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Abstract

In this project, | study the growth and cyclical components of Taiwan macroeconomics
variables by modifying filters recently used in real business cycles literature. A distinct
feature of the new classical and modern real business cycle theories is to view the
growth, business cycles and seasonal variations in a unified equilibrium framework. To
assess the performance of the economy, they still need to decompose the series into
growth and cyclical components. The way to separate the series is often applying some
filters in the model. However, if there exist large exogenous shocks which are beyond
the rational expectation of the economic agents, the filters in terms of backward and
forward moving averages will be strongly affected by the shocks. The decomposition
between the growth and cyclical components will become spurious. | compare the
decomposition by the traditional design of the filters and my modification which
includes the dummy variables to illuminate the large exogenous shocks. | identify the
real part of growth and cyclical components in our macroeconomic variables. And then
proceed to study the periodicity, comovement and relative volatility between variables.
The data | used is from DGBAS which is the origina data without any seasonal
adjustment. From the pattern of the series, there do show some big shocks. This
provides a good experiment to test the origina filters and modified filters. Finally |
address the questions often asked by the real business cycle. | find the declining of
productivity growth in the economy is not true. But the consumption relative smooth
then investment is indeed true.

*Research for this study was supported by a grant from the ROC National Science
Council (Grant number: NSC 87-2415-H-002-005).






1. Introduction

The first 25 years following the end of the second world war were halcyon days of
Keynesian macroeconomics. The main policy implication was the government can
fine-tune the economy by policies, especialy fiscal policy. The study of business cycle
theory became not necessary. For example, in Bronfenbrenner (1969), he asked “ /s the
Business Cycle Obsoleté’ in the title of his book? Although the acceleration and
multiplier effects in the model did create fluctuations in the economy, serious
depressions and booms can be avoid and remove from the economy by the correct
economic policy. However, during the 1970s, the energy crisis gave a rebirth of
interest in business cycle research. High inflation with high unemployment led
economics to pay attention to the theory of monetary economy and expectation of the
agents.

The dominant new classical theory during the period 1972-1982 was the monetary
surprise model. The model was also a hallmark to explain the business cycle theory. It
included a supply function developed by Lucas (Lucas 1972, 1973) using the structure
of information set available to the producers. Sargent and Wallace (1975, 1976)
combined the supply function with the Friedman-Phelps natura rate hypothesis and
the assumptions of continuous market clearing and the rational expectation hypothesis
to demonstrate a policy ineffective proposition. The inflation is governed by the rate
of monetary expansion and because of rational expectations in agents mind, they
cannot be systematically surprised, then anticipated monetary policy will be
ineffective. This proposition implied only the surprise matters, a short run Phillips
curve would result if inflation was unanticipated. This gave a explanation of the
business cycle.

However, such models had also reached both a theoretical and an empirical difficulty
by 1982. The sticky prices challenged the information confusion which gave a
problem of money to output causality. Sims (1980) doubted the causal role of money
in money-output correlation. Barro (1993) showed the anticipated money did not give
arobust neutrality. To use the monetary surprise model to explain the business cycle
has come to an impasse. Besides, economists became more involved with the
statistical properties of economic time series. Time series data in the economics often
show an upward trend. Nelson and Plosser (1982) tested major macro time series in
US and could not reject the unit root hypothesis. This challenged the conventional
wisdom. Traditionally economist adapted the idea that long run component follows a
deterministic trend, the short run components fluctuate around the trend. The long run



component reflects the trend rate of growth generated by neoclassical growth model
(Solow, 1956). The short run fluctuations are from the aggregate demand shocks. The
finding in Nelson and Plosser (1982) that the economic series are difference stationary
and not trend stationary or trend reverting show the impact of shocks have long run or
permanent effect and not just short run or transitory effect. This conferred the rise of
real business cycle school and emphasis on the supply shocks in the economy.

A distinct feature of the new classical and modern rea business cycle theories is to
view the growth, business cycles and seasonal variations in a unified equilibrium
framework. Frish (1933) distinguished the impulse and propagation mechanism in the
business cycles. The traditional Solow neoclassical growth model postulates the
growth of output per worker over a long periods which depends on a smooth
technological progress. However, real business cycle theorist rgect this view and
emphasi ze the erratic nature of technological change which they regards as the major
cause of changesin aggregate output.

