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Introduction
The volatility of financial assets' returns,
such as stock indexes and exchange rates, is
often perceived as a measure of the security
risk based on the fluctuations of those returns.
Also, it is believed that volatility could also be
used to examine government interventions in
the financial markets (Goyal 2017). In addition, with regard to volatility, for some people,
is important to look at the existence of exchange rate overshooting (an effect caused by
people overreacting to monetary policy). This
volatility is defined by Abdalla and Winker
(2012) as a statistical measure of the dispersion of returns for a given security or market
index which can be measured by the square
root of return's variance. Numerous theoretical and empirical studies have shown that
higher exchange rate volatility leads to higher
costs for risk averse traders.
Because the volatility is considered to be
an important concept in the field of economics and financial applications, various models
have been developed to measure volatility, including the seminal paper by Engle (1982).
Engle (1982) studied the Autoregressive Conditional Heteroscedastic (ARCH) model and
Bollerslev (1986) extended the work to the
Generalized ARCH (GARCH) model. Their
models define the time-varying squared-volatility as a deterministic function of lagged conditional squared-volatility and past squarederror. A model which is more flexible and allows a more natural economic interpretation
than GARCH model is the Stochastic Volatility (SV) model introduced by Taylor (1982).
The SV model defines volatility as a logarithmic first order autoregressive process.
Several studies find that the returns series usually exhibit a leptokurtic distribution
(i.e. heavy-tails with high kurtosis distributions)
and the returns volatility exhibits an asymmet166

ric effect (i.e. correlation between the return
errors and volatility errors). Recently, the conditional distribution of the returns has been
extended to the asymmetric distributions such
as non-central Student-t, symmetric or skewed
Student-t, Generalized Error Distribution
(GED), and mixtures of normals. Nugroho
and Morimoto (2014, 2016) provided statistical evidence supporting the incorporation of
skewed Student-t into the stock data returns
error. Meanwhile, two documented theories
attempting to explain the asymmetric effect
are Black (1976) and Low (2004). In the context of the SV models, the asymmetric effect
was introduced by Taylor (1994) and Harvey
and Shephard (1996) by incorporating the fact
that volatility responds asymmetrically to past
returns for differents signs, meaning that volatility is higher after negative shocks than after
positive shocks of a similar size.
Over the last decade, there is competition between several currencies, including the
US dollar and Euro, where they attempt to be
the prime anchor currency (Eichengreen
2005). At the same time, United Nations (UN)
has a desire to replace the US dollar as the
global currency (Conway 2009). This fact has
raised a question for many countries as to
whether they should replace the US dollar as
an anchor currency in the future or not. Also,
this might be seen as the time for any other
emerging reserve currencies, for instance the
Australian dollar and Yuan to be the next leading currencies. However, it is believed that, for
the foreseeable future, the US dollar will still
be the main anchor currency (Eichengreen
2005). This debatable situation has increased
interest in research into this.
Accordingly, the purpose of this study
is to examine the ability of the univariate SV
models to capture the stylized facts mentioned
earlier in the Indonesian foreign market by
assuming that the return errors follow a gen-
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eralized Student-t distribution, the volatility
errors follow a normal distribution, and there
is a correlation between the errors in the returns and volatility. The paper contributes to
this literature in three aspects. First, currency
exchange data sets from Indonesia, not previously considered in the literature, are used,
especially in the SV context. On the empirical
level, several applications have been found for
developing the Indonesian market through the
GARCH models. For example, Sumiyana
(2007) studied the behavior of the daily returns' volatility on the Indonesian stock exchange market by using size, trading volume,
bid-ask spreads, and an up-down market. Recently, Saadah and Panjaitan (2016) indentified
the volatility of IPO share prices on the Indonesian stock exchange market during 20002013 through the GARCH model. Moreover,
Triady et al. (2016) investigated the presence
of a leverage effect by the Indonesian stock
market using the EGARCH model. On the
Indonesian foreign exchange market, Mukhlis
(2011), Saputri et al. (2016), and Salim et al.
(2016) investigated the behavior of exchange
rate volatilities for the US dollar (USD), Japanese yen (JPY), and Euro (EUR) data sets using the GARCH-type models. Recently,
Nugroho, Susanto and Pratama (2017) and
Nugroho and Susanto (2017) investigated the
daily exchange rates for the Indonesian rupiah
(IDR) on return volatility using APARCH(1,1)type models. Second, our study takes two nonnested generalized Student-t distributions to
the return errors' distribution and an asymmetric effect between volatility risk and asset
returns in the SV model. Comparisons of the
performance of the SV models have not yet
been made for the Indonesian foreign currency
exchange rate return series. Third, this study
evaluates whether anchoring to hard currencies is appropriate or not on the basis of volatility persistence. This is important because

