improved an algorithm
known as ES criteria corresponding with the same topic and introduced semi-variance CAPM (ES-CAPM) as an
extension of that criteria. Likewise, Klemkosky (1973) demonstrated that semi-standard deviation and mean
absolute deviation methods have less bias than the composite measures obtained from CAPM, therefore, he
considered them as more robust risk measurement techniques. In a different study, Tse et al. (1993) presented the
optimal investment strategy for the investors concerned with the returns that occur below a specific target rate.
Turvey and Nayak (2003) proposed a new approximation based on the semi-variance in optimal hedge decisions.
The authors calculated the minimum semi-variance hedge rate for the Kansas City wheat and Texas steers.
Barndorff-Nielsen et al. (2009), on the other hand, presented a new risk measure named “downside realized
semi-variance” considering the high frequency downside movements in asset prices. They asserted that this
method is more informative than the standard realized variance statistic.

Bawa and Lindenberg (1977) introduced the Mean-Lower Partial Moment Capital Asset Pricing Model using
downside framework and demonstrated that if the probability distribution of portfolio returns displays a normal,
stable or student-¢ distribution, the model reduces to traditional mean-return CAPM. Harlow and Rao (1989)
submitted the generalized MLPM and used the mean return of the stock market instead of the risk-free rate as the
target return rate. They concluded that target return is implicit in traditional CAPM and explicit in downside risk
literature. As for Estrada (2002), he stated that mean semi-variance behavior is a more successful approximation
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in risk measurement and demonstrated the efficiency of downside-CAPM compared to the traditional CAPM via
the Morgan Stanley Capital Indices database for emerging markets.

Ang et al. (2006) indicated that stock returns require an approximately 6% risk premium per annum, and the
reward of the bearing downside risk is not compensated only by the traditional market beta. More recently,
Dobrynskaya (2014) introduced the global downside market factor, asserting that it more accurately explains the
returns in currency portfolios sorted by the forward discount than the factors discussed in the literature. As
aforementioned, downside risk literature generally considers semi-variance as a tool for obtaining optimal hedge
ratio and presents different calculation methods. After all, Hwang and Satchell (2000) proposed unobserved
fundamental component volatility as an alternative risk measurement tool. This measure can be obtained by
using a stochastic volatility model that filters out the signal in volatility information. Similarly, Bertsimas et al.
(2004) introduced a new risk measure called shortfall and analyzed its relationship with different methods such
as standard deviation, VaR, lower partial moments and coherent risk measure. According to the revealed facts,
mean-shortfall approximation has some advantages over mean-variance.

As a prominent market risk measure, the VaR model was first introduced by JP Morgan to define the maximum
loss to which a portfolio may be exposed in a crisis such as the market collapse in 1978 and Barings Bank
scandal. Many alternative VaR models were presented by different researchers in the following years; most
notably Variance Covariance VaR (The delta-normal VAR), Delta-Gamma VaR, Monte Carlo simulation and
Historical Simulation and so on. Probability distribution of returns used in the VaR analysis is very important
regarding the credibility of results. When the tail structure of the distribution is predicted differently from the
actual distribution due to an invalid distribution assumption, VaR can be less than real figures. As stated by
Mandelbrot (1963) and Nolan (1997), financial asset returns exhibit fat tail features, hence many authors
highlighted the importance of alpha-stable distributions: Fama (1970), Liu et al. (1999), Plerou et al. (1999),
Ghahfarokhi and Ghahfarokhi (2009) and Wang et al. (2012). According to Mandelbrot (2004), financial risk
had not been measured correctly. He proposed using alpha parameter as a risk measure in finance, a statistic of
alpha-stable distributions that characterizes the fluctuation. In line with this suggestion, we calculated the
alpha-stable distribution parameters for all the index returns used and considered alpha and beta statistics as an
alternative risk measure to traditional methods. In addition, considering the criticisms on normal distribution in
literature, we used Cornish-Fisher VaR method in conjunction with Gauissian VaR and Historical VaR. Authors
such as Pichler and Selitsch (1999) and Jaschke and Jiang (2002) demonstrated the robustness of this model as a
market risk measure.

The last alternative risk measure, the excess statistic introduced by Harding and Pagan (2002), is a test to define
the shape of bull and bear markets. This shape also gives information about the risk structure of price movements
describing convex and concave shapes in the path of prices. In spite of the fact that this statistic has been used to
define the shape of bull and bear markets in different studies such as the ones by Smith and Summers (2002),
Camacho et al. (2008), and Ingram (2014), we utilized it as a risk measure.