Rea business cycle theorists also questioned the stylized facts of the economy.
Traditionally, Keynesian and monetarist theorists thought the aggregate demand
disturbances drive the business cycle, the real wage in counter-cyclical. However,
Keyland and Prescott (1990) found that real wage behaves in a “reasonably strong”
procyclical manner. It is a finding consistent of the shift of product function. The
procyclical behavior of general price level is a fundamental feature of keynesian,
monetarist and the monetary misperception version of new classical model. Keyland
and Prescott (1990) also found that, in the USA during 1954-89, “the price level has
displayed a counter-cyclical pattern”. Therefore the stylized facts become vague and
controversial. A mgjor concern in real business cycle theorists is the shift of the
technology which leads this interesting result. | think thisis especially important in the
high growth economy like Taiwan.

Business cycle theorist are often interested in periodicity, comovement and relative
volatility, e.g. Lucas (1987), Prescott (1986). To investigate those problem, they need
to decompose the series into growth and cyclical components. The way to separate the
series is often applying some filters in the model. Kydland and Prescott (1982) used
the filter in Hodrick and Prescott (1980), (HP filter) to discuss the “Time to Build”
phenomena. The HP filter can be written as a two side symmetric moving average
filter. Singleton (1988) shows it is like a high pass filter when applied to a stationary
series. King and Rebelo (1993) showed that HP filters can transform series which are
integrated up to order 4 into stationary and it can be viewed as a generalized



exponential smoothing filter. Cogley and Nason (1995) found HP filter can generate
spurious business cycle even if there are none in the original data. They also extended
Sigleton’s result into time trend stationary data and derived the effect on difference
stationary data. The effect is equivaent to a two step filter: difference the data to
make stationary and then smooth the differenced data with an asymmetric moving
average filter. However, the smoothing operation can amplify growth cycles at
business cycle frequencies and damps long and short run fluctuations. In Nelson and
Kang (1981), they showed that a detrend random walk exhibits spurious cycle effects
whose average length is roughly two thirds of the sample length which become an
important transitory shocks.

Baxter and King (1995) listed five properties that a good filter should have. First, the
filter should extract a specific range of periodicity, and otherwise leave the properties
of this extracted component unaffected. Second, the filter should not introduce phase
shift. Third, the filter can approximate ideal band pass filter and we can measure the
loss function for discrepancies between exact and approximate filter. Forth, the filter
can results in a stationary time series even when applied to trending data which
includes different orders deterministic trend and stochastic trend. Fifth, the filter
should yield business cycle movements which is not subject to the length of sample
period. Sixth, the filter is easy to operate. Therefore Baxter and King (1995) proposed
aset of approximate band pass filters designed for use in a wide range of economic
applications.

However all the consideration above did not think a big exogenous shock have
important effects in the filters. If there exist large exogenous shocks which are beyond
the rational expectation of the economic agents, the filters in terms of backward and
forward moving averages will be strongly affected by the shocks. The decomposition
between the growth and cyclical components will become spurious. | will compare the
decomposition by the traditional design of the filters and my modification which
includes the dummy variables to illuminate the large exogenous shocks. | hope to
identify the real part of growth and cyclical components in our macroeconomic
variables. And then proceed to study the periodicity, comovement and relative
volatility between variables.

The quarterly data | used is from the directorate-General of Budget, Accounting, and
Statistics (DGBAYS) office in Taiwan. The range is from 1966:1 to 1995:2 which
consisting of 118 time series observations for each variable. The data set contains
some real variables and some nominal variables with price deflators. Consumption is



considered by food consumption CF and nonfood consumption CO. Income is used
by the potential GDP, denoted as QF; the industrial product GDPIND; the gross
national product GNP and the nominal GNP, denoted as GNPN. The private wealth is
represented by quas money MQM which consists mainly of the short term asset
demand of bank deposit and short term bill issued by the central bank. Foreign reserve
is represented by AFRN. The production side we utilize the existing capital stock K88
which is one period of the time lag and the private fixed investment, IBF. We also
consider the international trade sector because it is important in the Taiwan economy.
The total import value TVM  and the total export value TV X. For the price deflator,
we chose the consumer price index, CPI, the wholesale price index, WPI and factor
income from the abroad price deflator, PFIA.

