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Abstract
This empirical research paper examines the structural changes in Brazilian, Mexican, Korean, Turkish, South African
and the US financial markets in a comparative perspective. Using daily returns of stock markets, exchange rates and
CDS spreads, the transition probabilities and regime properties in the selected developing markets are estimated and
compared using Hamilton’s regime switching model. Empirical evidence shows that degrees of transition probabilities
vary depending on the economy under investigation besides the markets. A comparison of the results with those from the
US markets underlines the fact that creating portfolio diversification in international markets requires extensive volatility
analysis among the economies and financial instruments.
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spillovers among the markets.
As the aim of the paper is empirical rather than
methodological, a popular and flexible model, namely two
state Markov switching regime model, is selected for the
analysis. Examining if the prices contain occasional jumps,
probability of existence and persistence of the high volatile
regime is estimated by Hamilton’s [1] regime switching
algorithm. In the model, an ergodic Markov chain defined by
the transition probabilities generates the unobservable
regime variable [2]. The model combines model parameters
into one system, and which set of parameters are applied
varies on the regime the system is likely in at the time
period. In that sense, a Markov switching model enables the
economy to be in one of n different regimes. The transition
probability from state x at time t to state y at time t+1 is only
affected by the state at time t and not by any previous state
[3].
Switching regressions date back to Quandt [4], Goldfeld
and Quandt [5], Barber, Robertson and Scott [6] and
Lindgren [7] proposing a Markov switching model, where
the latent state variable is serially dependent. By deriving the
methodology from Ball and Torous [8] and extending the
Markov switching model into the case of dependent data,
Hamilton [1] creates a two-state regime-switching model.
Hamilton’s model has been empirically used under
different conditions with various financial data. Early works
with the model concentrate on the macroeconomic regime
switches. For example, the model is applied to examination
of business cycle asymmetry [1], government expenditure
[9], labor market recruitment [10], the influences of oil
prices on the U.S. GDP growth [11]. The early version of the

1. Motivations and Literature Review
Developing markets display relatively high and instant
volatility in the stock returns because of their specific
characteristics, such as, low trade volume, high political and
economic stability, thin trading, non-persistent portfolio
investments and sudden regulatory changes. Investors should
analyze the probabilities of regime switches and duration of
the volatility in the financial markets to insight the risk in
their investments.
The weak dollar since 2004 has caused the international
portfolio investments to flow into the developing markets.
Though money flows have increased the trade volume and
lead those markets to bull; high volatility being sensitive to
the global liquidity and the value of the US dollar has been
observed, as well. Since hot money is sensitive to liquidity
and carry-trade, that development results in a contagion risk
in the global economy.
In this research paper, we aim at determining the
structural changes in developing financial markets using
Hamilton’s Markov switching model. Employing daily data
from equity, exchange rate and CDS markets; we estimate
and compare the regime transition probabilities in
developing markets. The results are compared to those from
the US markets to see if there is a parallel shift in the
regimes between the US markets and the developing
markets. In that sense, the paper also examines volatility
______________
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Markov regime-switching model has been employed for
other areas apart from finance and economics such as for
speech recognition [12], DNA composition [13] and ion
channels [14].
In the hidden Markov model, the Markov variable is
unobservable volatility [15]. The hidden Markov model has
been used for estimating equity returns, exchange rates and
interest rates [16-25].
In recent literature, the model has been used for return
estimations with various alterations. Huang [26] models beta
as a first-order Markov chain and display the fact that the
data from the low-risk state is consistent with the CAPM
whereas the data from the high-risk state is not. Hess [27]
compares competing Markov regime-switching model
specifications and reported that for the Swiss security market
index monthly returns, the market movement is optimally
tracked by time-varying first and second moments, including
a memory effect. Constantinou et al. [28] use two-state
Markov switching model combined with artificial neural
networks to predict returns in Cyprus stock markets.
Alvarez-Plata and Schrooten [29] analyze the currency crisis
in Argentina in 2002 using Markov switching model. They
conclude that the crisis, although associated with weak
fundamentals, cannot be explained by the macroeconomic
factors alone. Estimating a Markov-switching model shows
that shifts in agents' beliefs also play a crucial role.
In the paper, the empirical results are presented in a
comparative perspective to show if the transition probablities
coincide in the same time periods. In other words, the paper
includes a volatility spillover and co-movements analysis for
the markets since 2004. The volatility spillover and comovements in the international markets have been examined
with different methodology and financial data in the
literature. Dissimilarities among the financial markets can be
used as a natural hedging technique in international portfolio
investments. For example, Butler and Joaquin [30]
empirically show how the change in co-movement of
financial markets influences the performance of a diversified
portfolio without dynamic rebalancing. The empirical works,
in general, are based on the international asset pricing model
of Solnik [31] underlying the international factors in pricing
risk stock markets [32-34].
Frankel and Roubini [35], Goeij and Marquering [36],
Dailami, Masson and Padou [37] investigate the effects of
the volatility in the US markets onto the emerging markets
and conclude that there is an evidence of negative
correlation between the US financial markets and developing
markets implying opportunities and dynamics for enhanced
return through diversification in global portfolio investments
though Ozun et al. [38] empirically show that the world
markets have started to show volatility spillovers recently by
employing the cross-border and multi-markets analysis.
Previously, the empirical papers concentrated on cross
country transmissions for a single financial asset group. For
example, Cerra and Saxena [39] and Dungey and Martin
[40] analyze the exchange rate markets, Forges and Rigobon
[41] examine stock markets; and Favero and Giavazzi [42]
and Dungey et al. [43] investigate the interest rate markets.
Recently, different markets across borders have been
examined emphasizing the crisis economies, i.e. Asian crisis
[44-45]. In that sense, this research paper has its originality
in presenting a multi market cross-country analysis of
regime switching emphasizing the role of the weak dollar in
those transitions in a comparative perspective.