there are several emerging hard currencies,
including the AUD and CNY.
Because the likelihood function of the
SV model is difficult to directly evaluate, many
procedures have been proposed. In this study,
authors apply a procedure from the Riemann
Manifold Hamiltonian Monte Carlo
(RMHMC) method within the Markov Chain
Monte Carlo (MCMC), based on the paper by
Nugroho and Morimoto (2015). T he
RMHMC method is a tool which can efficiently estimate the entire log volatility at once.
This study is organized as follows: The
methods section describes the scope of study
and variables, the data which is used in this
study, descriptive statistics of the returns, the
proposed models and their estimation by using MCMC, and the criteria for the model's
selection. The next section discusses the main
results of this study. The final section presents
the conclusions and future works.

Methods
To meet the objectives, authors set the
scope of this study, define the variables, and
describe the non-normality, no autocorrelation, and stationarity of the return series, which
are common assumptions in many time series
techniques. The data is then adapted to the
proposed model in order to achieve the objectives.

Scope of the Study and the
Variables
The main objective of this study is to
characterize a univariate SV model by its ability to capture important stylized facts (such as
the persistence of volatility, asymmetric effects,
heavy tails, and skewness) and to validate the
appropriateness of the anchor currency for
IDR exchange rates. The study uses daily fi-
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nancial time series data covering the period
from January 2010 to December 2015 -following the global financial crisis of 2008-2009excluding weekends and holidays. Authors
chose to pick 6 years of daily prices so that
authors have at least 1,000 trade days which
can describe clear and reliable time series as
suggested by the relevant literature [see, for

example, Harvey and Shephard (1996), Poon
(2005), Abdalla and Winker (2012)]. Considering that the calculation and result would be
more reliable and accurate, the model examined only one variable, the IDR exchange rate.
In terms of the volume of currency trading,
Indonesia experiences large foreign currency
transactions. Sadikin, the Director of PT Bank

Figure 1. Time Series Plots for Daily Exchange Rates of the Nine Currencies
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Figure 2. Time Series Plots for Percentage Daily Returns of the Nine Currencies
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Mandiri, stated that the foreign exchange market for Indonesia's transactions equals USD 2
billion to 3 billion per day (Kompas 2015).
The model's approach and the variable
are consistent with the literature's approach
to modeling a currency exchange rate. As
stated earlier, a thorough search of the rel-

evant literature did not find any extensive work
on IDR exchange rates in terms of the considered models as well as the method involved
in the analyses. A similar study has only been
undertaken by Tsiotas (2012) using a different
SKT distribution.
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Definition of the Variable and
Data Used for the Analysis
In finance, a foreign exchange rate between two currencies is how much one unit
of a currency can be exchanged for another
currency. In particular, the selling (buying) rate
is the rate at which money dealers will sell (buy)
foreign currency. The dealers usually quote a
currency pair in terms of buying/selling a currency. Here, the quotation X/Y means that
the dealer will receive X for selling one Y to
the client, or in other words, the client must
pay X to the dealer to buy one Y.
Many currencies are traded on the Indonesia foreign exchange market. In particular, this study uses daily data of nine foreign
currencies to the IDR, including the Australian dollar (AUD), Swiss franc (CHF), Chinese
yuan (CNY), EUR, British pound (GBP), Japanese yen (JPY), Malaysian ringgit (MYR),
Singapore dollar (SGD), and the USD. Notice that the EUR, CHF, GBP, JPY, and USD
are major currencies in the world's economy
in 2010 (Salvatore 2013). The AUD, MYR and
SGD currencies are included in the top five
IDR exchange rates as stated by XE (2017).
Moreover, the MYR currency has the highest
bid-ask spreads (the SGD having moderate
spreads) against the USD, EUR, JPY, higher
than other East Asian currencies (Moon 2007;
Ogawa and Shimizu 2009), while the AUD
could be used as an investment currency in a
carry trade regime (Kim 2015). The CNY is a
new currency that has been added to the existing IMF Special Drawing Rights (IMF 2016).
The data sets were downloaded from BI's
internet website (http://www.bi.go.id). Authors use the percentage of mean-corrected
and variance-scaled returns defined by
= 100 ×
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where Pt is the selling rate of foreign currency
at time t and s(Yt) is the sample standard deviation (SD) of Yt.