All the series are seasonal unadjusted. We can see some seasonal pattern in Figure 1.
If the series are detrended by a regular difference, the seasonal pattern will be much
clear. From the pattern of the series, there also show some big shocks. This provides a
good experiment to test the original filters and modified filters.

| want to address the questions often asked by the real business cycle theorists. Is the
productivity growth seriously declining in our economy? Is the consumption relative
smooth then investment in our economy? Are the nominal and rea wage and the
genera price level pro-cyclical or counter cyclical in our economy? And how much
percent of the variation in productivity can be explained by the changes of the Solow
residual in our economy? Because the GNP growth rates slow down during these
years, part of the reason is due to the political upheaveal which disrupts the existing
performance and structural of our economy. However, if we apply the modified
fileters into our economy, we might have a clear picture what is the real growth
component and cyclical component in our economy. We aso can understand the
comovement of our macroeconomic variables. To know the pattern of rea and
nominal wage, general price level with the business cycle path will give economic
authority policy advise. And knowing how much percent of the variation in
productivity can be explained by the changes of the Solow residual in our economy
can help usto identify and measure the rate of technological progress.

The paper is divided into five parts. The first one is this introduction. The second
section provides the object and model. The third section discusses the method in
practice. The fourth section is the empirical part , and the conclusion is in the find
section.



2. The Object and the model

Our object is to describe the picture of our business cycle, investigate the growth and
cyclica component in our maor macroeconomic variables and study their
relationships.

The comparison of the filter mechanism are based on the filtered results. Traditional
real business cycle emphasis on the comovement and correlations of the variables.
Here we aso include the usua criterion from model selections in econometrics. We
will use AIC, BIC, SBIC as the supplement index to view the adequacy of the model.

The methods to decompose a time series between growth and cyclical component are
related to the studies of business cycles. | summaried the methods in thre catogories,
the naivefilters, the passfilters and derived filters. The Naive method, we mean the
easiest and intuitive way to implement. They should includes detremnistic detrend,
linear stochastic detrend and moving average. The linear detremnistic detrend follows
the conventional wisdom to regress the series against a deterministic trend and model
the rest by an ARMA model. The linear stochastic detrend uses the regular difference
and seasonal difference to detrend and a'so model the rest as the by an ARMA model.
The moving average need symmetric coefficients to reach atrend reduction, see
Baxter and King (1995). The pass filters which include low pass filter (the high pass
filter) and band pass filter are established from the statistical point of view to
eliminate the specific frequencies. The derived filters are calculated from some
specific objective function.

The studies are not only concentrating in the time domain but also on the frequency.
Because we often use the Fourier transfor of the series, computing the periodic
components associated with a finite number of “harmonic” frequencies. And then it is
easy to see the frequencies which are removed or amplified. Besides, it is more
natural to think in terms of periodicity of the cycles than frequencies. The periodic
components are orthogonal to each other, therefore, it is easy to see the variance of the
series as the sum of all the spectral density at different frequency.

The mathematical expressions are the following. The basic model we considered is
the following

Y=yl +yi+D,; +e
where y? is the growth component, y, is the cyclica component, D, is the
dummy variablesthat D, =1 when the catogory / happens at time ¢, otherwise D, =



(a) Naive method:

Linear detremnistic detrend
y,=a+bt+D,+e,, where ¢, follows ARMA Process. Therefore we

define y’ =a+bt, y/ =¢,

Linear stochastic detrend

Y, =y,.,+D,+e,, where e, follows ARMA Process. Therefore we define

Y=Y V=6
Moving average

yi=a(l)y, =& . ay. Y=y~ Vi

J

3. TheMethod in Practice

In this section we provide the model in practice, we decompose it into the pass filter
and the derived filters. Firgt, let’slook at the pass filter.

