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ABSTRACT

This study proposes an aternative procedure for modelling exchange rates
behaviour, which is alinear combination of along-run function and a short-run function.
Our procedure involves modelling of the long-run relationship and thisis followed by the
short-run function. Among all the possible combination of modelling techniques, we
proposed the simplest form, namely modelling the long-run function by the well
established purchasing power parity (PPP) based model and setting up the short-run
function based on its time series properties. Results of this study suggests that our
procedure yields powerful forecasting models as they easily outperform the simple
random walk model--which is rarely defeated in the literature of exchange rate
forecasting--in term of out-of-sample forecasting, for all the forecast horizons ranging
from one to fourteen quarters. This study provides us with some hope of achieving a
reasonable forecast for the ASEAN currencies using the fundamental monetary model
just by a simple adaptation.

Keywords:  forecasting, exchange rate, purchasing power parity, interest rate
differential, mean deviation, mean percentage error, Fisher’s sign test

INTRODUCTION

Most exchange rate markets in the floating exchange rate regime have
experienced continuous and sometimes dramatic fluctuations and volatility. Mussa (1996)
has summarized the broad features of exchange rate behaviour. Mussa noted that (i)
exchange rate are extremely volatile, with deviation of about 3 percent per month for the
US dollar-Japanese yen and US dollar-Deutschemark rates; (ii) changes in exchange rates
are very persistent, and the exchange rate closely approximate a random walk; (iii) there
is correlation of almost unity between real and nominal exchange rates on high frequency
data; and (iv) the variability of real exchange rates increases dramatically when a country



moves from fixed to floating exchange rates. All these suggest that exchange rates can be
much more volatile than the apparent fundamentals, and in practice deviation from
equilibrium value can be persistent. Thus, the researches of exchange rate behaviour and
exchange rate forecasting have become perennial topics in international economics since
the floating exchange rate regime was established in March 1973. As a result, many
theories and models were devel oped.

The existing models of foreign exchange rates were developed using the linear
and non-linear frameworks. Models based on the linear framework include the simple
efficiency market approach (Fama 1965; Cornell 1977; Hsieh 1984), simple random walk
approach (Giddy and Duffey 1975; Hakkio and Rush 1986), the linear fundamentals
approach (for example, Dornbusch 1976; Frankel 1979; Meese and Rogoff 1983; Mark
1995; Clark and MacDonald 1998), the time series approach (for instance, Keller 1989;
Cheung 1993; Palma and Chan, 1997; Brooks 1997; Parikh and Williams 1998;
Baharumshah and Liew 2001), the conditional heteroscedasticity approach (Engle 1982;
Bollerslev 1986), among others.

There is a growing consensus among researchers that exchange rates and other
financial variables are non-linear in nature (Brooks 1996; Taylor and Peel 2000; Liew et
al. 2002) and they are linearly unpredictable (Boothe and Glassman 1987; Plasmans et al.
1998). Hence the non-linear structural models are regarded more relevant in modelling
these variables. Models in conjunction with this more recent view are commonly
estimated through the non-linear fundamentals approach (see for example, Meese and
Rose 1991; Lin and Chen 1998; Ma and Kanas 2000; and Coakley and Fuertes 2001), the
Exponential GARCH approach (Nelson 1991), the SETAR approach (Kréger and Kugler
1993), and the neural networks approach (Franses and Homelen 1998; Plasmans et. al.
1998), among others.

Nevertheless, after three decades of research, exchange rate theory that provides a
satisfactory and empirically consistent theory of the exchange rate remains to be
uncovered (Hallwood and MacDonald 1994, p. 22). Like any other financial variables,
exchange rates are difficult to forecast with any precision. The bulk of evidence has so far

been proven illusive (Berkowitz and Giorgianni 1997; Lin and Chen 1998). In their



survey on empirical work of exchange rate, Frankel and Rose (1995) make the following
remark: ‘We, like much of the profession, are doubtful of the value of further time series
modelling of exchange rates at high or medium frequencies using macroeconomic
models.’” This observation has motivated us to search for an alternative approach to model
exchange rates.

This study attempts to model exchange rates and the focus is on ability of the
model to yield reliable forecast in the short and intermediate run. The main focus is to
construct a model that can capture the dynamics of exchange rates in the emerging
economies well. The model that we consider is alinear combination of long and short run
functions. The long run component of the model is set to represent the relationship
between any exchange rate and its fundamental variables (e.g. relative price, interest
differential and money supply), whereas the short-run equation is based on time series
model and is used to capture the deviations of the exchange rate from its long-run path’.
Thus, the estimation procedure involves two stages: first, the long-run model is fitted to
the data, and this is followed by the short-run function. To this end, we relied on the
widely used linear structura model (purchasing power parity, PPP) hypothesis to trace
the long-run relationship between exchange rate and its determinant®. To account for the
inadequacy of the pure PPP model, we augmented the short-run component of the model
based on statistical properties of the data’. In this article, our focus is on the PPP and
interest differential models (IRD). We have no intention to identify a set of fundamental
variables that is most appropriate to tract the movements of the exchange rates but simply

to show that information contained in both domestic and foreign macroeconomic

! Many theoretical models suggest that exchange rates should be jointly determined with macroeconomic
variables such as foreign ad domestic money supplies, real growth rates, interest rates, price levels, and
balance of payments. However, as mentioned earlier the empirical performance of these models has been
very poor. In fact, Meese (1990) concludes that ‘the proportions of (monthly or quarterly) exchange rate
changes that current models can explain is essentially zero.”

