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Foreign exchange rate is important as it determines a country's
economic condition. It is used to carry out transfers of purchasing
power between two or more countries. Volatility in exchange rates
may result in difficulty in decision making especially, in financial
sectors as high volatility could increase the risk in exchange rates.
Thus, Markov switching model is employed in this study as it is
believed to be efficient in handling not only volatilility but also
nonlinearity characteristics in exchange rates. The aims of this study
are to model the foreign exchange rates using two models; Markov
Switching (M-S) models and Markov Switching Generalized
Autoregressive Conditional Heteroscedasticity (M-S GARCH) and to
compare these two models based on log-likelihood, AIC and BIC
criteria. This study used the quarterly data of foreign exchange rates
for Singapore Dollar (SGD), Korean Won (KRW), China Yuan
Renminbi (CNY), Japanese Yen (JPY) and the US Dollar (USD)
against Malaysia Ringgit (MYR) which were collected from Quarter
4, 2006 to Quarter 1, 2018. The findings indicate that Markov
Switching is the best model since it has the highest log-likelihood
value, and the lowest AIC and BIC values. The results show that JPY
and SGD have highly persistent trends on regime 1 with probability
values 0.96 and 0.84, respectively as compared to CNY, KRW and
USD, while the latter have high persistent trends on regime 2 with
probability values, 0.99, 0.95, 0.82, respectively.
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1. INTRODUCTION

The Asian financial crisis began in Thailand in July 1997 due to the fall of the Thai Baht.
This happens because the Thai government lowers its currency value against the US dollar. With respect to a
few months of speculative stress that has abolished the official foreign exchange reserves of Thailand,
it marked the beginning of a severe financial crisis in most of the East Asian region. Malaysia, the Philippines,
and Indonesia also allowed their currencies to weaken significantly in facing market pressures, with Indonesia
gradually falling into diverse financial and political crises. The severe stabilize pressure in South Korea brings
the country to the default threshold. The crisis was triggered by four major issues that began with dramatic
currency and equity declines in Thailand, Indonesia, South Korea and other Asian countries due to lack of
foreign exchange [1, 2]. This is followed by inefficiencies in developing effective mechanisms for allocating
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capital in unstable Asian economies. The third issue was the international crisis between the United States and
other countries. The role and operation issues of the International Monetary Fund (IMF), as well as the issue of
raising funds to the countries involved, was the last major issue. The first round occurred during the
undervalued of the Thai Baht, the Malaysian Ringgit, the Philippine Peso, and the Indonesian Rupiah. However,
after the currencies re-stabilize, the second round began when the Taiwanese Dollar, South Korean Won,
Singapore Dollar, and Hong Kong Dollar were severely forced down. During this period, the Malaysian
government was able to curb their currency by taking drastic initiatives to sell their foreign exchange reserves
and raise the interest rates. This has slower down the economic growth and create more attractive securities than
equity. There are several models being used in studying the behavior of financial variation inclusive of the
exchange rate behaviors [3, 4]. For example, modelling the KLCI stock market using two models; Stochastic
Volatility (SV) and Generalized Auto-Regressive Conditional Heteroscedasticity (GARCH) [5].

Early study on the exchange rate behavior by using Markov switching model was conducted by
[6, 7]. They proved that the Markov switching model was a good estimation model for the limited data and
they used quarterly data of exchange rate. [8] ran a study on Markov Switching model to describe the
behavior of eighteen exchange rates and the results showed that the Markov switching model was a sufficient
model to predict the exchange rates. Unfortunately, the model does not produce the best prediction for a
random walk. On the other hand, [9] conducted another study to observe the behavior of European Monetary
System exchange rates, also by employing the Markov switching model and the exchange rate was volatile.
Later, [10] studied the daily exchange rate of three countries against the US dollar by using the Markov
switching model. The study concluded that the data were well estimated by the model, however, the out of
sample forecast was very poor due to the parameter inconstancy. In addition, [11] examined the ability of the
switching regime model to capture the dynamics of foreign exchange rates. The tests showed that the model
shifts regimes with independent shifts in mean and variance showing a good fit and accurate forecast
variance as compared to other models, eventhough the option price did not demonstrate regime change
[12, 13] proved that the 2-state Markov switching AR (1) model outperformed two competing models where
the real exchange rate was non stationary. They also found out that the existence of different regimes, as in
the Markov switching model, was in line with unit roots in real exchange rates. This study was supported by
[14], where they employed the Markov switching model to capture three regime shifts in the Malaysian
exchange rates against four countries, from the year 1990 to 2005. They concluded that the Markov Shifting
model successfully captured the time regime in four series. The results were also supported by [15]. Note that
there are other types of Markov regime switching model such MRS-GARCH-N, MRS-GARCH-t and MRS-
GARCH-GED for a more thorough comparison by incorporating the presence of outliers in the models [16,17].