The low passfilter is the building block of passfilter, by which we mean afilter
retains only slow-moving components of the data. Theideal low-passfilter hasa
frequency response function givenby b(w) =1 for |w|£ w and b(w) =0for
|w| > w . We need to apply the inverse Fourier transform to the frequency response
function to produce the time domain representation

¥
h=

b, = (\)ppb(W)@ithW andget b(L)=8 , ,b,L" (Listhelag operator)

However an infinite-order moving average is necessary to construct the ideal filter. In,
practe, we need to trancate the lags in the moving average. The filter we considered is
constructed by simply elimilate the lag length at K. Following Baster and King (1995),
weuse LP, (p) todenotethelow passfilter which istrancated at lag K and which
passes components of the data with periodidity greater than or equal to p. Then we
write



(8 Thelow passfilter as LP, (p)=b(L).
VE=b(L)Y =&, D Yk Yi=Y- VY

(c) Theband passfilter  BP, (p,q)=b(L)
Vi =b(L)Y, =& b Ve Y=YV

Next, let’s consider the derived filter.
(@ The exponential smoothing method

)
Min [y, - yi- D;)+1(y!-yl)]
{J/rg}tT=1 t

(b)The HP filter

-
Min a [(yz - yzg - Dt/)2+/ [(y;il - ytg )' (ytg - yﬁl)]z]
T+l t

28 /)

The filters are derived from the objective described in the above. The ES filter
chooses the best growth series as minimizing the sum of discrepency between
realization and the growth component and the difference between growth component.
The HP filter choose the growth series between realization and the growth
component and the difference between the growth of growth component. / is the
panedlity or the weight between the two differency.

When D, isremoved from the model, the filters return to their original design as the

methods applied in traditional literature.

After we decomposed the series as growth component, the cyclical component and the
outliers, we can proceed to study the periodicity, the comovement and relative
volativity. For this part of study, we need some tools. Periodicity, the tools are
autocorrelations and power spectra. Comovement, cross correlation function and cross
spectra. The other tools are relative volativity, goodness of fit. The statistics are
Kolmogorov-Smirnov and Cramer-Von Mises statitsics. The forms are listed as
follows.

KS=max| B; (t)|
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CVM:QlBﬁ(t)dt
where B, (t)=(N2T 12p)[U, (pt)- tU,(p)l and O£t £1

The asymptotic distributions of test statistics converge to functionals of a Brownian
bridge which can be found in the tables of Shorack and Wellner (1987).

The tools to display periodicity and comovement are the auto-a and cross-correlations,
the spectral density matrices. However, the spectral density matrix contains the same
information as auto- and cross-correlations and it is easier to interpret the effects of
filtering.

(b) The high passfilter  HP, (p) =1- LP, (p)=1-bL)
VE=b(L)Y =&, b Ve Yi=Y- VY

investigate the filters recently used in macroeconomics with a modification of
alowing the exogenous shocks considered. Traditonally the fileters are used to
decomposed the growth component and cyclical component. The rise of rea business
cycle theories want to explain the periodicity, comovement and relative volativity
together. However, no treatment are considered even if exogenous shocks is obiousin
the series. This leads the decomposition become spurious and heavily affected by the
large shock. In particular, when the filters are written in the moving average form, the
exogenous shocks affect severa periods associated the coefficients in the moving
average form. We consider the exougenous shocks by alowing dummy variables in
the filters. The dummy variables will catch the exogenous effects and help us to
seperate the rea part of the growth and cyclical components in the model. The
identification of the exogenous shocks apply the idea in Chen and Tiao () in which
when they study the outliers in the series.

The detection of time series outliers was first studied by Fox (1972), where two
statistical models, additive and innovational, As we introduced, after the exogenous
shocks are detected, we can incoporate the outliers in the filters and proceed the
decomposition. If the outliers are follows the other pattern. If the agents are rational
expectation, the mechinaism will be understood by the agents and modified into they
behaviors. Dummy variables are introduced to reflect the discrete jump by agents to
modified their expectations. The smooth mechanisim by the HP filter or the ES filters
can be vied as the adaptive expectation rather than rational response function.