In this study, financial risk assessment is measured for five emerging markets and five developed markets using
different methods. Although risk measurement is generally classified under the titles of market risk, credit risk,
and operational risk, in the present study we analyzed traditional risk measurements and alternative methods
without using a specific category and investigated their consistency. The main difference between traditional and
alternative models is related to their assumptions. Mandelbrot and Hudson (2004) suggested using alpha
parameter of stable distributions instead of standard deviation or variance in the measurement of financial risk.
Due to the fact that as stated by Taleb (2007), most of the traditional models, such as standard deviation,
variance, CAPM beta and parametric VaR, are based on the bell shaped normal distribution that does not take
big market movements into account. However we know that the alpha parameter of stable distributions provide a
risk information concerning the extreme events measuring tail thickness of the stable distribution, which has
thicker tails comparing to normal distribution. Our second alternative risk measure is the excess statistic. In fact,
this statistic has been introduced just to analyze the movements of bull and bear periods of financial assets by
Harding and Pagan (2002). As we explain in the following sections, these movements can follow sharp or
smooth paths depending on the properties of time series. Despite the fact that excess statistic has been utilized to
the analyze the shape of bull and bear periods, we consider it as a financial risk indicator since it gives
information about the behavior of price series in the period of bull and bear markets and does not depend on the
distribution type of returns.

The remaining of the paper is organized as follows: Second section presents the econometrical methodology
concerning the methods used in the empirical analysis, third section empirically examines different risk
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measurements, traditional and alternative methods. The final section discusses the findings and presents the
results.

2. Methodology
2.1 Downside Risk Measures

In a rising market, any asset with downward movements is not attractive for investors and therefore such assets
expose higher rate of risk premium requirement in the market (Ang et al., 2006). Considering this information
one of the two important downside risk measures, downside beta, can be calculated for assets x and y as
shown below. Asset x has three possible payoffs: u,, m, and d,; similarly asset y has two possible payoffs:
u, and d,. These payoffs are above the risk free interest rate and possibilities of them are as follows:

Table 1. Payoffs and probabilities

payoff probability
(uy, uy) D1
(my, uy) D2
(dx uy) Ps
(U, dy) Pa
(my, dy) Ps
(dy, dy) Pe

For an investor, the optimal portfolio weights are calculated with the statement below:

max U(u,,) €]
Wy, Wy
where w,(w,) demonstrates the weight of asset x (y) in the portfolio, and the portfolio value at the end of
period is as below:

W = Rf + wyx + wyy (2)
where Ry is gross risk free interest rate. For this example, downside beta can be identified as follows:

B_ — COV(Ti, Tmlrm < .um) (3)
var(tiu | < i)

where 1; (13,,) is the excess return of asset i (market) and u,, is a mean market excess return (Ang et al., 2006).

As for semi-variance, it is defined as below:

E{[min (K —T),0]*} 4
where E is the expectation operator, K is the random returns variable and T is the reference point. T can
also be an expected value or targeted return rate. Thus, semi-variance is measured as expected value of squared
returns under a certain targeted return rate (Turvey & Nayak, 2003).

2.2 VaR Models

VaR provides data for the investor concerning the highest losses to which the portfolio value can be exposed at a
specific confidence level and time interval. This information gives investor confidence and allows them to be
prepared for potential losses. As the probability distributions are used in the calculation of VaR, VaR value
presents the maximum loss within a probability level. As it can be seen, preferred distribution type and its tail
structure are very significant for the quantity and credibility of VaR results. Cornish-Fisher model, one of the
alternative VaR methods, would be preferred when the returns display a non-Gaussian distribution. This method
considers the high moments in the probability distribution, hence the fat tails in the return distribution are taken
into account in the model. Under the assumption that log-returns of a portfolio are normally distributed, classical
VaR is calculated as follows:

VaR = u(X) + a(X)q, 5)
Where g, is the critical value at confidence level p for parametric VaR. Under the same assumption

Cornish-Fisher VaR is obtained as below:
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CFVaR = u(X) + o(X)z.s (6)
Z—1DSX 3 —3q,)K(X 2q3 — 5q,)S%(X
Zep = ay (@» 6) &) | (g ZCZ)) &) Cap 3?) &9 @

Where S(X) and K(X) are skewness and kurtosis parameters and z.r denotes the Cornish-Fisher critical value at
confidence interval p. When returns follow a normal distribution, classical VaR and Cornish-Fisher VaR values
will be equal. However, if the return distribution of portfolio strays moderately from the normal the
Cornish-Fisher VaR will be more credible. For serious deviations from the normal distribution, different models
must be used (Aktas & Sjostrand, 2011).