2 A hallmark of the conventional model of real exchange rate is that it follows a PPP benchmark in the long
run. Briefly, the PPP doctrine states that the price of a basket of goods should equate across countries when
evaluated in common currency. For the empirical work on PPP, see Nagayasu (1998), Coakley and Fuertes
(1997), and M-Azali et al. (2001), to name a few. The work by Nagayasu found support for a “ semi-strong’
version of the long-run PPP hypothesis in a sample of 16 African countries. M-Azali et al. also found
evidence that PPP holds between the devel oping Asian countries and Japan.
% Thisisin line with the view that PPP is along run relationship and overtime prices adjust and PPP is re-
established.
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variables (prices and term structures of interest rates) may not be sufficient to tract the
movement of exchanges rates. Intuitively, one may expect to gain efficiency in the
forecasts, by adding more information to the model. For this purpose, we compare the
performance of the simple PPP model with that of the interest rate differential (IRD)
model*.

The rest of this paper is organized as follows: In the section that follows, we
construct the proposed model. Section 3 describes the method used in the analysis and
Section 4 interprets the results of the empirical investigation. The last section concludes

this paper.

DERIVATION OF THE MODEL

The estimation of model is based on a two-step procedure. First, the long-run
component of the model is considered and second, the deviation of the actual
observations from its long-run equilibrium path is considered to model the short-run
component of the model. In this way, our forecasting model will not only trace the long-
run movement, but is also capable to capture misalignment in the exchange rate series
that may occur in the short-run. This strategy is aso in line with the argument that
exchange rates can be more volatile than the fundamentals; in our case it is the relative
price and/or interest rate differential.

Consider the model

X = fd,L,...1)+ 9,(8,S,..S,) Q)
where X, is exchange rate defined as domestic currency, per unit foreign currency;
f.(I,1,,...,1,)is a set of long-run determinants {l,l,,...,I,} that explained the long-run
movement of the exchange rate; and ¢,(s;,S,....,S,)is a function of a set of short-run
determinants {s,s,,...,S;} that may cause exchange rate to deviate from its long-run

equilibrium path.

* The literature has not provided conclusive evidence on the long-run determinants of exchange rate.
Frankel (1979) sets the long-run determinants as the relative interest rates. Dornbusch (1976) and Chin dan
Meese (1995) identify the long-run determinants based on the standard monetary model (money supply,
income and inflation rate). Clark and MacDonald (1998) include interest rates, government debt ratio,
terms of trade, price levels and net foreign assets to model the exchange rates.
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Let the expected value of f, be given by )Zt, which is determined by the
fundamental variables. By subtracting the value of )Zt on both sides of (1) we obtained
Xy - Xy = fo - X + g )
If )Zt isan unbiased predictor of f,,thentheterm (f, - )Zt) on the RHS of (2)

vanishes to random error term, &, with mean zero and variance ¢ 2. Thus, we have

A

X,-X, =g + g, where £,~WN (0, ¢?) ©)
or equivalently
Xy = )Zt +t 0 & (4)

Modelling short-run function g, is even more complicated as the subsets of short-
run determinants may change over time due to either internal or external events (e.g.
policy change, capital reversal and regional financial crises). One way out of this
dilemma is to think of g, as generated by time series mechanism, whatever the
underlying macroeconomic determinants may be. For instance, one may think of g, as

represented by the ARIMA, ARFIMA or GARCH processes. It is worth noting that the

GARCH process involves modelling the square of residuals, and in our case, g;.

However, authors like McKenzie (1999) have pointed out that by squaring the residuals
one effectively imposes a structure on the data, which has the potential of reducing the
forecasting performance of the model. In the present study, we assume that it is sufficient

to regard g, as proportionate to its most recent available value, g,_;, to avoid the
problem of complexity. That is

0= ag.,+v, wheev,~WN (0, c?) (5)
with o< 1if g, isstationary and o> 1 if g, iSnon-stationary.

By simply substituting (5) into (4) and upon simplification, we obtained the final
model that is

Xe= X+ a(Xeg—Xeg)+ 1 where u, = & +v, (6)



Clearly that estimation of Equation (6) involves procedures to solve for )Zt and

searching for optimal value of o .

METHODOLOGY

In this study we attempt to model the Maaysia ringgit (MYR), the Singapore
dollar (SGD), and Thailand baht (THB) against US dollar (USD) and Japanese yen
(JPY), al of which have received little attention in the exchange rate literature. The base
currencies chosen is based on the importance of trade to these ASEAN countries.
According to the International Monetary Fund (IMF)'s classification, these countries
pegged their currency to a basket of currencies (the US dollar received that highest
weight). Our sample period covers from the first quarter of the year 1980 to the fourth
guarter of the year 2000 (1980:1 to 2000:4). Bilateral rates used in the analysis are the
end of period market rate specified as line ae in International Financial Statistics
published by the IMF, except for the MY R/USD rate. For the case of MYR/USD rate, we
choose the series from line aa, which is calculated on the basis of SDR rate. This is to
avoid the problem of zero denominators that may arise during the assessment of the
performance of the forecasting exercises.