2. The Two-State Time-Varying Regime Switching
Model
The Hamilton MS–AR model of the US business cycle has
been used as a proper methodology for characterizing
macroeconomic fluctuations in empirical research [46]. The
model is employed to model the “stable” and “volatile”
regimes in the developing financial markets.
Markov switching models enable the influence of
explanatory variables to be state-dependent. The model
enhances traditional performance measures by allowing an
assessment of the investment strategy to dynamic factor
exposure through time. Within a two-regime model, the
regimes can be expressed in Equation (1).

  X (t )  b1 , S (t )  1,
 X (t )  b 2, S (t )  0.

Y (t) = 

(1)

In the equation, S (t) is the state variable, which changes
through time and cannot be observed by market participants.
The regime 0 means the markets are in stability with low
volatility while the regime 1 underlines the fact that the
markets are in turbulences under high volatility. S (t) is
determined by Markov chain as displayed in Equation (2).
P (St+1 = j| St = i) = pji

(2)

Taylor [15] describes the distribution for the volatility of
σ for period t as in Equation (3).
σ = (σL with probability p ; σH with probability p-1)

(3)

In the equation (3), L denotes stable regime with low
volatility while H refers highly volatile state. Assuming time
independent transition probabilities, the probability of a
regime change only depends on the latest state when the
volatility is a Markov process. We continue to follow Taylor
[15] to explain the two-state model, in general.
P (σt = σH | σt-1 = σL)

(4)

denotes the probability of volatile shifts (P LH). On the other
hand,
P (σt = σL | σt-1 = σH)
does the probability of shift from volatility to stability
(PHL).

(5)

The return for period t is expressed in Equation (6),
R t = u + σt u t

(6)

where u is a constant and u t is independent and identically
distributed as N (0,1). In the model, the processes { σt } and
{ ut } are stochastically independent. Returns have
distribution N (u, σL2 ) under stable regime, and distribution
N (u, σH2 ) under volatile regime [47]. On the other hand, as
the Markov chain is assumed to be unobservable, none can
be sure about the regime [3]. Regimes set up in this way are
crucial for estimating the probability of high volatility in the
future [46].
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benefited from the hot money inflows due to its high real
yields for five years as a result of recovery after 2001 crisis.
Furthermore, the official candidateship of Turkey into the
EU in December 2004 has been created a stability and
progress in the economy in general.