Descriptive Statistics of the Return
Series
Table 1 summarizes the descriptive statistics of the returns' data. Specifically, authors
report information on the minimum and maximum values and the three moments of the
returns. From the Jarque-Bera (JB normality)
test and the Ljung-Box (LB correlation test)
for 20 lags, all the observed returns are neither normally distributed nor serially correlated. Negative values for the skewness indicate that all the returns' distributions are left
skewed. The kurtosis value of all the returns
is significantly greater than that of a normal
distribution which is 3. Furthermore, the kurtosis and studentized range statistics (which is
the return range divided by the standard deviation) show that all the returns exhibit heavytailed behavior compared to the normal distribution. So, the skewness, kurtosis, and
studentized range suggest that the observed
returns' series should be analyzed under the
skewness and heavy-tailedness assumptions. In
our model, therefore, authors fit the generalized Student's t-distribution accommodating
flexible skewness and heavy-tailedness to the
returns' error distribution.

Testing of Stationarity
To assess whether the exchange rate and
its returns’ series have a unit root or are stationary, authors applied the Augmented
Dickey-Fuller (ADF) test from Dickey and
Fuller (1979). The results are reported in Table
2. Authors can see from the table, at all the

Mean
(×10-16)

-0.160

-0.002

0.395

0.046

0.377

-0.231

0.614

-0.002

-0.028

Data

IDR/AUD

IDR/CHF

IDR/CNY

IDR/EUR

IDR/GBP

IDR/JPY

IDR/MYR

IDR/SGD

IDR/USD

-6.366

-9.595

-6.536

-5.773

-5.505

-4.723

-6.556

-9.595

-7.432

Min.

5.931

6.666

5.991

4.695

4.936

4.546

6.356

6.666

4.680

Max.

-0.405

-0.442

-0.426

-0.149

-0.076

-0.075

-0.466

-0.442

-0.222

Skewness

9.471

13.484

9.769

6.304

5.126

4.734

10.103

13.484

6.740

Kurtosis

12

16

13

10

10

9

13

16

12

Studentized
Range

2612.1 (No)

6798.1 (No)

2858.9 (No)

675.8 (No)

278.9 (No)

186.1 (No)

3152.1 (No)

6798.1 (No)

871.1 (No)

JB Stat.
(normality)

14.2 (No)

29.4 (No)

15.8 (No)

11.3 (No)

15.9 (No)

15.0 (No)

14.9 (No)

29.4 (No)

20.3 (No)

LB stat.
(Autocorr.)

Table 1. Descriptive Statistics of Daily Returns of Nine Selling Exchange Rates During the Period from Januari 2010 to
December 2015
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Table 2. The Output of ADF Unit Root Test for the Exchange Rates and Their Returns
Series
ADF
IDR/

Stats.
AUD

CHF

CNY

EUR

GBP

JPY

MYR

SGD

USD

Rates

–1.90

–0.84

0.19

–0.87

–0.13

–2.50

–1.47

–0.45

0.87

Returns

–39.62

–37.53

–38.96

–36.58

–38.49

–39.21

–37.96

–36.45

–38.76

conventional levels of significance, the results
indicate that the ADF test fails to reject the
null hypothesis of a unit root for all rates' series, but allows for the rejection of the null
hypothesis for all the returns' series. Therefore, authors conclude that all the returns
might be considered as stationary series.