Besides the bilateral exchange rate series, data on relative price and interest
differential are also utilized in this study. The price variable is constructed as the ratio of
domestic price to foreign price. We use consumer price indices (CPI 1995 = 100) as the
proxy of prices. Interest rate differential is computed by dividing the domestic market
rate over the foreign market rate. All the data series are taken from various monthly
issues of IMF/IFS. The full sample period is divided into two portions. The first sub-
period that beginsin 1980:1 and ends in 1997:2 is used for the purpose of estimation and
the remaining observations (1997:2-2000:4) are kept for assessing the out-of-sample
forecast performance of the model. Following the work of Garcia-Ferrer et al. (1997), our
data are purposely treated in such away that they showed a break in the trend (due to the

1997 Asian financial crisis) during the forecasting period, making the prediction exercise



more difficult. Specifically, the large depreciation in the post currency crisis period
makes the post-sample prediction more stringent °.

For each country, we first examine the time series properties of three variables
used in the anaysis. We applied the augmented Dickey Fuller (ADF) and the Philips-
Perron (PP) unit root tests to the level and first differences of the data. Results of unit
root test are summarized in Table 1.

[insert TABLE 1 about here]

Overwhelmingly, the results of the unit root tests suggest that we cannot reject the
hypothesis of nonstationarity in levels and reject it in first differences in all the series,
except in one case (SGD/JPY)®. Since exchange rates, relative price and interest rate
differential exhibit the same order of integration, this allows us to proceed with the
cointegration test. To this end we utilise the Johansen and Juselius (1990) multivariate
cointegration test that is based on to statistics: trace test and the maximum eigenvalue
tests.

For each country we ran the vector autoregressive (VAR) system in levels with
one to five lags. The primary goal was to eliminate serial correlation while avoiding
power-draining due to the presence of too many lags. We also check for serial correlation
using the Bruesch-Godfrey asymptotic test before deciding on the optimal lag for the
VAR model. The results of the Johansen-Juselius cointegration test are tabulated in Table
2. Table 2 reveals that all the exchange rates (except THB/USD) are cointegrated with
their corresponding relative prices at the 5% significance level or better. This finding
suggests that long-run relationship between exchange rate and relative price exists in the
studies countries. Hence, the cointegration test results are consistent with the PPP
hypothesis at least for the five exchange rates (MYR/USD, SGD/USD, MYR/JPY,
THB/JPY and SGD/JPY).

[Insert TABLE 2 about here]

Similarly, we found that for al the countries exchange rate, relative price and

interest differential variables for al cases (except SGD/JPY and THB/USD) are

® Visual inspection of the data reveals that up to the middle of 1997 volatility is less pronounced, whilst
thereafter it rises substantially.
® Because of the low power of the classical unit root tests, we continue with he analysis by assuming that all
the exchange rate series are | (1) variable.

7



cointegrated (see Table 2). All in all, there exists at least one cointegrating vector in the
exchange rates based on conventional significance levels.

Our next task is to proceed with the forecasting model as given in Equation (6).
The estimation involves two steps. In step one; we estimate the PPP model by regressing
the exchange rate ( X,) on CPI (or IPI) ratios (P,). For the case of SGD/USD, for

instance, the PPP mode is estimated by running SGD/USD on PS/PU, where PS and PU
are CPI (1995=100) of Singapore and CPl (1995=100) of US respectively. Then we

compute the values of )Zt , which is the predictor of the spot exchange rate, X,. The

deviation form the long-run model, g, is obtained as

N

G = X - Xy (7)
In step two, we estimate the function g, as suggested in Equation (5). In this

study, we employ a search algorithm to determine the optimum value of o such that the
in-sample forecasting error is the minimum with respect to the selected criteria (e.g.
Mean Square Forecast Error (MSE) and the Mean Square Percentage Error (MSPE),
Mean Absolute Percentage Error (MAPE) and Theils U) We chose to minimise the
MAPE of the in-sample forecasts as we found that it is more reliable in the sense that the
selected optimum o for the in-sample period is a better estimator for the optimum o
value of the out-of-sample period (results not shown here but are available upon request).

The optimum model is then subjected to a battery of diagnostic tests. We
emphasized on two important aspects, namely the efficiency of the forecasts and the

stationarity of the residuals, u,. If the model is capable of capturing the long run and

short run movements of the actual exchange rate behaviour, the residuals must be random
errors and hence stationary. Besides that, since we utilize time series data is important
that we eliminate serial correlation. We checked for serial correlation by using the
standard Durbin-Watson (d) and Bruesch-Godfey Lagrange Multiplier (LM) test for
autocorrel ation.

To sum up, the selection process for the “optimum” model can be summarized as

by the follow steps:



Step One: (1) Regress sample exchange rate, X, on sample relative price, P, ; (2)

~

Obtain )Zt from the regression; and (3) Compute G, = X, - X,.
Step Two: (1) Search for optimum o with based on selected criteria; (2) Check

for seria correlation on the residuals and efficiency of model; and (3) proceed

with forecasting.

