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I. Introduction

A trend is often considered to be a phenomenon that continues monotonically or
one whose direction is irreversible. Nevertheless, it is not easy to formulate or esti-
mate a trend in a strictly statistical manner.! Although business cycles or fluctuations
around trends have been subjected to rigorous analyses, attempts to estimate a
particular economic trend using traditional statistical methods have often engendered
significant problems. A lower-order polynominal regression is conventionally used to
investigate trends.”? Havenner and Swamy (1978), however, have suggested that
although a lower-order polynominal trend may describe a totally deterministic move-
ment, longer-term trends must be estimated stochastically. Because trends are usu-
ally irregular over time, it may not be appropriate to formulate them using determi-
nistic polynominals.

In recent empirical economic studies based on the stationary stochastic process,
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1. “In ‘eliminating a trend’, we must take care not to throw out the baby along with the bath
water” (Samuelson (1980); p. 237).

2. Although the moving average is often used to estimate trends, this is not considered here

because of the problem of missing values at the beginning and end of the series and other
problems connected with this method.
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the problems related to trends have been described as the “arbitrariness of stationar-
ity” on detrending (Yamamoto (1983)). Stationary stochastic model-based analyses
have great significance for the study of a dynamic system, compared with traditional
econometric analyses which have not worked well. The nonstationarity of economic
time series, however, has had to be approximated to the stationary process. In most
cases residuals obtained by detrending series from the nonstationary series are used.
But the methods used to remove the trend are not always convincing. Chan, Hayya,
and Ord (1977), Nelson and Kang (1981), and Nelson and Plosser (1982) have stud-
ied on the problems caused by trend removal, especially the removal of polynominal
trends by regression. Nelson and Plosser (ibid.) state that the problems stemmed
from the deterministic trends when the trends should actually be regarded as stochas-
tic in nature. That is, if the secular movement is that of a stochastic, models based on
deterministic time-trend residuals are misspecified. Also, a series obtained by remov-
ing deterministic trends may produce pseudo-periodic behavior with long lags.

To avoid the arbitrariness of trend estimation, Box and Jenkins (1976) suggested
the adoption of first- or higher- order differencing for a series with trends. Since then,
the variate differencing method (including the issue of seasonal adjustment) has been
widely employed in analyses based on the stationary stochastic model, above all in
the empirical analyses in the United States (see, for example, Pierce (1975); Box,
Hillmer, and Tiao (1978); Hillmer and Tiao (1982); and Box and Pierce (1981)).
Havenner and Swamy (1978), however, have pointed out that although it is essential
to analyze a time series as a stochastic process, the problems caused by over- or
under-differencing, will make the series’ statistical attributes more complicated3 and
there is still no sufficient method for determining the order of differencing.*

Analysis around trends bears significantly on the method chosen for empirical
research. It is therefore imperative to consider it from different perspectives and
avoid the tendency to limit one’s inquiry to specific methodologies. This paper de-
scribes a statistical method for estimating stochastic trends that takes into considera-
tion the problems discussed above. To find the best may be hard, but it should be
defined as clearly as possible from the statistical point of view. The method presented
in this paper was developed by Kitagawa and Gersch (1984). As a basic premise,
their method follows a stochastic process. These are its main features: (1) trends are
characterized by a perturbed stochastic difference equation, which differs from the
conventional method of estimating trends which often observe an original series and

3. Mizoguchi and Kariya (1983) discuss the problems associated with the detrending method in
the ARIMA model.

4. Ozaki (1977) gives a criterion for the order determination of ARIMA models.
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applies the deterministic curves that are assumed to exist. (2) a smoothness prior
based on the Bayesian probability distribution is used in the formulation and is
represented by a state space model.’ The model’s validity is evaluated by a statistical
criterion using actual data. By using a smoothness prior, the Bayesian approach
attempts to reach a more appropriate solution that covers the traditional sampling
theory.® A statistical criterion is used to objectively evaluate the subjective uncer-
tainty inherent in prior information and to construct a more persuasive statistical
model. Combining the Bayesian approach with the model criterion gives their
method great practical applicability. (3) Stochastic trends and other components of
original series are estimated simultaneously. The components have stationary factors
that can be applied to the analysis of the stationary process. This is distinguished
from the conventional method, which intuitively fits the deterministic trend and
eliminates it or makes differencing the series to obtain stationary process.