Model Specification and
Estimation Method
In order to achieve the objectives, authors developed the volatility model so it has
the following important statistical properties
of a financial time series (Cont 2007; Tsay
2010; Degiannakis and Floros 2015; Sekerke
2015):
• Correlation between an asset's return and
its changes of volatility. The negative correlation between asset’s returns and volatility is usually called an asymmetric or leverage effect phenomenon. This means that
volatility reacts differently to a large returns’
increase or decrease, i.e. negative returns increase volatility, whereas any positive in the
returns causes a decrease in volatility. Meanwhile, the positive correlation, usually called
the symmetric effect, means that positive
and negative returns have the same impact
on future volatility.
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• The unconditional distribution of financial
returns often exhibits skewness (asymmetry) or heavy-tails (positive excess kurtosis)
instead of symmetry and light tails implied
by normal distribution.
• Volatility clustering, i.e. high-volatility events
can be seen in certain time periods, whereas
low-volatility events occur in other periods.
The concept of volatility clustering is raised
by the phenomenon of volatility persistence.
In the SV context, it is indicated by positive
autocorrelation in the volatility. Volatility
persistence therefore indicates that future
volatility will be influenced by today's volatility. When the persistence of the volatility
is very high (close to 1), the volatility shocks
do not decay (i.e. there is a reversion to the
mean) quickly. Specifically, in the currency
market, if volatility is persistent then the
market is not efficient since the assimilation takes a long time (Laopodis 2005).
Hence the volatility’s persistence can be used
to identify the choice of anchor currency.
Therefore, authors consider two specifications of the SV model where the errors
of the return process have non-normal distribution and the model can capture the asymmetric behavior between returns and volatility. This is a class of the SV model with asymmetric effect and generalized Student-t distributions as described below.
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In the equity markets, asset returns are
known to have a correlation with their logarithms of conditional squared-volatilities. In
order to capture the correlation, an Asymmetric Stochastic Volatility (ASV) model is often
implemented. Authors therefore focus on the
ASV model which is defined by
1

= exp 2ℎ
ℎ +1 = + (ℎ − ) +
ℎ1 =

0,

( ,

ℎ

⎫
⎪
+1

2
ℎ

⎬ (1)
⎪
⎭

1− 2

+1 )

=

, +1~ (0,1) with represents the
where 
normal distribution. The model assumes that
the returns have no autocorrelation and allows
for possible correlation between the return and
volatility errors, which is indicated by . In the
above model, ht is the log return's variance, 
is the stationary mean of the log return's variance,  measures the degree of persistence
of the log return's variance, and h is the standard deviation of the log return's variance. In
this case, the log return’s variance is assumed
to follow a stationary AR(1) process with persistence parameter 0<<1. Using the same
approach as in Nugroho and Morimoto (2014,
2015, 2016), Model (1) can be rewritten in the
following form:
1

= exp 2ℎ
ℎ +1 =

+ (ℎ − ) +

ℎ1 =

0,
,

exp

1
−2ℎ

2

1− 2

+1

=0

+

+1

⎫
⎪
⎪
⎬
⎪
⎪
⎭

where h (1-h, and

t+1 (0,1).
In particular, a negative correlation between t and (t+1) (<0) induces an asymmet-

ric (leverage) effect. This effect implies asymmetry, as a negative return, increases the conditional volatility, while a positive return decreases the conditional volatility. In contrast
to the results from the equity markets, several
empirical studies have found that foreign exchange returns usually exhibit symmetric effect (>0), implying that past positive and
negative returns have the same effects on
today's volatility.
The ASV model is then extended to accommodate the flexible heavy-tailedness and
skewness in the conditional distribution of the
returns. In particular, authors assume that the
error of the return time series has either the
Non-Central Student-t (NCT) distribution or
the generalized hyperbolic Skew Student-t
(SKT) distribution (see Nugroho and
Morimoto (2014) for the explanation). Both
distributions are not nested but the distributions include the normal and Student-t distributions. Following Nugroho and Morimoto
(2014, 2016), the ASV model with NCT-errors distribution, called the ASV-NCT model,
has the following form for the return:
= exp

1
ℎ
2

( +

), ~

1 1
,
, ~ (0,1)
2 2
where  is the noncentrality parameter and
ℐ represents inverse gamma distribution.
Meanwhile, the ASV model with SKT-errors
distribution called the ASV-SKT model has
the following form for the return:
~ℐ

= exp

1
ℎ
2

−

−2

+

In this case, the parameters  and , respectively, express the measure of skewness and
degrees of freedom. When ,= 0, the above
models reduce to the ASV model with the Student-t distribution (hereafter, ASV-T model).
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Parameters  and  provide the measure of
the degree of misspecification of a hypothesized model.
The challenge when estimating the SV
model stems from the fact that the likelihood
function of the model is expressed by a high
dimensional integral which does not have a
closed-form solution due to the presence of a
latent volatility process. Hence various likelihood-based methods have been proposed to
analyse the SV models. In this study, authors
employ a full likelihood-based method for the
models’ estimations and inferences, using the
Bayesian MCMC.
The model parameters that authors have
to estimate are  =(, , , , , , ), and
latent log-volatility ht, for t =1, 2, .... Here, authors perform the Bayesian approach for parameter estimations by the MCMC algorithm.
As is well known, the Bayesian approach provides the following advantages (Lee and Song
2008):
(a) The precision of the parameter estimates
can be obtained with good prior information.
(b) As the sampling-based Bayesian methods
do not rely on the asymptotic theory, it
gives reliable statistical inferences even
with small sample sizes.
(c) It has similar optimal asymptotic properties as the maximum likelihood approach.
The Bayesian MCMC algorithm is implemented in two steps (Tan 2008). The first step
is to simulate a Markov chain for each unknown parameter converging to its conditional
posterior density after a sufficient number of
draws/iterations. In each iteration, the Markov
chain for each parameter is updated by using
the current value drawn for each of the other
parameters. In particular, this study applies the
RMHMC method, developed by Nugroho and
Morimoto (2014, 2015, 2016), to produce
174