In order to forecast X,,,, where the number of quarter, n =1, ..., 14 for the out-
of-sample period (1997:3 to 2000:4), we need to have the values of P, .As P, isaso
not available, the fastest way of obtaining reliable estimator for it is to do forecasting
using the ARIMA methodology. The reason why we chose not to forecast X, directly

using the ARIMA methodology is that although this method could provide better
forecasts (see for examples, Montogomery et. al. 1990; Lupoletti and Webb 1986 and
Litterman 1986), it is not capable of significantly outperforming the simple naive model
for the ASEAN currencies; see Baharumshah and Liew (2001).

The performance of our forecasting models over the forecast horizon of n =1,
then n = 2 and so forth until n =14 quarters are evaluated by taking the naive models of
predicting no change as the benchmark. The criteria involved are the minimum of the
Mean Square Forecast Error (MSE) and the Mean Square Percentage Error (MSPE) and
the Mean Absolute Percentage Error (MAPE) ratios of the two competing models, with
the appropriate error criterion of the naive model as denominator. If the ratio is greater
than one, it implies the naive model is better. If the ratio is less than one, it means the
forecasting model has defeated the naive model and the researchers effort is at least
paid-off. It is worth noting that the closer the ratio to zero, the better is the forecast. We
also provide the statistical significance of the MSE ratio using Meese and Rogoff (1988)
(MR) test stetistics define as:

MR= —_ v N(0,1) (8)



where §,,, is the sample covariance of means of U and V (transformed functions of

forecast errors of two rival models) and is approximated by 1 i(u j —u)(v; —V)where
nj=1

U:%éuj and Vz%élvj with u; =e;_e;and v; =e;; +€,; inwhich g;,1 =1, 2is
thej™ forecast error of model i; and n is the number of forecasts.

Following Wu and Chen (2001), we also applied the Fisher's sign test (FS).
Briefly, the FS test compares the forecast accuracy of two competing models term by
term on the basis of loss differential, whereby the accuracy criterion could be based on
MSE, MSPE, MAPE, among others. The Fisher’s sign test is the total number of negative

lost differential (d;) observations in a sample size n. Under the null hypothesis of “equal

accuracy of two competing forecasts’, FS has a binomial distribution with parameter n
and 0.5. The significance of test is assessed using a table of the cumulative binomial
distribution.

In this study we also estimated our model by using the same procedure as
described above but a different long-run fundamental model that is the interest rate
differential (IRD) model. This is achieved by adding the interest rate differential to the
pure PPP model as an additional explanatory variable. The purpose is to study whether by
adding extrainformation, the forecasting performance of the model could be improved or

not.

RESULTSAND INTERPRETATION
The empirical results from the estimated PPP model and its adapted form are
summarized in Table 3. As expected, true PPP model only managed to capture the long-
run movement of the actual exchange rate, but the adapted model has been adapted (or
trained) to trace the short-run deviation of the actual exchange rate from its the long-run

course (Figure 1). The R? suggests that relative price, P, could account for 58.52 to

68.35% of the variation in bilateral rates of the ASEAN currencies (Table 3). The adapted
model for the five ASEAN currencies tabulated in the table is selected based on MAPE
criterion. Notice that the R? value for the Singapore-yen rate (SGD/JPY) rate is
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unacceptably low (17.96)! Because of the poor performance base on the R?, we did not
pursue further and drop from the analysis’ .
[Insert TABLE 3 about here]

We subjected the selected model to a battery of diagnostic checking before the
model is used to generate the in-sample and post-sample forecasts. Results of diagnostic
tests performed on both the pure and adapted models' are depicted in Table 4. A striking
feature of the results shown in Table 4 is that the pure PPP model proved impossible to
completely attain the serial correlation standard. The PPP model is contaminated with
series correlation problem (positively correlated) as it has low Durbin-Watson d statistic®.
This finding is further supported by the large values of Breusch-Godfrey Lagrange
Multiplier (LM) statistics, which indicate that there exists seria correlation up to 12-lag
length. On the other hand, the adapted PPP model easily passed the serial correlation
tests. We consider these results as indication that the standard PPP model may not be
adequate to explain the changesin exchange rates of the ASEAN countries’.

[Insert TABLE 4 and Fig. 1 at about here]
Another point worth mentioning here is that the residuals generated from PPP

model follow a nonstationary process [&,~ [(1)] whereas the adapted form yields
residuals that are stationary in level [ u, ~1(0)].2° As reported in Table 4, the R values

between the spot exchange rate and the pure PPP model predicted values are 79.30%,
75.23%, 42.33% and 66.44% for MYR/USD, SGD/USD, MYR/JPY and THB/JPY
respectively. In the case of adapted model, the R? values, in the same order, are 93.17%,

"We found that the optimum model selected through this criterion (and in fact, other criteria e.g. MSE and
Theil-U) may not necessary pass all the diagnostic tests. These results based on other criteria are not shown
here but are available upon request from the authors.

8 In our study, we have 70 in-sample observations and hence the actual decision region for the Durbin-
Watson autocorrelation test of no autocorrelation in our model is 1.485< d <2.571, at 1% significance level.
® The residual's diagnostic tests suggest that the by adapting the PPP model, we can implicitly remove the
serial correlation problem and produce residuals that is stationary. This comes as no surprising since we
have indirectly introduced the lagged value of the exchange rate as explanatory variable during the second
step of our modelling process; see Equation (6). We view this as one of the merits of our adapting PPP
model.