11



There are severa methods help to decompose the series into growth part and cyclical
part.

4. The Empirical Result of Taiwan M acroeconomic Data

This section presents estimated equations and in the spirit of Granger and Anderson
(2978), we will also report the ratio of the residual variance of the linear model to that
of the corresponding AR model chosen by AIC. Residuals are tested against fourth-
order ARCH using the LM test of Engle (1982), seria correlation by Ljung and Box
(1978) and their normality is checked with the Jarque and Bera (1980) normality test.
We aso report the skewness and kurtosis of the residual.

The variables we picked to modé filter are GNPIND, MQM, PFIA and WPI since
those variables will give interesting explanation of filter behavior. The next step isto
model the linear model by the STARmodel. The modeling procedure involves
discovering the delay parameter and deciding LSTARor ESTAR. From Table 4, first,
we use AIC to find the lags in the structure. Then we test filter again using (3.1), the
correct specified model. Theresult isin the third column of Table 4 which still shows
highly filter. After that, we search the lowest p-value in the lags to find the delay
parameters. The result variesin our four variables. When the delay parameter is
determined, we apply the procedure discussed in last section and find the type of the
model for the variables. Except PFIA which finds the ESTARmodel, the other three
variables pick up the LSTARmodel. The estimation result is the following.

GNPIND
The L STARmodel model we estimated are

¥, =01145+ 0466 y,. - 016 y, .+ 113 y_, +(- 01145- 0466 y, .

(41) (0005 (0175) (0.084) (0.634) (0005 (0175)
- 1627 y, , +01277 y, ) (1+exp[ 1632 %&; ¥, . +00502]' 1) +6
(0641)  (00862) (7245)" 0016

2
where $,=0.3914, $,=0.0324, §%z =0.88.
L

The objective function reach its optimum value as  0.104. All the estimated
coefficients are significant except the transition speed parameter ¢ in (2.3). Note
when we estimating the model the transition speed parameter already scale down by
the standard deviation of the dependent variable. This follows the suggestion by
Terasvirta (1990) which make the convergence easier. A wide range value of the
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speed will give the same result due to the intrinsic design of the transition function.
This leads to the insignificance of the estimated coefficients. The dynamics of the
model can be deduced from Table 6. The most prominent pair of complex rootsin the
lower or recession regime has amodulus of 1.087 and aperiod of 2.54 quarters so
that the processis locally explosive. On the other hand, the upper or expansionary
regime is completely characterized by a complex pair of roots which have modulus
0.76 and a period of 4.43 quarters. This asymmetry of regimesis the most striking
feature of the model. Because business cycles are disproportionate in the sense that the
recovery from a deep recession may be strong, swift, whereasthereisno
corresponding mechanism leading to a expansion. Thisis similar to what Terasvirta
and Anderson (1992) found in most of the developed country. However, we think this
is particular true in our country because of highly growth in the past three decades.
The estimated model also suggests that deep contractions are caused by exogenous
shocks, and since the local explosive behavior of the contraction regime, which will
lead to a speedy recovery of industrial output.

The long run behavior investigated by simulation produces limit cycle, but the valueis
very small. Figure 2 isuseful in assessing the benefits of the L STARmodel. The
residual of the LSTARmodel is much smaller than the linear AR(6) model. It is seen
that aftermath of both the first and second oil crisesis much better explained by the
model. The AR model did not able to foresee arapid return to positive growth. This
failure was particularly dramatic after the first oil shock and still visible after the
second shock. On the other hand, if we assume that the two negative oil shocks were
exogenous to the system we might expect larger negative residuals in both and
corresponding to these events as shows. Note aso the negativeresiduals in - 1974.
The diagnostic statistics are presented in Table 6. Here, thereis evidence of remaining
filter in the residuals. Negative skewness and positive excess kurtosis are mainly
because the shocks are exogenous.