2.3 Parameters of Alpha-stable Distribution

From a statistical perspective, risk profile for any financial asset can be analyzed using the probability
distribution of potential returns of the asset. This distribution involves all the uncertainty of returns and the
magnitude of potential risk exposure (Lobato et al., 2007). Therefore, the statistical properties of the return
distribution present critical information concerning the risk level of a financial asset. As stated by Mandelbrot
(1963), financial asset returns display serious deviations from the normal distribution and present fat tails
decayed with a power law. Under these conditions, Mandelbrot suggested using alpha-stable distributions in
financial modeling. Han (2010) demonstrated that one-dimensional stable distributions can be defined uniquely
by their characteristic functions.

Ta
exp [iut —y|t|* (1 — if sign(t)tan —)] , ifa#1
$(0) = : ®)

. 02 may]
exp [l,ut —ylt| (1 + lﬁ;Slgn(t)log7)], ifa=1
Where sign(t) is the sign of t. In the definition of alpha-stable distributions, 1our parameters are used:
a,f,nand y. The first two of these parameters, alpha and beta, are useful as a financial risk indicator as
suggested by Mandelbrot. The « (0 < a < 2) determines the tail thickness of the distribution. The pu (—o0 <
U < oo) is the location parameter, for 1 <a <2 and 0 < a <1, corresponding to mean and variance,
respectively. The y is the scale parameter (y > 0) and demonstrates the dispersion around the location
parameter, hence it is analogous standard deviation. As for [, it is symmetry parameter (—1 < < 1) and

which defines the skewness of the distribution. The distribution is symmetrical when S = 0, skewed to right for
B > 0 and skewed to left for f < 0 (Han et al., 2010).

2.4 Excess Statistic

Harding and Pagan (2002) introduced an algorithm which produces four statistics, in order to define business
cycles of bull and bear markets. One of these statistics is the excess statistic that defines the shape of phases. If
the transition between two successive turning points is linear, this statistic measures the magnitude of deviations
from a hypothetical path of the actual time series’ path. That is, excess statistic is an intuitive approximation
concerning the second derivative of the series and informs about the convexity or concavity of the series
(Camacho et al., 2008). Therefore, obtained value of excess statistic presents the characteristic of the phases of
bull and bear markets and identifies the risk of price movements. Calculation process of the excess statistic can
be explained via the following definition utilizing other statistics of Harding and Pagan (2002): average duration
of each phase is D, average magnitude of each phase is A, and average cumulative movement in over each phase
is C (Note 1). In that situation, the shape of each phase can be measured as the deviations from a triangle. Using
this definition excess statistic:

A AD
e (C‘fD_‘T) ©

Following the assumption, binary-dual random variable S, will be equal to 1 for bull periods and O for bear
period, the process of obtaining the parameters of excess statistic is explained as follows: In an expansion, total
elapsed time is Y.I—; S, and the number of the peaks is NTP = YI-1(1 — S;;,) S;. Average elapsed time in an

expansion is

T
D= NTP‘let (10)
t=1

and the average magnitude of expansions is
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T
A=NTP™' ) S,AlnP, 11
t t

t=1

As for the mean of total cumulative changes, it is

T
C= NTP‘lzZt (12)
t=1

where Z, = S;Z;_, + S;AlnP;andZ, = 0 (Pagan & Sossounov, 2003).
3. Empirical Analysis

In this section of the study, obtained results of the econometric modeling will be discussed. Firstly, we estimate
the values of traditional risk measures: variance, semi-variance, beta, downside beta, Gaussian VaR, Historical
VaR and Cornish-Fisher VaR, and secondly alternative models, alpha and beta parameters of the alpha-stable
distribution and excess statistics of Hardin and Pagan (2002), are estimated for each index. Finally, we compare
the order of the risk volume of each model. Using the classification of Morgan Stanley Capital International
(henceforth MSCI) we determined five emerging and five developed stock markets as follows: Bist 100 (Turkey),
Bovespa (Brazil), Rts (Russia), Sensex (India), Shanghai (China), DJIA (USA), Nikkei225 (Japan), Ftse 250
(England), Dax (Germany), Cac-40 (France). Sample interval of the study consists of the period of between
February 05, 2004 and July 01, 2014. Except for the excess statistic, which was obtained with price series, all of
the statistics are calculated using log-returns. Variance, semi-variance, beta, downside beta, and VaR tests are
conducted through the R code of Carl and Peterson (2014). Alpha and beta parameter estimations of alternative
models are performed using the Matlab code of Weron (2006). Excess statistics are calculated with the Gauss
code of Engel (2005). All of the index values were obtained from finance.yahoo.com.