19 The stationary test is performed using the standard ADF and PP unit root tests discussed in the text
earlier. Most studies on PPP are based on major traded currencies (e.g. the US dollar, the yen and the
German mark) failed to reject the unit root hypothesis. This result is actually in violation of the PPP
hypothesis that suggests real exchange rate is stationary process.
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97.10%, 90.50% and 95.33%. It is obvious that the adapted model has significantly
improved the explanatory power of pure PPP model**.

Next, we can compare the forecasts generated from the PPP and the adapted PPP
model on the basis of efficiency criteria; see, for example, Lin and Chen (1998) and
McKenzie (1999). Briefly, the efficiency criterion in strong form requires that the
forecast and actual series (spot rates) be cointegrated with cointegrating vector (1, —1).
Meanwhile the weak form of the efficiency requires only the slope coefficient from the
regression of sport rate on the forecast exchange rate to be unity (8;=1). The exchange
rate forecasts are generated from the two exchange rates models and the results are given
in Table 4. We find that the generated forecasts form the adapted models pass the strong
form of the efficiency criterion fairly easily based on the Wald test. The results from the
standard PPP model also satisfy this criterion. The in-sample forecasts of the standard
model and adapted model for the four exchange rate series are plotted in Figurel. It is
obvious from these plots that while the true PPP model predicts the long-run movement,
the adapted PPP model follows the exchange rate behaviour much more closely.

This improvement in the forecasting performance in our proposed model is aso
revealed by the Fisher Sign (FS) test. The results of comparing the in-sample forecast
performances of the two models term by term using the FS test are shown in Table 5. We
use MSE, MSPE and MAPE to measure the performance. However, only the results form
the first criterion is reported as the other two criteria produce the same outcome
qualitatively. It appears that adapting the PPP model increased the total loss differentials
from 15, 9, 7 and 10 to 32, 24, 24 and 33 out of a total of 65 forecasts for MYR/USD,
SGD/USD, MYR/JPY and THB/JPY correspondingly. This finding implies that the
adapted model is at least twice as good as the original PPP model. It is worth mentioning
that the improvement is realised not only in the in-sample but also out-of-sample
forecasts. We will discuss the out-of-sample forecasts in greater detail later.

[Insert TABLE 5 about here]

1 A word of caution about comparing the R? from the two competing models The R? from the standard PPP
model should be interpreted with care because of the problem of autocorrelation (the R? values would be
smaller; see Gujarati 1995, p. 411).
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A consensus has emerged among economist that exchange rate misalignments
over extended period of time may trigger a currency or economic crisis. Indeed, a number
of studies have provided the evidence that overvaluation is a key factor in predicting
forthcoming financial crises; see Kaminsky and Reinhart (1999) and Goldfajn and Valdes
(1999), among others. We used the adapted PPP model to compute the equilibrium
exchange rates and compare these values with the actual or observed rates. The period
chosen is 8 quarters just prior to the outbreak of the Asian Financia Crisis. To
accomplish this task, we calculate the mean deviation (MD) of the observed rate from its
equilibrium value. A negative MD by definition implies overvaluation while a positive
value means otherwise. Meanwhile, MD=0 means no deviation and the observed rate is
effectively in equilibrium. Mean percentage error (MPE) is also constructed so that the
magnitude of overvaluation (or undervaluation) can easily be compare across currencies.
Interpretation of the sign of MPE is similar to that of MD. Simply reporting the point
estimates may not provide a complete picture of the misalignment experience by the
crisis-affected countries. We supplement the point estimates by the Fisher’s sign (FS) test
to indicate whether the point estimates are statistical significance. These test results are
presented in Table 6.

It is obvious from Table 6 that both the MD and MPE values are al in the
negative range for the four exchange rates. This suggests that all four currencies were
overvalued several quarters prior the crisis. In addition, the MPE values reveal that baht-
yen rate (THB/JPY, —7.6889%) is the most overvalued currency, followed by MY R/JPY
(—4.9811%), SGD/USD (—0.6966%) and MY R/USD (—0.1348%). It appears that the most
overvalued currency (Tha baht) was the most susceptible currency to crisis. This result
coincide with the historical events that surrounding the recent financial crisis. The baht,
which was initially pegged to the US dollar, was the first currency in the region that was
forced to devalue. The pressures then quickly spread to neighbouring countries. Another
interesting observation present in Table 6 is that the values of FS statistic suggests that
the overvaluation is statistically significance at 5% level in the yen-based currencies
(MYR and THB) but not for dollar-based currencies (MYR and SGD). In a nutshell,
although the FS test indicates not al currencies were dstatistically significantly
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misaligned, the model offers some support the notion that the Asian Financial Crisis may
be due to overvaluation of the some of the regional currencies'.
[Insert TABLE 6 about here]
The estimated IRD models together with their adapted versions are tabulated in
Table 3, and the related diagnostic tests results are given in Table 7. Several interesting

observations emerged from these tables. The Wald ( x>) Statisticsin Table 7 suggests that
both models meet the strongly efficient criteria, since 3, and 3, are not significantly

different from zero and one respectively, for each model. As previously observed in the
PPP models, the standard IRD model is contaminated with autocorrelation problem as
indicated by both the Durbin-Watson and Lagrange Multiplier tests results. The problem,
however, disappeared in the adapted IRD models. Notice that the R? values of the
adapted IRD models are generally lower than the corresponding adapted PPP models
(Table 3). This comes a surprise since we expect the adapted IRD models to have higher
explanatory power given that we have added interest rate differential to adapted PPP
model .
[Insert TABLE 7 about here]