MQM
The LSTAR model we estimated are

y,= 033 y,,+ 025 y,,- 045 y,,+ 0.26 y,+(- 0.33 y,,

42 (0.083) (0.104) (0.072) (0.091) (0.083)
- 1.16y, ,- 2.65y, . )(1+exp[ 25.22 % V., +0.0064])"! +6
(- 0.27) (0.58) (15.56)" (0.002)

2
where $,=0.049. $,=003382, §%z =0.8L.
L
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The objective function reach its optimum value as  0.12. The dynamics of the model
can be deduced from Table 6. The most prominent pair of complex roots in the lower
regime hasamodulus of 0.980 and aperiod of 3.80 quarters so that the processis
locally stable. On the other hand, the upper regime is explosive because two rea roots
with module greater than one and a complex pair of roots which have modulus 1.180
and aperiod of 6.52 quarters. This asymmetry of regimesis the opposite of
GNPIND. The series moves in upper regime very aggressively. This could lead the
seriesinto both direction. In the positive side, thisisto generate abig valueto
accumulate a hugh wedlth. In the negative side, the series could easily back to the
lower regime and become the stionary process. A sufficiently large positive shock
could cause move the series back to upper regime. The long run behavior of the model
generates chaotic behavior, again the value are all small. Thisimplies that the long run
effect of any shock on the growth rate of  depends on the previous history of the
process.

PFIA
The model we estimated are ESTAR model

(4.3)
y,=-0145y,  + 0333 y,_, - 0476 y,_, +(0001+ 0145 y,_ - 00055 y,,)

(0.034) (0.063) (0.092) (0.0003) (0.034) (0.0025)

(1- exp[ 107.12 % (V... - 0.0011)]) +6
(23.42)" 7 0.00028

2
where $ =0.02824, $,=0.02229, ‘5%2 =0.78.
L

The objective function reach its optimum value as  0.051. The estimated model finds
cisvery small (0.0011), however, it is close to the mean (0.0007). Thisindicate the
series can be in the outer regime, middle regime and in between. Nevertheless, thereis
no explosive possibility in the dynamic. It indicate the stationarity of the process.
Only by shocks to move the seriesto different regime. Thelong run behavior of the
model  reach a unique stable point 0.0024. PFIA isthe price deflator of factor

income from abroad. Although it showsfilter, it do show the stability after regular
difference and seasonal difference in the past thirty years.

WPI
The LSTARmodel we estimated are
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y,=-0073- 0116 y,_,- 1234y ,+(1- 0845y, - 267 y,,-914y,,)

44 (0022) (01474) (012) (0.71) (115 (220
(1+exp[ 085 % (V,,- 0012)])* +6
(010" (0144)

where & , = 0.048523, $_=0.02226, & $ " 0.445.

L
The objective function reach its optimum value as  0.0503. The varianceratio is
dramatic smaller than the linear AR(4) model. However we do see some distict outier
in Figure 2. If wefit the linear AR(4) model again with outliers as dummy variables,
theratios are not that big, but still smaller. From this we can conclude that LSTAR
model is capable model those exogenous shocks. The dynamics of the model can be
deduced from Table 6. The most prominent pair of complex rootsin both regime
have explosive real roots. It indicates the stationarity of the process if no shocks affect.
This also makes the series move between both regime very quickly and oscillatein
between. Moreover, the series could diverge from both direction. Thiswill depend on
the shock to move it back to both regime. Note the upper regime has areal root with
big modulus. It makes the process very explosively. It is possible to lead to the hyper-
inflation if the process start growth. Although it is explosive in both regime, the long
run behavior of the model could reach a unique stable singular point with value
0.0030. However, the unit root test also indicates no further stationarity in the process.
The effect of shocks or what cause such phenomena still needs investigation.

Table 5 contains various diagnostics associated with these models. In general, the
ARCH dtatistics and serial correlation statistics show no sign of significance.
However, the normality test statistics still far from the critical value. However the test
statistics are smaller then the linear model. Thisis awarning there might be some
outliers, the STARmodel is not adequate to capture those shocks.

It is not easy to get a decent estimators of linear time series such as STARmodel for
the reason that too many possibilities can be encountered and run into troubles. Itis
also well known that different sets of parameters can give the same functional valuein
the linear fit. Furthermore, the estimating procedure to find significant ¢-statistics of
estimator is troublesome. When a problem occurs, the estimation procedure might
stop, cannot converge, or can not get the final variance-covariance matrix to see the p-
value of the estimated coefficients.