3. Historical Figures on Financial Markets in Emerging
Economies
In this part, we introduce the time series data used in the
analysis and present descriptive statistics of those time
series. Daily historical values of the log-returns of financial
variables are used. Descriptive statistics of the financial time
series are displayed on Table 1. The remarkable statistics are
that the credit default spreads have relatively higher standard
deviations, and skewness and kurtosis of the time series are
high in general.

Table 2. Regime Properties of the Markets

Table 1. Descriptive Statistics of the Financial Time Series

On the other hand, Brazilian and Mexican markets
follow similar patterns in general. However, Brazil CDS
market is volatile compared to others. From the evidence it
is possible to conclude that the CDS markets in Latin
American economies are volatile while the currency and
equity markets are relatively more stable. On the contrary,
duration of the Korean CDS market in regime 1 is higher
than all the emerging markets suggesting the market is more
stable and liquid. However, the discrepancy between the
Korean CDS market and stock exchange and the currency is
evident as those markets seem to be highly volatile. In the
South Africa it is shown that the stock market is generally
turbulent as well.
Table 3 presents matrix of regime transition probabilities
in the financial markets. In parallel to regime probabilities in
the markets, the most stable economy seems to be Turkey.
Mexico and Brazil follow similar patterns as usual. The
probability of transition from stable to volatile regime is
relatively high in Korean currency markets, Mexican and
Brazilian CDS markets and South African equity markets.
From the empirical results, we can argue that during the
increasing volatility and weakening US dollar periods, the
world stock markets, except for the South Africa, are stable.
In theory, it is conceivable that the weak dollar creates an
upward trend on the stock markets as the supply of dollars
into other markets result in inflows in those markets.

Abbreviations in Table 1 as follows:
ISE: Istanbul Stock Exchange National 100 Index, TRY:
Turkish currency against US dollar, TR CDS: 5 years CDS
of Turkey, BOVESPA: Bovespa Brazilian Stock Exchange
Index, BRL: Brazilian currency against US dollar, BR CDS:
5 years CDS of Brazil, BOLSA: Mexican Stock Exchange
Index, MXN: Mexican currency against US dollar, MEX
CDS: 5 years CDS of Mexica KOSPI: Korean Stock
Exchange Index, KRW: Korean currency against US dollar,
KR CDS: 5 years CDS of Korea, JSE: FTSE/JSE South
African Stock Index, ZAR: South African currency against
US dollar, SA CDS: 5 years CDS of South Africa, DOLLAR
TWI: Dollar Trade Weight Index DJIA: Dow Jones
Industrial Average.

4. Empirical Discussions
In the empirical analysis, the main idea has been to display
the regime properties and transition probabilities of the submarkets within the selected emerging economies and also
compare time of the transitions among the markets. The US
dollar index and Dow Jones Industrial Average are used as a
benchmark to compare the regime properties and transitions
between the emerging and the US economies. It is assumed
to have an impact on the emerging market countries in times
of jumps in volatility.
In order to check if there is a concurrency between a
jump in the US stock exchange, Dollar trade weighted index
and the emerging markets a Markov chain analysis is carried
out and the correlation between jumps is calculated
afterwards.
From Table 2, number of observations, probability, and
duration of each regime since 2004 is observed. First of all,
we can argue that the US dollar has a volatile characteristic
as compared to that of the US stock markets. Among the
emerging markets, on the other hand, it might not be
misleading to argue that Turkish markets including both
stock market (the ISE), FX market (TRY) and credit markets
(CDS) are relatively stable which might be due to the fact
that the foreign money flows into the economy has been
relatively high in this period. In fact, Turkish economy has