Both the adapted PPP and IRD models are used to generate the forecasted values
of the exchange rate in the out-of-sample period. The out-of-sample forecasts form these
models are compared with the simple random wak model based on MSE, MSPE and
MAPE ratios. Our preliminary results showed that all the three criteria yield ailmost the
same conclusion. Given the unanimity of the results across the three criteria and to
conserve space, we only report the criterion based on MSE in Table 8. For the adapted
PPP model, all the MSE ratios are found to be less than unity (Table 8A), implying that
al the forecasting models estimated based on the adapted PPP model outperformed the

random walk, for the entire forecast horizon ranging from one to fourteen quarters. In

12 Alternatively, one may interprets that overvaluation is necessary but not sufficient condition for a
currency criss.

3 In this study, we find that interest rates do not enter in the long-run relationship for ringgit-US dollar and
Singapore dollar-US dollar rates. They may suggest that exchange rate dynamics are affected by other
factors that are not in the interest rate dynamics. We are also aware that short-term interests (Treasury bills
of 3-month rate) may not be appropriate to the model. Some authors have used long-term rates and
obtained more favourable results. With the usual caveat, we are in debted to one of the referees for pointing
this out.
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particular, the forecasting models for SGD/USD and THB/JPY rates statistically
outperformed the random walk model at 1% significance level regardless we are
comparing on the basis of one forecast value, two forecast values or more. Meanwhile,
the ratio for the MYR/USD and MYR/JPY rates are statistically significance at 10% or
better up to at least 6 quarters. It is interesting to note that our forecasting models have
defeated the competing random walk model, even in the presence of more stringent
forecasting period and over the short forecasting horizon.
[Insert TABLE 8 about here]

Turning to the adapted IRD model, al the MSE ratios for the MYR/USD
(significant up to 9 quarters), SGD/USD (significant up to 7 quarters) and THB/JPY
(significant for all 14 quarters) rates are less than one (Table 8B). Hence, the adapted
IRD model could also outperform the random walk for these three rates. The ratio for
MY R/JPY rate shows mixed result but the MR statistics suggest that adapted IRD is only
comparable with the random walk with a minor exception that the former is significantly
beaten.

The forecast accuracy of the adapted PPP and IRD models are compared and the
results are also depicted in Table 8C. On balance, the weight of the evidence is against
the adapted RID model: The adapted PPP models have smaler MSE values when
compared to the adapted IRD models. As shown in the table, the ratios are smaller than
one for the MYR/USD, SGD/USD and MYR/JPY rates across all forecasting horizons.
Statistically, adapted PPP model is better than the adapted IRD up to all the 14 quartersin
MYR/USD, 2 quarters in SGD/USD and 6 quarters in MY R/JPY. However, the adapted
PPP model for SGD/USD rate is statistically better than the adapted IRD model only up
to 2 quarters ahead forecast and for the rest of the forecasting horizon, the latter is
statistically better. Generaly, these results suggest that the adapted IRD model, which is
incorporated with more information, does not necessarily out-perform the adapted PPP
model. Thus, we have shown that the simple PPP model can adequately represent the
movements in exchange rate series by adapting the model to include information from the

deviation form equilibrium value.
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CONCLUSION

Numerous studies have compared the forecasting performance of the exchange
rates models against the random walk model. The consensus that emerged from these
studies is that it is extremely difficult to out-predict a random walk using structural or
non-structural models. In this article, we consider alternative procedures to model
exchange rates in the ASEAN countries. Specifically, the proposed model is a linear
combination of long run and short-run functions. We exploit the long-run information
from the well-known PPP hypothesis in estimating the model, whereas the time series
properties of the temporary deviations from equilibrium PPP is incorporated in our
estimating procedure to capture the unusual feature of the data generating process. Our
results show that even if the model includes the right set of fundamentals, they still could
not explain movements of exchange rates well. Meese (1990) and Frankel and Rose
(1995), among others have highlighted this point.

Our forecasting models are purposely set to alow the model to forecast in the post-crisis
period, to make the task much more difficult. Our empirical results based on the bilateral
exchange rates of three ASEAN countries suggest that our approach has improved
significantly the explanatory power of the pure PPP model. In other words, we found that
the adapted model is more suited to capture the salient features of currencies that
experienced speculative attacks and severe deprecation. Furthermore, the out-of-sample
forecasts of our model out-predict the smple random walk, even during the post-crisis
period. The adapted PPP model outperformed rarely beaten naive model, for the forecast

horizons ranging from one to fourteen quarters.