Markov chains for the parameter that cannot
be drawn directly. The second step is to employ a Monte Carlo integration to compute
the posterior mean and the standard deviation
of the parameters on the basis of the draws
after the burn-in period.
Let R=(R1, R2,…,RT), h=(h1, h2,…,hT),
and z=(z1, z2,…,zT ) be the vectors of observations, log-volatility, and latent variables, respectively, f(R|.) denotes the likelihood function, p(h|.) denotes the conditional density
function of the log-volatility, p(z|) denotes
the density of z conditional on , and p( )
denotes the prior density of the para-meters.
With these notations and applying Bayes's
theorem, the posterior density over the parameters, log-volatility, and latent variables are
equal to the likelihood of observing the data
given a certain parameter setting multiplied by
the density functions, which is expressed by
p(,h,z|R)=f(R|.) × p(z|) × p(h|.) × p().
This study assumes the following prior
densities for the parameters of interest: Normal distribution for , , , , beta distribution for , inverse gamma distribution for 2,
and gamma distribution for . Drawing each
parameter (including log-volatility and latent
variables) from the joint posterior density of
the parameters is similar to the approach of
Nugroho and Morimoto (2014).
In summary, the drawing procedure is
as follows:
1. Initialize , h, z.
2. Draw , , 2, ,  directly from each posterior density.
3. Draw  from its posterior density using the
RMHMC algorithm.
4. Draw  from its posterior density using the
RMHMC algorithm.
5. Draw z from its posterior density using the
RMHMC algorithm.
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6. Draw h from its posterior density using the
RMHMC algorithm.
This study constructs the Markov chain
for each parameter by considering a chain of
size N = 15,000 and a burn-in period of N0=
5,000. This burn-in is employed to reduce the
risk of inferential bias caused by the effects
of the starting values (Andersson et al. 2000).
The remaining draws of N-N0= 10,000 are
then collected from the chain of each parameter as the posterior sample, and to carry out
all the parameter inference such as the posterior mean, standard deviation, credible interval, and efficiency sampler.

Model Selection Criterion
In order to compare all the competing
models, authors consider information criteria
on the basis of the likelihood ratio model
choice's criterion, such as the Bayes factor. This
well-know model comparison statistic is associated with the Bayesian approach and introduced by Kass and Raftery (1995). This criterion is very general and do not require nested
alternative models. For the investigation and
comprehensive review of the Bayes factor
consistency property, see Moreno et al. (2010)
and Wang and Maruyama (2016).
The Bayes factor is simply the ratio of
the marginal likelihood (marginal density) of
one model to the marginal likelihood of a competing model. Let M0 and M1 be the null and
given models, respectively, and m(D|Mk) denotes the marginal likelihood of the observed
data D with a sample size n under one of the
competing models Mk, k= 0,1. The Bayes factor of the model M1 with respect to the model
M0 is given by
BF10 =

(D|
(D|

1)
0)

The Bayes factor is thus a summary of
the evidence provided by the data in favor of
a statistically given model M1 as opposed to
the null model M0, i.e., in principle it
measures how well the given model M1 is
supported by the data relative to the null
model M0.
On the basis of the similarity to the likelihood ratio criterion, the rules to determine
the evidence strength associated with the
value of ln(BF10) were proposed by Kass and
Raftery (1995). Specifically, they indicated
that a nega-tive ln(BF10) is taken as support
for M0, a value between 0 and 1 does not
allow any conclu-sion to be drawn, a value
between 1 and 3 in-terprets “positive”
support in favor of select-ing M1, a value
between 3 and 5 is considered “strong”
support for M1, and a value in excess of 5 is
considered “very strong” support for M1.
Since the marginal likelihood cannot
usu-ally be written in closed form, various
numeri-cal approximation methods have
been pro-posed to estimate the marginal
likelihood from the MCMC output. In this
study, authors fo-cus on the estimator
proposed by Gelfand and Dey (1994) which
is simpler, faster, and more general.