3.1 Traditional Methods
3.1.1 Downside Models and VaR

In Table 2 below, we present variance, semi-variance, beta and downside beta statistics of developed and
emerging market stock index log-returns. Semi-variance measures the volatility of negative returns unlike
traditional variance method. The variance statistics demonstrate that the results support our discrimination
between the emerging and the developed markets. While there is a clustering among the emerging markets such
as India, Brazil, China, Turkey and Russia, the developed markets of England, France, USA, Germany, Japan,
are seen in a second group. Semi-variance results are also consistent with the orders of variance, that is, the
discrimination between the emerging and the developed markets is very clear in terms of variance and
semi-variance statistics of log-returns. This situation can be seen as a risk difference of two groups of economies.
Findings indicate that the riskiest stock markets are the Turkish and Russian stock markets, whereas the lowest
risks are seen in the USA and UK.

The second comparison is made for the beta and the downside beta statistics in all stock index returns. Beta is a
systematic risk measure and it quantifies the changing level of systematic risk of a well-diversified portfolio after
adding a new asset to the portfolio. Technically, beta gives the slope coefficient of the regressing market returns
and a specific stock returns. Hence, beta is an efficient measure for examining the sensitivity of stock returns to
the changing market returns. As for the downside beta, it measures the same sensitivity of the negative returns.
Higher values of beta are considered as an indication of higher levels of systematic risk. For instance, two stocks
with two different beta values, 0.5 and 2, indicate two different situations. The first one only moves half as much
as the market linearly, whereas the second one does the same movement twofold. For the calculation of beta and
downside beta, we use The MSCI World Index as market portfolio. Findings indicated that the clustering and the
order of the developed and emerging market stock index log-returns changed significantly for the beta and the
downside beta statistics. While the beta and downside beta of USA, Germany and France stock indexes are close
to market beta 1, China stock market has the lowest rate of interaction with the global stock market. According to
both beta and downside beta values (0.2434 and 0.2481 respectively), China stock market changes at the rate of
25% of global stock market in its fluctuations. The Russian and Brazilian stock markets, on the other hand, are
more sensitive to global stock market movements. The highest value of downside beta (1.2187) belongs to the
Russian stock market implying that a unit change in the negative returns of global stock market causes a
variation of 1.22 in the negative returns of Russian stock index RTS.
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Table 2. Traditional risk measures (a)

Variance Semi variance Beta Downside beta
Bist-100 0.0078 0.0081 0.7929 0.7706
Bovespa 0.0077 0.0076 1.1164 1.0924
Rts 0.0097 0.0100 1.1117 1.2187
Sensex 0.0069 0.0070 0.6154 0.6596
Shanghai 0.0071 0.0071 0.2434 0.2481
DIJIA 0.0050 0.0051 0.9036 0.9269
Nikkei225 0.0067 0.0068 0.5496 0.5694
Ftse 250 0.0051 0.0053 0.8107 0.7895
Dax 0.0059 0.0061 1.0150 0.9477
Cac 40 0.0061 0.0062 1.0641 1.0008

Table 3 below exhibits the results of Gaussian VaR, Historical VaR and Cornish-Fisher VaR models at 95%
confidence level for one day. Gaussian VaR assumes the normality of probability distribution of returns.
Historical VaR assumes that the probability distribution of existing data is valid in the current situation.
Cornish-Fisher method considers the factors that normal distribution does not take into account such as skewness
and kurtosis. As known, probability distribution of financial asset returns displays fat tails and asymmetry
properties. Cornish-Fisher VaR model can yield more efficient estimates considering these facts.