Kitagawa and Gersch tested their method by applying it to time series in the
U.S. economy. In this paper the method is applied to Japanese macroeconomic
series: real GNP, the money supply, and the money-income ratio. The paper will also
consider the relationships between real GNP and the money supply and between real
GNP and the wholesale price index (WPT).

Although further examination is necessary, results suggest that the stochastic
trend developed by Kitagawa and Gersch is quite practical for analyses of real eco-
nomic time series. Compared to former analyses, the features of the statistical rela-
tionship between variables are more clear. The implication is that continued exami-
nation of the problems related to economic trends is necessary.

Section 2 contains a general review of time series with trends. Section 3 is a
summary of the method developed by Kitagawa and Gersch. In Section 4, we exam-
ine the results of the application of the method to Japanese macroeconomic time
series.

5. We used the expression “Bayesian approach” instead of “Bayesian method” in this paper
because there are various perspectives in the Bayesian formula. The Kitagawa-Gersch model
actively uses all possible prior information on observed time series by combining it with sample
information.

6. “Non-Bayesians, as well as Bayesians, use a good deal of prior information in building and
using models” (Zellner (1985)).
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II. A Bayesian Solution to the Smoothing Problem of Economic Time
Series

Let the time series with trend be

y(n)=f(m)+e (n) (n=1,..,N), )

where f (n) is an unknown smooth function and ¢ (n) is i.i.d. from N (0, ¢2), ¢2is
unknown. The problem is then to estimate f (n) in some satisfactory statistical man-
ner. Whittaker (1923) suggested that the solution will satisfy

mn (33 (y(n) =F(n)2+ A2 31 (Vef(n) 2] @

for fixed values of k and A .7 The first term in Equation (2) is the infidelity to the
original series y (n), which is the cost of f (n) being separate from the actual data. The
second term is the infidelity to the smoothness constraint, which is the cost incurred
by rapid change over time. Whittaker left the choice of the smoothness parameter A
to the investigator. This formulation is based on the notion that f (n) will be estimated
from the balance between the trade-off terms in Equation (2).

In the traditional formulation, Equation (2) was solved by treating f (n) as a
deterministic function and y (n) and e (n) as stochastic functions. A recent tendency
is to treat f (n) as a stochastic process (See, Box, Hillmer and Tiao (1978)). A
noteworthy example of this tendency is the Bayesian approach. Akaike (1980), fully
develops Shiller’s (1973) smoothness prior idea and gives a solution by maximizing
the likelihood function

—13 2 =A% (g
L) =expfs 3 2 (v(n) ()7} -exp| 30 2 (744(n))?) .

and An Bayesian Information Criterion (ABIC) procedure is used to select the best
model. The A in Equation (3) is referred to as a hyperparameter in the Bayesian
literature.® Kitagawa and Gersch extended Akaike’s concept; the smoothness prior

7. The ¥ in the second term in Equation (2) is the difference operator; that is,
vim)=£f(n)—f(n-1).

8. When £ (n) is divided into trend factor t (n) and seasonal factor s (n), Equation (2) is expressed
as:
2 [y(n)—t(n) —s(n))* +22{(V¥t(n))* + y*(s(n) —s(n—L))?
L-1
+22(Zs(n—i)?)}]

(L is for the seasonal cycle). Weight 72 and z? in this equation are further strengthened by
hyperparameter A2 (Akaike (1980); Akaike and Ishiguro (1983)).
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The first term is the fidelity to the actual data; the second to fourth terms express
the smoothness constraint of trend t (n), stationary v (n) and seasonal s (n) compo-
nents, respectively. P in the third term is the order of the autoregressive process, a;,
(i =1, ..., P) are coefficients and L in the fourth term is the number of period of
seasonal cycle. The role of hyperparameters 7 2 (i = 1, 2, 3) expresses uncertainty in
the priors. Equation (4) explicitly involves stationary factors as an autoregressive
(AR) process. This concept is outlined in the next section.