Results
This section analyzes the daily meancorrected and variance-scaled returns of nine
foreign exchange rate traded by Bank Indonesia. The exchange rate used is the bank's
selling rate. All empirical results are obtained
via the code implementation of MATLAB for
the MCMC-simulation.
As reported in the data description section, when the returns were examined for
skewness and kurtosis, the tests provided evidence of significant skewness and heavy-
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tailedness for the returns distribution. To
model these features and also the asymmetric
effect, authors proceed by applying the ASV
models discussed in the previous section. Here,
the statistical significance of the parameter
estimates in the models is indicated by the
Highest Posterior Density (HPD) interval proposed by Chen and Shao (1999).

Model Selection
First, authors compare four competitive
ASV models. To assess the goodness of the
estimated models, authors calculate the marginal likelihood from the MCMC output by
using the Gelfand and Dey (GD) method. The
results are shown in Table 3. The marginal likelihoods are required for the calculation of the

Bayes factor for comparing any two nonnested models. As explained in the previous
section, the Bayes factor is defined as the ratio of the marginal likelihood values of two
competing models. According to the suggestion given by Kass and Raftery (1995) in terms
of the log Bayes factor (i.e., the difference of
the log marginal likelihoods) criterion, this
study found that the log Bayes factors provide very strong evidence in support of the
SKT distribution rather than the other distribution in all cases. It indicates that the ASVSKT model is the best model among all the
considered models for all the data series. Authors do note that the ASV-T and ASV-NCT
models are very competitive and outperform
the ASV model with normal error distribution. Although not reported, authors find that

Table 3. Log Marginal Likelihood Estimates for All Competing ASV Models
Model
Data
ASV

ASV-T

ASV-NCT

ASV-SKT

IDR/AUD

–1940.2(4)

–1920.5(3)

–1919.4(2)

–1898.5(1)

IDR/CHF

–1695.5(4)

–1649.8(2)

–1660.4(3)

–1637.8(1)

IDR/CNY

–1476.9(4)

–1459.6(2)

–1463.6(3)

–1442.0(1)

IDR/EUR

–2010.0(4)

–1994.6(2)

–2004.4(3)

–1966.9(1)

IDR/GBP

–1996.8(4)

–1981.4(2)

–1986.8(3)

–1962.2(1)

IDR/JPY

–1896.6(4)

–1897.2(3)

–1884.2(2)

–1858.1(1)

IDR/MYR

–1807.9(4)

–1792.8(2)

–1799.9(3)

–1772.9(1)

IDR/SGD

–1761.7(4)

–1736.9(2)

–1751.7(3)

–1720.9(1)

IDR/USD

–1472.5(4)

–1463.8(3)

–1462.6(2)

–1438.5(1)

Note: The figures in the parentheses denote the relative rank of a model’s GD, where the model with the smallest
marginal likelihood ranks first.
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Presence of the Return-Volatility
Correlation

the 95 percent HPD interval of  (noncentrality parameter) in the ASV-NCT model includes 0 for all the considered return data. In
fact, the posterior distribution of  is approximately symmetrical about zero, suggesting that
the all return data demonstrate insufficient departure from the non-centrality assumption for
the returns' distribution.

Authors investigate whether the volatility displays symmetric or asymmetric responses
to the observed return series. This information is typically specified by parameter  which
denotes the direct correlation between the errors in both returns and volatility. Authors
found that the posterior mean of  is negative for the IDR/AUD, IDR/GBP, IDR/
MYR, and IDR/SGD series and positive for
the other series. In all competing models (not
reported), save the IDR/CNY, IDR/EUR,
IDR/GBP, and IDR/MYR returns, authors
found that the estimator of  is significantly
different from zero in terms of the 90 percent HPD interval, indicating that the relationship between returns and conditional volatility cannot be rejected. In fact, it was found

Let us now concentrate on the estimation of the ASV-SKT model. Because of space
constraints, this study reports only the parameter estimates of the ASV-SKT model which
provided the best fit among all the competing
models for the exchange rates having an asymmetric effect. The estimation results for the
key parameters, including the posterior means,
standard deviations, 95 percent HPD intervals,
and Inefficiency Factors (IF) are reported in
Table 4.