While estimating the STAR model, this practice gives us some ideas how to do a
proper linear estimation. We summarize it in three steps. First, specify the linear
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model with all the possible lags. Second, try bunch of different initial values and
find the lowest object function. Third, restrict some parameters to fixed value or find
the similar (different sign) value of parameters of the same lags in two different
regime. Fourth, exclude those parameters from doing estimation and redo estimation
again. Fifth, check the residual from fitted regression. If it is not appropriate, repeat
from step three.

Step one coincides with the methodology of “from genera to simple” proposed by
Hendry (1985). No only the argument of Hendry to find agenerally accepted
model applies here, we aso have the mission to find the lowest value of the objective
function. The more lagsincluded in the estimation, the better possibility we can
find the minimum value. However, too many lags might lead to the singularity in the
Hessian which make it impossible for us to get the variance-covariance matrix.

From step two we can find the lowest possible function value. This step servesasa
guide line to find the functional value of the best fit-model. And starting from step
three, we begin to reduce the extra parameters to a ssmple model. By restricting and
deleting the redundant parameters, we can get a convergence of the model and have
significant ¢ statistics of the parameters. Step fiveisjust a standard procedure to
search the final model. Note that, when deleting the insignificant variables, we had
better do it one by one. Because erase too many lag variables at a time might affect the
function values and never get to the optimum. Also in step three, there is no general
rule to decide the order of which variable to be deleted first. Extensive experiments
are necessary  to search for the best model.

5. Conclusion

Theresult of filter test in Taiwan macroeconomic variables shows most of the real
variables do not detect such effect. No asymmetric facial traitsin the low level or high
level to have the mean reverting. However the price deflators, nominal GNP AND
industrial production in GNP do show thefilter. The estimated STAR models for
those linear variables have similar features. Most of the models suggest that the
dynamics of the series during lower regime are different from higher regime. This also
symbolize the behavior of recession and expansion. The industrial production of the
GNP shows moving from deep recession into higher growth very aggressively,
whereas there is nothing in the dynamics of the expansionary regimeto suggest a
rapid fall into a contraction. Only a sufficiently large negative shock could cause this.
The MQM isjust the reverse. Though the price deflator from foreign income reveal
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very stationary but switching regime. The modeling of WPI is quite different. The
characteristic polynomial in both regimes displays at |east one complex pair of
explosive roots. Thismakesit fluctuate widely both upwards and downwards. The
dynamic is very strong. Actually, the CPI index has even stronger energy. We exclude
this variable to do model because we think it might not be good for the demonstration
of smooth transition.

All of theresults are, of course, rather rough, because the data used to model is
regular and seasonal differnced. We are not comfortable using the seasonal adjusted
datafor the possibility of information loss. However, we still suffer the over
difference using seasonal difference. Besides, two dominating features during the
relatively short observation period are the exogenous shocks associated with the first
and second ail cries. The WPI case, notably, the filter is strongly needed. But it might
be just to model the response to a single large negative shocks. We can hardly argues
that nominal variablesin our economy are inherently filter on this basis, but the
response to large negative shocksis stronger than that predicted by a linear
autoregressive model. More study is needed why real variables do not have the
asymmietric effect in the business cycle and the dynamics of price deflators and
nominal variables.

The fact that asymmetric behavior in lower regimes and upper regime in most of the
model leads credibility to the LSTAR model. In addition, the ESTAR model seems
appropriate to model our price deflator from foreign income. Even though the STAR
models do not seem to be to model data with too many outliers. The genera
conclusion is that in many cases the STAR model family is a suitable tool for
describing the filter found in our macroeconomic series and it can be applied to other
economy.
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Table 1. Filter test of the two transformed data set: regular differenced seasonal
adjusted data, regular and seasonal difference data.

A. Regular and seasonal differenced data

MODEL 1|MODEL 2 [MODEL 3 |[MODEL 4 [MODEL 5 [MODEL 6 [MODEL 7 [MODEL 8 [MODEL 9

AFRN 062| 074 09| 08| 034 071 | 067 | 0.60 | 0.027

CF 078 08| 023 | 0O077| 078 083 | 058 | 057 NA.