III. Smoothness Priors of Economic Time Series and Their State Space
Representation

1. Smoothness Priors of Economic Time Series Components

Observed time series y (n) can be decomposed into trend t (n), globally station-
ary stochastic factor v (n), seasonal factor s (n), trading-day effect factor d (n) and
observation noise ¢ (n) as

y(n) = t(n) + v(n) + s(n) + d(n) + € (n). (5

A smoothness prior of each component on the right side of Equation (5) is as
follows:® Trend component t (n) satisfies a k-th order stochastically perturbed differ-
ence equation

Vv t(n) = wi(n); wi(n) ~ N(O, 77), (6)

where wy(n) is an i.i.d. sequence and V denotes a difference operator v t(n)
= t(n) — t(n—1). For k = 1, Equation (6) is a random walk model and a stochastic
term is effective up to two previous periods for k = 2.  3implies the relative degree

9. When an original series is used logarithmically, Equation (5) is treated as an additive-type by
log model.
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of smoothness, which is estimated from the actual series.
A smoothness prior of the stationary stochastic component v (n) is assumed to
satisfy an AR model of order p. That is,

v(n)=av(n—1) + ... + av(n—p) + wy(n); wo(n)~N(0, 7 9. )

In Equation (7), w,(n) is an i.i.d. sequence. The AR model is constrained to be
stationary.

The seasonal factor s (n) may be nearly the same in every year. The stochastic
term is introduced to accommodate a changing seasonal pattern. Then the seasonal
model’s stochastic process is

s(n) = —{s(n—1) + s(n—2) + ... + s(n—L+1)} + ws(n); (8
W3(Il) -~ N(O’ T %)’
where w;(n) is an i.i.d. sequence.

Trading-day effect model is
d(n) = 8;(n)d;(n) + By(n)dx(n) + ... + Be(n)ds(n), )

where B;(n) denotes trading-day factor and 4 i(n) is the number of i-th day of the week
at time n. Furthermore, the constraint 2 Bi(n) = 0 so that B, (n) = —Z‘, Bi(n) is
applied. The non-perturbed difference equatlon constraint on the tradlng-day

Bi(n) =By(n—1), (i=1, ..., 6), (10)

is also considered.'® Smoothness priors of each component is represented by a state
space model, as shown in the next section.

2. State Space Representation of Smoothness Priors'’

The state space model for the observations y(n) is

x(n) = Fx(n—1) + Gw(n) .
y(n) = H(n) x(n) + ¢ (n), (11)
where F, G, and H(n) are matrices, respectively. w (n) and € (n) are assumed to be

zero mean i.i.d. normal random variables. x (n) is a state vector that includes trend,
stationary, seasonal, and trading-day components.

10. The trading-day effect may change stochastically in every month. But, in this model, we deal
with it deterministically.

11. See Appendix 1.
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The general state space model for the time series y (n) that includes components
and observation errors is written in the following form:

x(n): F1 X(l’l“l)"‘ G1 W(]’l)
Fa 0 G2 0
Fj Gs
R °©
y(n)=[HHzH3H4(n)]}x(n) +e(n) (12)

In Equation (12), matrices F, G, and H(n) in Equation (11) are constructed by the
component models (F;, G;, H;) (j=1, ...,4). In order (j=1, ...,4), these models
represent the trend, stationary AR, and seasonal and trading-day effects component
models, respectively.

An example of a state space model that incorporates each of the above con-
straints is given as follows:

[t(n) 1=[Ci-Cx_1 Ck 1-(tn=1) 71+[100]-[w,(n)
t(n—1) 1 -0 0 t(n—2) 000 | wa(n)
. .. . ) o Lws(n)
t(n—k+1) 0 -1 0 t(n—k) 000
v(n) a1 dp_i Qp v(n—1) 010
v(n—1) 1 -0 0 v(n—2) 000
v(n—p+1) 01 0 v(n—p) 000
s(n) —1---—1-1 s(n—1) 001
s(n—1) 1+ 0 0 s{(n—2) 000
s(n—L+2) 0--- 10 s(n—L+1 000
Bi(n) 1---0| |B:(n—1) 000

L Bs(n) L 0---1) (Bs(n—1) J 1000

y(n)=[1---01---01---0 d;(n)---dg(n)] x(n) + € (n) (13)
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where

x(n)=(t(n)---t(n—k+1)v(n)---v(n—p+1)s(n)---s(n—L+2) B 1(n)--- B¢(n)]",
and C; (i = 1, ..., k) reflects the trend constraint in Equation (6). System noise vector
w (n) and observation noise € (n) are assumed to be normal i.i.d. with zero mean
and diagonal covariance matrices

Lo G ) a9

2

where

w(n)=[wi(n)], Q=[n
w2z(n) 2

ws(n) 732 (15)