Table 4. Summary of the Posterior Sample of Key Parameters in the ASV-SKT Model Fits
to the Five Returns Series Which Have Significant Correlation between Returns
and Volatility
Par.

Stats.



Mean
SD
LB
UB
IF

0.958
0.014
0.930
0.984
133.8

0.948
0.016
0.916
0.977
84.1

0.933
0.021
0.890
0.972
184.4

0.943
0.016
0.912
0.973
106.6

0.947
0.013
0.919
0.970
107.0



Mean
SD
LB
UB
IF

–0.409
0.101
–0.582
–0.248
109.8

0.282
0.118
0.084
0.471
58.4

0.180
0.102
0.018
0.346
32.0

–0.155
0.089
–0.229
–0.006
17.4

0.140
0.072
0.024
0.260
19.9

Mean
SD
UB

21.1
4.4
14.4

8.8
1.8
5.9

17.4
4.44
9.9

18.5
4.0
12.6

15.2
4.4
8.7



IDR/AUD IDR/CHF IDR/JPY

IDR/SGD IDR/USD
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Table 4. Continued
Par.



Stats.

IDR/AUD IDR/CHF IDR/JPY

LB
IF

28.3
124.8

11.4
175.5

24.1
173.1

25.4
148.6

21.7
153.8

Mean
SD
UB
LB
IF

–0.277
0.264
–0.693
0.163
65.2

–0.018
0.087
–0.162
0.118
23.3

–0.479
0.266
–0.893
–0.074
70.1

–0.167
0.229
0.197
–0.556
33.0

–0.117
0.222
–0.479
0.222
49.6

that the leverage effect appears in the IDR/
AUD and IDR/SGD returns. This result suggests that a present negative return (i.e., bad
news) on those assets will increase the future
volatility. Using similar arguments the future
volatility decreases when a positive return (i.e.,
good news) arrives today. For the IDR/CHF,
IDR/JPY, and IDR/USD returns, the estimated  parameter is positive. This result implies that today's news has the same effect on
the future volatility. However, bad news has
greater effect on the volatility compared to the
good news (Ho et al. 2017). If the fact reveals
this comparison, then the risk premium will
increase. As a consequence, there will be frequent speculation on the Indonesian foreign
exchange market. Speculation might be good,
but it could be a driving force to a financial
crisis if it is not well managed (Corsetti et al.
1999).
Distribution of Asset Returns
In the ASV-SKT model, the extent of
the leptokurtosis in the data is measured by
the degrees of freedom parameter, . One can
also interpret this as a magnitude of the heavytaildness. Authors found that the posterior
mean of  ranges from 8.8 for IDR/CHF to
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IDR/SGD IDR/USD

21.1 for IDR/AUD, which indicates a heavytailedness in the exchange rate returns’ distributions.
Regarding the skewness parameter, , in
the ASV-SKT model, authors found that the
posterior mean ranges from -0.480 for IDR/
JPY to -0.018 for IDR/CHF. For all exchange
rates’ data, the 90 percent HPD interval includes zero, meaning the negativity of  is not
credible. However, their posterior distributions
are primarily located in the negative range as
shown in Figure 3. This supports the evidence
of skewness in all the exchange rates's data
and makes a consistent finding that the ASVSKT model is superior to all the other competing models.

Applying Volatility Persistence to
Validate the Anchor Currency
We then obser ved the persistence
parameter’s estimated value for volatility, .
The persistence in volatility is used to investigate the half-life of the volatility. This is defined as the average number of time periods
for the volatility to move halfway back towards
its unconditional mean. The persistence and
half-life, measured by -ln(2)/ln() (see van der
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Figure 3. Histograms of the Posterior Distribution of Parameter  in the ASV-SKT Model
Adopting all the Returns Series
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Ploeg 2006), of the volatility of the returns
series are reported in Table 5.

vestors will prefer hard currencies. On the
other hand, the three former currencies (AUD,
CNY, MYR) belong to Small Open Economies (SOE) which are potentially affected by
the monetary policies of the hard currencies's
countries. Therefore, anchoring the IDR to the
established hard currencies (EUR, GBP, JPY,
and USD) is more appropriate than anchoring it to other currencies.
Authors now turn to the information
about the conditional volatility, as reflected in
the variance (squared volatility) series, exp (ht).
The estimates of the variance for all the returns series under the ASV-SKT model are
displayed in Figure 4. It can be seen that the
figure shows that the IDR/CNY and IDR/
USD variances have similar pattern. These
variances had the highest value on September
23rd, 2011 (Friday) corresponding to the positive return on September 22nd, 2011 (Thursday). Again, a similar pattern of variances is