Table 3. Traditional risk measures (b)

Gaussian VaR Historical VaR Cornish-Fisher VaR
Bist-100 -0.0125 -0.0126 -0.0126
Bovespa -0.0125 -0.0124 -0.0113
Rts -0.0158 -0.0145 -0.0118
Sensex -0.0111 -0.0104 -0.0100
Shanghai -0.0116 -0.0115 -0.0111
DIIA -0.0081 -0.0072 -0.0071
Nikkei225 -0.0111 -0.0101 -0.0096
Ftse 250 -0.0082 -0.0085 -0.0079
Dax -0.0096 -0.0089 -0.0087
Cac 40 -0.0101 -0.0094 -0.0091

As seen in Table 3, the results of all three models are consistent internally and with the findings of variance and
semi-variance models.
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Figure 1. Risk confidence sensitivity of VaR methods
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Reconsidering these results, the risk differences between emerging and developed markets are seen clearly in the
market risk measure VaR models. Besides, the emerging markets have higher level of market risk than the
developed markets, for instance Turkey, Russia and Brazil catch attention in terms of the level of market risk.
Another interesting finding is the changing risk order depending on the skewness and kurtosis of the probability
distribution. While the riskiest stock market is RTS in the Gaussian VaR and Historical VaR model, we see that
the risk order changes and the Turkish stock market shifts to first in the order, considering the third and fourth
moments of the distribution.

The plots in Figure 1 demonstrate the risk confidence sensitivity concerning all three methods for each country.
The horizontal axis presents the confidence level, and the vertical axis indicates VaR value against the change in
confidence level. Note that in conjunction with the increments in the confidence level, the largest falls occur in
the Gaussian VaR model. Pursuant to our statistical expectations for the lower confidence levels, we obtained
higher VaR values in all models.

3.2 Alternative Methods
3.2.1 Two Parameters of Alpha-stable Distributions: Alpha and Beta

The second section of the empirical analysis presents the alpha and beta parameter values of the alpha-stable
distributions of all stock index returns. It is known that normal distribution displays thinner tails than the actual
case in financial markets and reduces the probabilities of extreme events to insignificant levels.

As stated by Mandelbrot (1963), Fama (1970) and Peters (1994), alpha-stable distributions can fit the data
without any need for corrections. The first parameter of the distribution o (0 < a < 2) demonstrates the tail
thickness of the distribution, that is, the risk of the returns. £ is the symmetry parameter of the distribution and
it defines the skewness. The distribution is symmetric for § = 0, skewed to the right for § > 0, and skewed
to the left for § < 0 (Han et al., 2010). As the tail thickness parameter is related to the probability of extreme
events, it is a highly significant risk measure. Taleb (2007) dedicated his entire book The Black Swan: The
Impact of the Highly Improbable to this fact.

Table 4. Alternative risk measures (a)

Alpha Beta
Bist-100 1.7885 0.0046
Bovespa 1.7168 0.0042
Rts 1.5157 0.0042
Sensex 1.5999 0.0034
Shanghai 1.5967 0.0036
DIJIA 1.3547 0.0020
Nikkei225 1.6977 0.0035
Ftse 250 1.5675 0.0025
Dax 1.6201 0.0030
Cac 40 1.6305 0.0031

According to the alpha results in Table 4, the thickest and the thinnest tails belong to the stock index of Turkey
and the USA, respectively, implying that the most extreme events are seen in Turkish stock market among the
markets examined. Distinct from the previous results, there is an interesting order for the remaining indexes.
Regarding the tail thickness parameter alpha, risk concentration in the markets of Russia, China and India
appears smaller than those of Germany, France and Japan. More clearly, frequency rate of the extreme events in
Germany, France and Japan is higher than Russia, China and India stock markets. Risk concentration in Brazil’s
stock market, meanwhile, is the closest value to the Turkish stock market. Findings concerning the beta statistic
exhibited the same order results as alpha. According to beta values, all countries’ return distributions are skewed
towards to the right, meaning, prone to low returns. This finding is commonly accepted for the stock market
returns and in accordance with our expectations the highest beta (skewness) values are seen in the returns of
Brazil, Russia and Turkey, and the lowest beta value belongs to the USA stock market. These results are
consistent with the findings of the previous tests; variance, semi-variance, VaR, alpha and beta parameters of
alpha-stable distribution.
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The plots in Figure 2 demonstrate the right tail of empirical, normal and alpha-stable distributions for all of the
index returns and represent a magnification of the right tail fit on a double logarithmic scale. As seen in Figure 2,
alpha-stable distributions fit the empirical data better than the normal distribution. This result also verifies the
validity of the previous observations regarding the alpha-stable distribution.