Giddy and Duffey (1975) pointed out that successful forecasting is premised on the
satisfaction of at least one of the following criteria: (a) has used a superior forecasting
model; (b) has consistent access to information; (c) is able to exploit small, temporary
deviations from equilibrium; and (d) can predict the nature of government intervention in
the foreign exchange market. Based on the empirical our results, we showed that our
procedure is capable of producing model that satisfies the above criteria. Specifically, the
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model is able to incorporate the long-run information based on macroeconomic theory,
our procedure is able to exploit small and temporary deviations from equilibrium and
thereby yield a forecasting model much superior to the naive model. Therefore, a
reasonable conclusion that can be drawn from this study is that it provides with some
hope of achieving a reasonable forecast for the ASEAN currencies. Finally, the model
could easily include other determinant as suggested by monetary model and may be used

to forecast other financial variable and we reserve this for future research.
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Table 2
Cointegration Test Results

Pairwise Exchange Rate and Exchange Rate, Relative Price and
Variables Relative Price Interest Differential®
Likelihood Ratio” Likelihood Ratio”
Countries  Lag® r=0 r<i Lag’ r=0 r<i r<2
Based Country: United States
Malaysia 8 21.646" 8.189 6 33.576" 11.412 1.363
Thailand 10 12.573 4.765 3 28.346 13.435 4.066
Singapore 12 38.982* 8.871 2 33.610" 10.058 0.568
Based Country: Japan
Maaysia 10 24.369" 5061 12 89.299* 21.391* 1.359
Thailand 11 23.884" 9.080 12 36.579* 13.122 2.106

Singapore 12 24.559" 2.817 -- -- - -

Critical Values
5% 19.90 9.24 29.68 15.41 3.76
1% 24.60 12.97 36.65 20.04 6.65

Note: *or SGD/JPY, the three variables are not integrated of the same order, hence
cointegration does not exists by definition.
® r denotes the hypothesized number of cointegrating equation.
¢Optimum lag-length is determined by the AIC statistics.
* and * denote rejection of hypothesis at 1% and 5% significance level respectively.

22



Table3

Estimated Models
Estimated Coefficients® R Optimal o
Exchange Rates Intercept Relative Price  Interest Differential  Values Values’
PPP Model®
MYR/USD 12.283 (13.54)* —8.881 (-9.94)* -- 0.585 0.929
SGD/USD -0.529 (-2.62)" 2.177 (11.96)* - 0.678 0.900
MY RIJPY ~0.010 (-3.12)* 0.028 (7.467)* - 0.451 0.935
THB/IPY ~0.178 (-6.14)* 0.448 (12.12)* - 0.684 0.940
SGD/IPY 0020 ( 6.97)*  —0.011 (3.564)* — 0.180 ~
IRD Model
MYR/USD 12.030 (11.17)* —8.669 ( 8.51)* 0.038 ( 0.44) 0.352 0.929
SGD/USD _1468(-552)*  3.113(13.24)*  —0.048 (~0.40) 0.755 0.900
MY RIJPY _0.029(-555)*  0.054(838)*  —0.001 (-4.66)* 0.549 0.995
THB/JPY _0295(-6.69)*  0.659(9.12)*  —0.022 (-3.35)* 0.729 0.700

Notes: ?t-statistics are given in parenthesis. * and * stand for significantly different from zero at 1% and
5% level respectively.
® The adapted model is of the form Xt = Xt + a( Xy — )A<t_1) where Xt and Xt denote exchange
rate ( X, ) predicted by the adapted model and PPP Model or IRD Model respectively, and the

optimal a value for each adapted model is obtained by a computer search algorithm.
¢ Estimated PPP Model for SGD/JPY has very low R’ value and hence we do not attempt to adapt it.
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Table4

Diagnostic Test for PPP Model and the Adapted Form

PPP M odel

Adapted PPP Model

1. MYR/USD
X,=-0.163+1.032 X, +£,

(0.217) (0.064)
R =0.793

X,=0.039+0.987 X + L1,

(0.108) (0.033)
R’ =0932

R £~ (1) R 1~ 1(0)
- 0.361 LM (12) = 48.226 - 2385 LM (12) = 11.839
=4.039 2 X, =0.200 2_
X2 27=0.250 2 2. =0.154
2. SGD/USD
X,=-0.761 + 1.446 X, +&, X, =—0.204+1.115 X + U,
(0.200)  (0.116) (0.047) (0.026)
gez_:ooiﬁz £ ~1(1) 52_=202-271 1~ 1(0)
e LM (12) = 60.232 o LM (12) = 11.655
x2=0951 2 X2 =4.389 2
22=0.358 X1 = 3402
3. MYR/JPY

X, =0.000+0.977 X, +&,
(0.001) (0.144)
R’ =0.423

X,=0.001+0.933 X, + L,

(0.006) (0.037)
R’ = 0.905

d=0.145 &= d=1.728 Hi~1(0)
=0 LM (12) = 0.767 -4 LM (12) = 13.821
2-5516 2-3913

ZE x2=5.160 X2= o x2=3.242

4. THB/IPY

X, =0.002+0.989 X , +¢,
(0.013) (0.085)
R = 0.664

X, =0.006 +0.959 X , + L1,

(0.005) (0.026)
R’ =0.953

d=0.145 &= d=1.706 Hi~1(0)
=0 LM (12) = 60.414 - L LM (12) = 13.965
2-0.023 2= 2877

ZE x2=2.868 X2= < x2=2528

Notes: X, isthe actual exchanges rate, Xt and Xt are the predictors of X, with the former from the PPP
model and the latter from the adapted model. The standard error for each estimated coefficient is
given in parenthesis. The Wald tests for the null hypotheses of strong ( f,=0and S; =1) and weak

( B,=1) form efficiency of the predictors are reported as x> and ;(12 respectively. The 5% critical
values for the chi-sguare concerned are, in that order, 5.99 and 3.84. Both d and LM (12) are the
Durbin-Watson statistic and Lagrange Multiplier statistic for serial correlation. The 5% critical
value for LM (12) statistic (chi-squared distributed) is 21.03.
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Table5