In contrast, [18] and [19] introduced the Markov Regime Switching ARCH (MRSARCH) model
that combines the Markov Switching models [20, 21] with the ARCH specification. The MRSARCH model
is designed to capture regime change in uncertainty with unobserve state variables after the first Markov
Chain order process. Parameters in the ARCH process are allowed to change with respect to different
countries. ARCH specifications were used to deal with infinite path dependencies. [22] developed new
function of GARCH, fGARCH(1,1) model, by incorporating strictly stationary condition in the model.
Current research that discussed on Markov switching models in exchange rates can be found in [23, 24] in
which, a comparison between Markov switching and random walk were made in [25]. The findings showed
that allowing more regimes can improve forecasting with the former model, though, random walk
outperformed the model. The rest of the paper is structured as follows: Section 2 briefly reviews on the
Markov switching and Markov switching GARCH models. Section 3 presents the empirical results with the
comparisons of both models and Section 4 concludes the paper.

2. RESEARCH METHOD

This study employed the quarterly closed price data of foreign exchange rates for China Yuan
Renminbi (CNY), US Dollar (USD), Japanese Yen (JPY), Singapore Dollar (SGD) and Korean Won (KRW)
which are collected from Quarter 4, 2006 to Quarter 1, 2018. Data were extracted from the Bloomberg

terminal. The exchange rate is converted into return series using y, = 100 x [In (1;) — In (1._,)], where I
denotes the quarterly exchange rates.

2.1. Markov switching model

The Markov switching model is one type of regime switching model that is typically applied on data
sets to capture non-linearity in the data generating process as such that the model can capture the asymmetric
behaviour of the data across different regime or subsamples. The model was introduced by [18] in which the
models represent the dynamic pattern of exchange rates as an unobservable state-dependent process. The
standard k-state Markov switching model can be written as:
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Y = p(St) + O-(St) & with St’\lN(o,l) (1)
such that,
{Iul + UIErEF st =1
e+ oo Eif st = 2

Vi = (2
where y; denotes the change of log in exchange rate returns, at period t and the sample mean, p and sample
variance, o are ruled by an unobserved state variable, St € {1,2,....k}, where S; = k denotes a period of being
in state k, €.is the white noise error term. The evolution of the state variable from one regime to another
regimes depends upon the transitional probabilities, where Regime 1 or s; = 1 is a period of downtrend of
exchange rates associated with a negative mean change, and Regime 2 or s; = 2 is a period of uptrend of
exchange rates corresponding to a positive mean change. In this study, k = 2 is used and the state variable of
S; will follow the ergodic first order Markov process as:

B = Pr(§=]1 S =) Vij = 12 P = 1 ©)

where the Pj; = Pr (St = j | St.1 = i) denotes the probability that the process is in state j at time t given that it
had been in state i at the previous period, and Y j p;j = 1. The transition probabilities in matrix P can be
presented as follows:

P(St = 1|St—1 = 1) P(St |St—1

2 1]_ [ Py 1—Pu]
polP(St =1|St—1=2) P& =2|5t—1 -

2) 1-P, P

Note that Pi1 + P, =1 and Py + Py, =1, where

P11 = The probability of the downtrend of exchange rates remain unchanged

P12 = The probability of the downtrend of exchange rates shifting to the uptrend of exchange rates
P,1 = The probability of the uptrend of exchange rates shifting to the downtrend of exchange rates
P2, = The probability of the uptrend of exchange rates remain unchanged

For the case of two regimes, the process h periods later will be in regime 1 with probability m;= Pr (S; = 1]
WYt) and regime 2 with probability 7= Pr (S; = 2| Wt), whereas 7; and 7, are stable-state probabilities with
time variants.