Table 3. Matrix of Transition Probabilities

One of the discussions to be raised here is that besides
the regime properties, the probability of transition from one
state to another. In that respect, we can observe that for the
Turkish markets, including stock exchange, Turkish lira and
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CDS markets, the probability of switching regime is
relatively low. However, whenever a regime is changed the
likelihood of staying in that regime is ranging from %24,76
to %45,24. For the Brazilian financial markets, the need to
make a distinction appears. For the Brazilian CDS market,
the regime transition probability is %21.07, which seems to
be high compared to others. This might be occurring due to
the fact that the investors use CDS as a hedge of other
markets besides their proprietary CDS positions.
Furthermore, whenever there is a regime switch, the
probability of going to earlier state is quite low, which is
around 28%. These findings are different than the currency
and stock markets of Brazil; where the regime switching
probabilities are low and the probability of going back to the
earlier regime is high. The evidence for the Mexican markets
suggest that transition probability is low in stock markets
and currency and higher for CDS markets as in Brazil.
However in Mexico case, for the stock exchange the
probability of staying in regime 2 is higher which suggests
that the volatilities are persistent rather than temporary in
Bolsa. On the Korean market front, the CDS market is more
stable. Kospi and Korean Won are more volatile and have a
higher probability of regime switching. In South African
markets, the stock markets seem to be more volatile and
higher probability of staying in regime 2. Dollar trade
weighted index has a higher transition probability compared
to Dow Jones and seems to be more persistent. These
observations seem to indicate that the transition probabilities
differ according to countries and markets.
For the international portfolio management, the crucial
empirical discussion is whether the regime switches coincide
among different financial markets. In Table 4, we tried to
elaborate if there is a relation between those jumps for those
markets empirically.

regime 2 duration is 3,77 days. For the Johannesburg stock
exchange regime 1 duration is 4,13 days and regime 2
duration 2,85 days. Dollar trade weighted index stays 3,58
days in regime 1 and 2,84 days in regime 2, which also
implies that the volatility is higher in the observed periods.
On the other hand, concurrencies of regime transitions
among the emerging stock markets are worth pointing out.
Besides the stock markets, there are parallel movements
between the Latin American and Turkish CDS markets due
to an integration of those markets and benchmarking
matters. Also it should be underlined that there is a
remarkable empirical finding about the Turkish markets in
that Turkey has one of the volatile financial markets,
however in the Latin American markets which are
investment grade levels mostly coincide. Under the light of
those empirical findings, due to increasing globalization, it
can be argued that portfolio diversification in the
international markets is not possible unless one invests in an
economy with a special history, like Turkey.

5. Concluding Remarks
Globalization in the world economy has been created
dependency in financial markets. In addition, the weak
dollar since 2004 has had crucial effects in the financial
markets, especially in the emerging markets. Carry trade
opportunities have encouraged the global funds aiming at
earning risky money to invest in the emerging markets. In
the emerging markets, on the other hand, hot money flows,
political and macroeconomic instability, changes in
regulations might create sudden regime shifts with high
volatility.
In this study, we aim at examining whether the jumps
between different emerging markets are correlated and if
they are observable; in addition, showing if there is a
connection between those jumps and the US financial
markets. The two-stage Markov switching model is used for
the empirical analysis.
The research results show that the regime shifts in the
financial market in emerging economies occur in mostly
similar periods. Those periods coincide with the regime
shifts with those in the US exchange rate and stock markets.
Especially Turkish, Brazilian and Mexican stock markets
display similar patterns in regime switches. Turkey is a
special case in the analysis in that she is the less volatile
market during the examined period. Due to probably her
story about the European Union candidateship officially
announced in December 2004, Turkish markets move in a
growing and stable direction.
The empirical evidence underlines the important strategy
in the global financial markets, which is that risk
diversification in the international portfolio investments, is
only possible if the investors can find special stories in the
markets. Otherwise, the crises in the financial markets
coincide in the same periods and risk diversification is not
possible by just investing in different geographies. The next
papers might concentrate on the time-scale of the regime
switches in the markets by employing wavelets or Fourier
analysis.

Table 4. Correlation in Timing of Regime Switches Among
the Markets

First of all, the regime switches in the US dollar do not
coincide with the switches in other markets, which might be
due to a lag effect due to portfolio readjustment periods. On
the other hand, the timing of regime switches in DJIA
matches with those in the Latin American equity markets.
On that point, it is most probable that there is a lag between
the US markets and the rest of the world except from the
Latin America due to time differences in the world.
When the duration for regime 2 periods are compared,
the jump likelihood is highest for Mexican stock market
where it stays 2,86 days in regime 2 and 3,88 days in regime
1 only. For the Mexican CDS the regime 1 duration is 4,42
days and 3.64 days for regime 2. For the Korean stock
exchange regime 1 duration is 4,18 days and 2,92 days and
for the Korean Won regime 1 duration is 3,33 days and
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