Forecasting Performance of PPP Models and Adapted PPP Models by Fisher’s Sign (FS
Test®

PPP Model V's. Random Walk” Adapted PPP Model Vs. Random Walk®

MYR/USD SGD/USD MYR/JPY  THB/JPY MYR/USD SGD/USD MYR/JPY  THB/JIPY

In-sample (Forecast Horizon = 65 Quarters)
15(0.000) 9(0.000) 7(0.000) 10 (0.000) 32(0.098) 24(0.011) 24(0.010) 33(0.098)

Out-of-sample (Forecast Horizon = 14 Quarters)
0(0.000) 3(0.022) 4(0.061) 5(0.122) 8(0.183) 10(0.061) 8(0.183) 6 (0.183)

Notes: 2 Total numbers of negative lost differential is reported with marginal significance value (msv)
given in parenthesis. The null hypothesis of FStest is 2 forecasting models have equal accuracy.

® Lost differentidl = SEppp | — SEgy. ;3 J =1, ..., 0, where nisthe forecast horizon. SEpg, and
SE,,, stand for Square Error of PPP model and Random Walk model respectively.
“Lost differential = SEpppp j — gy i =1 .., n, where nisthe forecast horizon. SE \yppp

and SE, stand for Square Error of Adapted PPP model and Random Walk model respectively.
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Table 6
Evaluation of the Position of Exchange Rates before Asian Crisis

For 8 Quarterly Forecasted Values

CRITERIA MYR/USD SGD/USD MY R/JPY THBIIPY
MD? ~0.0079 ~0.0097 ~0.0008 ~0.0177
MPE® ~0.1348 ~0.6966 —4.9811 —7.6889
FS° 5 (0.2188) 5(0.2188) 7(0.0313) 7(0.0313)

Notes: #MD = Mean deviation. Negative value implies overvaluation is detected.
® MPE = Mean percentage error. Negative value implies overvaluation is detected.
° FS = Fisher's sign test. Total numbers of overvaluation is reported with marginal
significance value (msv) given in parenthesis. The null hypothesis of FS test is the
exchange rate isin equilibrium before crisis.



Table7

Diagnostic Test for IRD Model and the Adapted Form

IRD Model

Adapted IRD Mode

1. MYR/USD
X,=0.038 +0.987 X, +&,
(0.106) (0.033)

RF=0.790 £, ~1(1)
d=0.350
2 LM (12) = 49.290
X5 =3975 »
X+=0223
2. SGD/USD

X, =-0.019 +1.009 X , +£,
(0.146) (0.075)
R =0.754

d=0.150
) LM (12) = 47.362
x7=1558 )
2i=142
3. MYR/IPY

X, =0.0003+0.977 X , +¢,
(0.002) (0.144)

R’ = 0.564 £~ (1)
d=0434
2 LM (12) = 48.831
X5 =0.026 5
X1 =0245
4, THB/IPY

X, =-0.001+1.003 X , +€,
(0.020) (0.060)

R =0.712 £, ~1(1)
d=0.248
2 LM (12) = 56.423
X5 =0.002 »
X: =0.016

X, =0.035+0.988 X, + [,
(0.109) (0.033)

iy b1
, LM (12) = 13.036
x5=0.189 )
Xs=0132

A

X, =0.050 +1.027 X, + [,

(0.051) (0.028)
R? =0.961 ~1(0
_ My ~1(0)
d=2.142
2 LM (12) =10.623
X, =3117 N
X, =3.053

X, = 0,001 +0.960 X+ LI

(0.001) (0.025)
R?=0.837

d=1.924 He=1(0)
s LM (12) = 22.484
X5 =2.249 2
X =2186

A

X, =0.004+0.973 X + [,
(0.006) (0.033)

ey b1
» LM (12) = 17.596
X,=1816 2
X+ =1547

Notes: X,is the actual exchanges rate, Xt and Xt are the predictors of X; with the former from the

IRD model and the latter from the adapted model. The standard error for each estimated
coefficient is given in parenthesis. The Wald tests for the null hypotheses of strong ( 3, =0 and

B,=1) and weak (B,=1) form efficiency of the predictors are reported as x5 and

xlz respectively. The 5% critical values for the chi-square concerned are, in that order, 5.99 and
3.84. Both d and LM (12) are the Durbin-Watson statistic and Lagrange Multiplier statistic for
seria correlation. The 5% critical value for LM (12) statistic (chi-squared distributed) is 21.03.
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Figurel
Graphs of In-sample Forecasts

FIGURE 1A: MYR/USD RATE AND THE IN-SAMPLE FORECASTS (1980:1 TO
1997:2)
4.25

3.25

2.25
| ACTUAL VALUES —---PPPMODEL  =----- ADAPTED MODEL
FIGURE 1B: SGD/USD RATE AND THE IN-SAMPLE FORECASTS(1980:1 TO
1997:2)
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FIGURE 1C: MYR/JPY RATE AND THE IN-SIMPLE FORECASTS (1980:1 TO

1997:2)
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FIGURE 1D: THB/JPY RATE AND THE IN-SAMPLE FORECASTS (1980:1 TO

1997:2)
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