2.2. The smoothed and filtered probabilities for Markov switching

Using Fea1 o {1 Y21} we calculated the smoothed probabilities:
P [s; = jl¥;] = E-E:;np (5t =j.5p-y =i |g"r!']

Ploeay=k|®r] PlSe=j ¥ 17 [See=k|5e=]]

T3 ——
CH P lsey=klw] for t=T-1, T-2,..., 1 )

In addition, P [s7|¥r] in the last iteration of filter is calculated.

2.3. The Markov switching GARCH model
In general, the Markov switching GARCH model can be written as:
re”)  wrR,
gl FED wR(-RY -
where f (.) represent possible conditional distribution such as normal, student’s t or generalized normal

H .
distribution, *is denoted as vector of parameters in the i-th regime with distribution Py = Pr [S;=1 |Q1 ],
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and is also known as the ex-ante probability and Qt-1 is the information set at time t-1. The vector of time-
varying parameters can be decomposed into three components as:

(o [

8" =(u A

(0
e e Ve

) (6)
ul? i i e (rl0,_, ), i i
where, #t is the conditional mean, *t = Var “'t'““t-1 < s the conditional variance,

and vfi) = the shape parameter of the conditional distribution. Markov switching GARCH consists of four
elements; conditional mean, conditional variance, regime process and conditional distribution.
The conditional mean equation can be modelled simply as constant mean, AR (1) and AR (2) components:
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where,i = the regime (i=1o0r2), * © N T = azero mean, unit variance process.
The conditional variance of the model can be expressed as:
m_ (D

(o Lo (0
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®)
where h(t-1) is a state-independent average of past conditional variance which is infeasible. The conditional
variance depends on the observable Qt-1, the current regime S; which determines all the parameters, and also
on all past states, Si; The probabilities on Markov switching GARCH can be calculated as:

pijPrize=f| 5e-1]
Ppr = Pr(St =j | St+1= i, Ge- '-) = Pri2esq=i| Se-1)

Pji Pj.t
—JiTit 9
Pit+1 ©)

2.4. Transition probabilities for Markov switching GARCH

The main feature of this model is the ability for some or all parameters of the model to switch across
different regimes, controlled by a state variable, S;. The state variable is assumed to progress according to a first-
order Markov chain process, with transition probability, Pr (S; = j|S.; = i) = P;;, This transition probability indicates
the probability of switching from state i at time ¢z — 1 to state j at t. All probabilities are grouped together into a
transition matrix. In this study, two regimes are considered and the matrix can be presented as follows:

1?']_[ Py 1‘-”11]
?_ﬂl B 1_-'9:: P_-:

R 2

P(St
plP(St = 1]8t-1 =

=2|%-1
=2|58-1

n
—
¥
]
o
1]
_l._n [y
=)
e
@y
|

This yield,
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The unconditional probability of being in state S;= 1 is given by mn; = (1-9)/(2-p-q).

In this study, the parameters of both models were estimated using Maximum Likelihood (MLE). The
best model was selected based on two specification measures, log-likelihood values (Log L), Akaike
Information Criteria (AIC) and Bayesian Information Criteria (BIC) criteria.

3. RESULTS AND ANALYSIS

Tables 1 and 2 show the parameter estimates for CNY, JPY, KRW, SGD and the USD against
MYR, respectively, using the M-S and M-S GARCH models. All estimated coefficients are statistically
significant at conventional significant levels.
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Table 1. Parameter estimates for Markov switching model

Currencies CNYMYR JPNMYR KRWMYR SGDMYR USDMYR
Regime 1 2 1 2 1 2 1 2 1 2
Estimate -0.206 -0.572 2.378 -9.606 -0.743 0.446 0.4616 0.596 0.299 -0.111
Std error 0.527 0.851 1.333 1.612 1.116 1.100 0.3399 0.642 0.902 0.458
t-value -0.390 -0.673 1.784 -5.960 -0.666 0.405 1.3580 0.928 0.332 -0.243
Pr(>ft)) 0.697 0.501 0.074 0.000 0.506 0.685 0.175 0.353 0.740 0.808
return_1:

Estimate -0.122 1.104 0.057 0.877 -0.199 0.372 -0.116 2.078 1.341 -0.128

Std error 0.099 0.348 0.170 0.360 0.077 0.238 0.104 0.394 0.361 0.076
t-value -1.22 3.173 0.335 2.437 -2.575 1.563 -1.108 5.270 3.711 -1.677
Pr(>ft)) 0.221 0.001 0.738 0.015 0.010 0.118 0.268 0.000 0.000 0.10

Regime
Transition
Probabilities: 1 2 1 2 ! 2 ! 2 ! 2

Regime 1 0.0001 0.9999 0.5971 0.4029 0.0535 0.9465 0.5870 0.4130 0.1807 0.8193
Regime 2 0.8006 0.1994 0.9628 0.0372 0.4214 0.5786  0.8488 0.1512 1.0000 0.0000
Stable

Probabilities

Regime 1(n1) 0.4447 0.7050 0.3081 0.6727 0.5497
Regime 2(n2) 0.5553 0.2950 0.6919 0.3273 0.4503
Expected 1.80 2.25 3.39 1.42 1.45 3.25 3.06 1.49 2.22 1.82
Duration
AIC 239.4522 287.6464 264.2710 190.1288 247.6312
BIC 261.9055 310.0997 286.7243 212.5821 270.0845
Log Lik -115.7261 -139.8232 -128.1355 -91.06439 -119.8156
Table 2. Parameter estimates for Markov switching GARCH model
Currencies CNY/MYR JPN/MYR KRW/MYR SGD/MYR USD/MYR
Regime Regime  Regime  Regime Regime  Regime  Regime Regime Regime  Regime
1 2 1 2 1 2 1 2 1 2
alpha0_1

Estimate 4.03990 4.0406 15.2528 15.2536 8.002 8.002 25731 25731 3.7200 3.7200

Std Error 1.04150 0.3976 89.1396  84.647 30.0181 23,5777  0.1853 0.6898 0.7074 0.7722

t-value 3.87890 10.1635 0.1711 0.1802 0.2666 0.3394  13.8857 3.7303 5.2591 48173
Pr(>lt)) 0.00005 0.000 0.4321 0.4285 0.3949 0.3672 0.000 0.000 0.000 0.000

alphal_1

Estimate 0.23310 0.2331 0.0001 0.0001 0.0003 0.0003 0.5221 0.5221 0.1927 0.1927

Std Error 0.02610 0.0186 0.0013 0.0008 0.0062 0.0043 0.1052 0.2431 0.0170 0.0177

t-value 8.94530 12.5270 0.0551 0.0845 0.0520 0.0751 4.9609 2.1475 11.3252 10.8791
Pr(>[t]) 0.000 0.000 0.4780 0.4663 0.4793 0.4701 0.000 0.01588 0.000 0.000
beta_1

Estimate 0.48080 0.48080 0.5849 0.5849 0.6037 0.6037 0.1131 0.1131 0.6089 0.6089

Std Error 0.03540 0.0186 2.4237 2.3029 1.4845 1.1662 0.0189 0.0315 0.0180 0.0196

t-value 13.58760  25.8356 0.2413 0.2540 0.4067 0.5177 5.9693 3.5925 33.7533  31.1167

Pr(>lt)) 0.000 0.000 0.4046 0.3998 0.3421 0.3023 0.000 0.000 0.000 0.000
P11

Estimate 0.7894 0.8114 0.8542 0.9595 0.9694

Std Error 0.0044 1.5335 1.8497 0.0536 0.0032

t-value 180.218 0.5291 0.4618 17.8917 305.9843
Pr(>1t]) <le-16 0.2984 0.3221 <le-16 <le-16
P21

Estimate 0.0464 0.0690 0.0769 0.194 0.0352

Std Error 0.0165 4.0715 3.4497 0.0133 0.0028

t-value 2.8210 0.0169 0.0223 14.5665 12.7424
Pr(>1t]) 0.0024 0.4932 0.4911 <le-16 <le-16