We found that all the considered series
exhibited high persistence in all models, typically ranging from 0.88 to 0.96. In terms of
the mean reversion, the half-life of volatility
shocks is about 6 to 17 days. The highest level
of persistence was exhibited by the IDR/MYR
with a half-life about 13 to 17 days, while the
least persistence level was recorded in the
IDR/GBP with a half-life about 8 to 10 days.
In particular, the IDR/MYR, IDR/CNY, and
IDR/AUD series have weaker mean reversion
than the hard currencies. In other words, volatility for the hard currencies appears to be less
persistent. This empirical evidence is similar
to the finding in Los (2003), i.e. the anchor
cur rency markets are predominantly
antipersistent. This means that the volatility
of the hard currencies has a short period of
time to get back to average which implies in-

Table 5. Persistence and Half-Life (days) Volatility Measure of the Returns Series
ASV

ASV-T

ASV-NCT

ASV-SKT



HalfLife



HalfLife



HalfLife



HalfLife

IDR/AUD

0.947

13

0.952

15

0.950

14

0.958

17

IDR/CHF

0.882

6

0.945

13

0.945

13

0.948

13

IDR/CNY

0.938

11

0.957

16

0.957

16

0.956

16

IDR/EUR

0.918

9

0.927

10

0.931

10

0.923

9

IDR/GBP

0.911

8

0.917

8

0.924

9

0.928

10

IDR/JPY

0.909

8

0.930

10

0.931

10

0.933

10

IDR/MYR

0.948

13

0.960

17

0.959

17

0.959

17

IDR/SGD

0.931

10

0.945

13

0.947

13

0.944

13

IDR/USD

0.934

11

0.948

13

0.951

14

0.947

13

Data
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also found in the IDR/AUD, IDR/GBP,
IDR/MYR, and IDR/SGD series. In this case,
the highest variance occurred on September
26th, 2011 (Monday) corresponding to the
lowest negative return on September 23rd, 2011
(Friday). Meanwhile, the highest variances for
the IDR/CHF, IDR/EUR, and IDR/JPY series occurred on August 12th, 2011 (Friday),
May 21st, 2010 (Friday), and May 10th, 2010
(Monday). Those findings are consistent with
previously reported results in terms of corre-

lation between returns and volatility. In the
IDR/CHF case, authors note that the extreme
returns' values of the IDR/CHF series are
clearly manifested by the associated variances
values which jump up more under the SV normal than under the other models. Generally
speaking, the average volatilities of exp(1/2 ht
) vary from 0.7 to 0.91, where the IDR/JPY
and IDR/CHF returns series give the highest
and lowest average volatilities, respectively.

Figure 4. Time Series Plots of the Variances from an ASV-SKT Model’s Fit to All Returns
Series
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Conclusions and Future Work
This study investigated the ASV models to analyze the short-run behavior of volatility on Indonesia's foreign exchange market
and to explain anchor currency's choice. Our
models are the ASV models with generalized
Student-t distribution for the return errors,
which capture the return-volatility correlation
and the distribution accommodating the flexible skewness and heavy-tailedness.
In summary, our empirical results suggest a positive and significant relation between
the IDR/CHF, IDR/JPY, and IDR/USD returns and their conditional varaince. For the
IDR/AUD and IDR/SGD returns, the parameter estimates suggest a negative and significant corelation between the return and its
conditional variance. On the basis of the Bayesian model's selection criterion, this study
found that features such as skewness and

heavy tails should be incorporated in the ASV
model, since they provide significant improvements to the model's fit over the usual normal
model. Considering the persistence and halflife of volatility, the empirical results showed
that the hard currencies are less persistent and
have stronger mean reversion than the SOE
currencies. Therefore, the Goverment of Indonesia should confidently anchor the IDR to
the established hard currencies eventhough
there are emerging new hard currencies, i.e. the
CNY and AUD.
Yu et al. (2006) introduced a closely related SV model by applying the Box-Cox transformation to the volatility equation. They
found that exchange rate data provide some
evidence against the lognormal specification.
Extending the model and results derived in this
study to apply the Box-Cox transformation to
the volatility equation is on our agenda for future research.
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