3.2.2 Excess Statistic

The excess statistic introduced by Harding and Pagan (2002) to define the characteristics of bull and bear periods
provides valuable information regarding the steepness of the movements of a time series following turning points.
In this sense, excess statistic gives information about the risk structure of the times series’ behaviors. The plots
in Figure 3 exhibits the possible movements of the time series in accordance with the excess statistic value in
bull and bear markets.

Peak Peak
Actual Path
Actual
Path
Trough Trough
Convex Expansion (Excess>0) Concave Expansion (Excess<0)
Peak Peak
Actual
Path
Actual Path
Trough Trough
Convex Recession (Excess>0) Concave Recession (Excess<0)

Figure 3. Stable, gaussian, and empirical left tails (Source: Camacho et al., 2008)

Figure 3 presents significant information about the relationship between the shape of the cycle and the sign of
the excess statistic. Convex (concave) actual paths are characterized by positive (negative) slope and positive
(negative) excess statistic. Despite the fact that the actual path in convex expansion and concave recession
exhibits gradual changes in the beginning of the phase, these movements extend at the end. Conversely, in the
concave expansion and convex recession, the actual path starts with steep changes and gradually flattens out.
When the excess statistic is equal to zero, the movement of the series in both phases is linear (Camacho et al.,
2008).

As can be seen from the excess statistics in Table 5 below, stock index returns of Turkey demonstrate a convex
behavior in bear periods, whereas all other countries exhibit concave movements implying that in the beginning
of recession periods in Turkey, stock index returns fall sharply and the movements are more gradual at the end of
bear phases. Conversely, bear periods of other index returns display slow falls at the start and end quite slowly
and transit to bull phases. The most striking results are seen in the China stock index regarding the bull period’s
behavior. All of the indexes have positive excess statistic, whereas China has negative value. It implies that bull
period in China stock index starts to increase rapidly and over slowly while the other countries’ indexes show the
opposite behavior.
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Table 5. Alternative risk measures (b)

Excess Statistics Bear Period Excess Statistics Bull Period
. 4.0773 23.2355
Bist-100
(2.0483) (1.2163)
Bove -21.5419 24.1657
ovespa
P (-1.1246) (0.7509)
-7.3036 21.2180
Rts
(-1.0946) (0.7888)
S -0.7085 46.5695
ensex
(-3.1717) (0.0000)
-6.4357 -21.2785
Shanghai
anghat (-1.1686) (-0.2755)
-31.429 2.3832
DIJIA
(-0.1975) (15.2131)
. -3.7040 24.7908
Nikkei225
(-6.9429) (0.5616)
Ftse 250 -7.3036 21.2180
S
(-1.0946) (0.7888)
-36.0193 30.1382
Dax
(-0.3394) (0.0000)
-29.0132 48.1966
Cac 40
(-0.1724) (0.0000)

Analyzing the findings of bull and bear periods jointly we see that there are two stock indexes deviating from the
general trend: those of Turkey and China. After all, if we consider the bear periods in terms of the downside risk,
we can say that the sharpest falls are observed in the Turkish stock index BIST, and the riskiest stock market
regarding the excess statistic is the Turkish stock market among the emerging and developed markets.

4. Conclusion

Risk is an inseparable part of financial modeling and financial markets. Although there is extant literature
regarding the risk measurement under different approaches, there is no consensus about the performance of these
risk measurement methods. In this study, without broaching the subject of method performance, we analyzed the
financial risk levels of the markets in emerging and developed countries using stock indexes data. In this context,
we examined the stock index’s risk levels of five emerging (Turkey, Brazil, Russia, India and China) and five
developed countries (USA, UK, Germany, France and Japan) using traditional and alternative methods. The
results of traditional (variance, semi-variance, beta, downside beta, Gaussian VaR, Historical VaR,
Corinish-Fisher VaR) and alternative models (Excess statistic of Harding and Pagan (2002), alpha and beta
parameters of alpha-stable distributions) both confirmed that all these countries nearly consist of two different
groups of financial risk similar to the classification of the MSCI. After all, we observed that beta, semi-beta and
excess statistic generated different risk level orders which did not allow us to discriminate emerging and
developed markets in terms of risk of stock index returns.
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Note

Notel. Mean cumulative movements in InP, in each phases is C.
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