Transition

matrix

Regime 1 0.7894 0.2106 0.8114 0.1886 0.8542 0.1458 0.9595 0.0405 0.9694 0.0306

Regime 2 0.0464 0.9536 0.0690 0.9310 0.0769 0.9231 0.1940 0.8060 0.0352 0.9648
Stab]g . 0.1806 0.8194 0.2678 0.7322 0.3452 0.6548 0.8274 0.1726 0.5352 0.4648

Probabilities

%’fﬁiﬁfg 12200 55400 13700 3.7300 15300 29000 57900 12100 21500  1.8700
AIC 259.298 305.8913 278.9823 214.5297 271.0781
BIC 273.9271 320.5204 293.6114 229.1588 285.7073

LogLik -121.649 -144.9457 -131.4911 -99.2648 -127.5391
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From Table 1, the transition probabilities explain on persistency of each regime. It is shown that,
CNY/MYR has high persistence on Regime 2, with a probability value equals 0.999, indicating that when the
process is in Regime 1, there is very high probability that it switches to Regime 2, {p (St = 2|St-1 = 1)} by
almost 100%. The average duration of two regimes are 1.80 and 2.25 months. The stable probabilities of
Regime 1, 1 and Regime 2, n2 are 0.4447 and 0.5553, respectively. The same goes for KRW/MYR, where
the transition probabilities recommend Regime 2 as highly persistent. When the process is in Regime 1, there
is a high probability that it switches to Regime 2 by 0.9645. The average duration of two regimes are 1.45
and 3.25 months. The stable probabilities of Regime 1(n1) = 0.3081 and Regime 2 (n1) = 0.6919. This is
followed by USD/MYR, in which the switch from Regime 1 to Regime 2, is also highly persistent with
probability value of 0.8193. The average duration of two regimes were 2.22 and 1.82 months. The stable
probabilities of Regime 1(nl) = 0.5497 and Regime 2 (n1) = 0.4503. In contrast, the transition probabilities
of JPY/MYR and SGD/MYR show low persistent for Regime 2. The probability that both currencies switch
to Regime 2 are very low, by 0.4029 and 0.4130, respectively. For JPY/MYR, the average duration of two
regimes is 3.39 and 1.42 months. The stable probabilities of Regimes 1 and 2 are 0.7050 and 0.2950,
respectively. In addition, SGD/MYR’s average duration of two regimes is 3.06 and 1.49 months. The stable
probabilities of Regimes 1 and 2 are 0.6727 and 0.3273, respectively.

From Table 2, the transition probabilities for all CNY/MYR, JPN/MYR, KRW/MYR, SGD/MYR
and USD/MYR show high persistent for Regime 1. The highest probability is for USD/MYR and SGD/MYR
by the values of 0.9694 and 0.9595, respectively. This is followed by KRW/MYR and JPN/MYR with
probabilities of 0.8542 and 0.8114, respectively. The lowest is CNY/MYR with a probability value of
0.7894. The results indicate that all parameter estimates are significant except for JPY/MYR. The best model
in this study is Markov switching due to its lowest AIC and BIC values, and the highest log-likelihood values
as compared to Markov switching GARCH.

4. CONCLUSION

The aim of this paper is to model the foreign exchange rates and its returns for five different currencies
against the Malaysian Ringgit using two models, Markov switching and Markov switching GARCH. The
results show that the Markov switching model is better than Markov switching GARCH due to the lowest AIC
and BIC values and the highest log-likelihood value. The results indicate that based on Markov switching
model, each of CNY/MYR, KRW/MYR and USD/MYR is highly persistent in Regime 2. On contrary,
JPY/MYR and SGD/MYR, show high persistency in Regime 1. This study can be extended further by
considering other factors such as interest rate, inflation rate, current-account deficits, public debt, political
stability and economic performance within a regime-switching framework. Moreover, it is recommended to
employ other types of Markov regime switching model such MRS-GARCH-N, MRS-GARCH-t and MRS-
GARCH-GED for a more thorough comparison by incorporating the presence of outliers in the models.
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