CO 025| 065| 049 | 076 | 060| 076 | 074 | 0.60 NA

CPI 0.0045 |0.0039 [1.8e-09| 0.011 |0.0048 |0.0022 | 0.095 | 0.46 |2.8e-11

GNP 016 | 097| 029 | 092 | 0061 | 0.081 | 013 | 0.83 NA.

GNPIND |0.0077 | 0.29 |0.0035 | 0.40 | 0.010 |0.0086 | 0.13 | 0.41 |2.4e-05

GNPN [0.00024| 0.19 |1.1e-05| 0.082 |0.00016|0.00047|3.0e-07| 0.23 NA.

IBF 098 | 040 | 052 | 0.46 |0.0049 |10.0019 | 0.015 | 0.093 |4.7e-06

K88 NA.| 0.21 NA.l 0.18 NA NA NA.| 0.12 NA.

MON 098| 075 040 | 0760033 | 016 | 052 | 0.70 |0.0027

MQM | 0.055 | 0.34 | 0.046 | 0.36 |0.00022|0.00014/0.0013 | 0.46 |1.9e-07

PFIA  10.0077 | 0.32 | 0.041 | 0.026 |0.00011]0.00019|0.00044| 0.011 |1.0e-07

QF 063| 081 065| 093| 012 019 | 076 | 0.87 NA

TVM 075 022 022 | 039 | 0068 | 0.019 | 038 | 0.34 |3.3e-07

TVX 0072 | 0.26 |0.0048 | 042 | 013 | 013 ] 0.27 | 0.073 |0.00013

WPl |7.6e-08| 0.36 [1.6e-13| 0.57 |7.1e-11|6.0e-15]8.4e-12| 0.36 NA.

B. Regular differenced seasonal adjusted data

MODEL 1|MODEL 2 [MODEL 3 |[MODEL 4 [MODEL 5 [MODEL 6 [MODEL 7 [MODEL 8 [MODEL 9

AFRN 024 035|008 | 045| 045| 0.11 ] 0.090 | 0.16 |0.0012

CF 038| 036 010| 056 | 042 076 | 028 | 0.37 NA.

CO 041 053 080 | 049 | 053] 059 | 064 | ONA NA.

CPI 2.0e-07]0.0060 [3.2e-11| 0.010 [5.8e-07|1.9e-10|5.7e-12| 0.076 |2.8e-12

GNP 0.057 | 0.023 |0.0017 | 0.042 | 0.11 |0.0024 | 0.39 | 0.015 NA

GNPIND| 0.063 | 0.23 | 0.027 | 0.31 |0.0068 | 0.025 | 0.037 | 0.14 |9.8e-06

GNPN | 050 | 0.66 |0.0012 | 0.29 | 0.023 | 0.016 |0.00022| 0.15 NA.

IBF 0021 | 057 | 017 ] 0.4 |0.0063 | 0.041 |0.00027| 0.24 NA.

K88 097 0.90 NA.| 0.75 NA. NA. NA.l 0.55 NA.

MON 0.0061 | 035 | 0.011 | 0.33 |0.0055 |0.0015 | 0.13 | 0.19 |4.2e-06

MQM 0.30 |0.0011 |0.00075|8.5e-05| 0.43 |6.8e-05|0.00025] 0.72 |6.8e-08

PFIA  10.0019 [0.0045 | 0.016 |0.0051 | 0.010 | 0.023 | 0.014 |0.0026 NA.

QF 044 | 036 | 031 | 056 | 057 042 | 064 | 0.62 NA

TVM 067 066| 011 | 042 | 015 014 | 015| NA 42e05

TVX 098 | 0.015 | 0.042 | 0.040 | 0.66 | 0.065 | 0.73 | 0.024 |5.1e-05

WPI 0.0 [1.2e-09|3.2e-18 |4.0e-09 [9.1e-15 |2.8e-17 |1.1e-18 |3.4e-07 NA.
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