2

Recursive Kalman filtering and smoothing yields estimates of the state vector x (n)
and the likelihood for the unknown variances. Likelihoods are computed for differ-
ent constraint order models. The unknown variances 72, 73, t3, o2 and unknown
AR coefficients a; (i=1, ..., p) in the state space model are estimated by the maxi-
mum likelihood method. 7% (i = 1,2,3) is a hyperparameter, which is a measure of
the uncertainty of belief in the priors. In order to select the best model fitted to the
data in the alternative model classes, the criterion

AIC=-2(maximum log likelihood)+ 2(the number of parameters) (16)

is used from the log likelihood function

_X 1 —v(n)?
18, X(O))—HEI(ZE v(nln—1)) %-exp{z—vﬁ} (17)

The v (n) and v (n|n—1) in Equation (17) are the innovation and conditional innova-
tion variance at time n, respectively. The parameters for Equation (16) are deter-
mined by order k of the trend, order p of the AR process, seasonal cycle L, and
trading-day effects d in the state space model (Equation (13)). For the best model,
the filtered data are smoothed.

3. Numerical Examples by Kitagawa and Gersch

Gersch and Kitagawa (1983) and Kitagawa and Gersch (1984) have analyzed
U.S. data by their method, and compared the results with those obtained by the
Census X-11 procedure and a different method in Hillmer and Tiao (1982). The
series chosen was one of the set provided for analysis by Sandra McKenzie of the
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Census Bureau to participants in the 1981 ASA-CENSUS-NBER Conference on
Applied Time Series Analysis of Economic Data.

When comparing the results obtained by the Kitagawa and Gersch method with
those obtained by the Census X-11 procedure, using the Bureau of Labor Statistics
data for all employees in the U.S. food industries, trend plus AR process is very
similar to the trend obtained by the Census X-11 procedure. The trend removed AR
component is much smoother, and the AIC selects the AR order-2 model for the
trend estimation.'? In the increasing horizon prediction, the prediction performance
of the model including AR component is superior to that of the model ignoring AR
component. There is an increasing divergence between true and predicted data when
the model ignoring AR component is used.'? Similar results were observed when the
Bureau of Labor Statistics data for male agricultural workers twenty years and older
were applied.

The trends estimated by Hillmer and Tiao (1982), using the ARIMA model on
the Bureau of Labor Statistics data for unemployed 16-19 year old males in the
United States were more wiggly than those obtained by the Census X-11 procedure.
Kitagawa and Gersch also pointed out that the model analysis by Hillmer and Tiao
paid insufficient attention to the best model. The ARIMA model approach often
results in a relatively poor increasing horizon prediction performance.

Based on their results, Kitagawa and Gersch concluded that their approach
transcends the Census X-11 and ARIMA model approach in the treatment of the
estimation of trends and seasonal components from the vantage point of the model
analysis.

IV. Application to Japanese Macroeconomic Time Series

In this section the Kitagawa and Gersch method is applied to Japanese economic
series. First, trends in the real GNP, money supply and the ratio of money to nominal
GNP are estimated as the representative macroeconomic series. Second, the rela-
tionship among economic variables is analyzed by estimated AR component.'*

12. X-11 is based on the default option.

13. Let one-step-ahead prediction be y (n + 1|n) (n = N, N+1, ..., N+M—1, 1=n=N, M denotes
prediction period), then increasing horizon prediction is estimated by y (N + i|N) (i=1, ...,
M).

14. In this paper the stationary process is estimated by p-th order AR model. Estimated AR
process, however, may evolve over time. In this regard, the non-stationality of the detrended
series has to be discussed (See, Naniwa (1986)).
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1. Trend Estimation
A. Real GNP

The rate of change over the previous year and its trend are widely used because
they offer a simple method for observing the current state of national growth and
eliminating the seasonal effects. From the analytical point of view, however, year-to-
year comparisons of trends may not ensure optimum results because such compari-
sons do not explicitly account for the intrinsic trends or the seasonal and other
components of the original series. The analysis presented below suffers from these
comparative problems.'® Figure 1 illustrates the trends estimated when the order of
the perturbed difference equation and the order of the AR model are given from 1 to
3.1 The parentheses at the upper right-hand corner of each figure indicate the order
of the trends and the AR model. The figures are arranged from the upper-left corner
downward based on the AIC. The seasonal factors are not estimated because we are
using the year-to-year rate of change.'” The sample period is from the first quarter of
1966 to the first quarter of 1984. Sample size is 73.

The trend estimated from the minimum AIC model is Figure 1-i, but the differ-
ence of the AIC between Figure 1-h and Figure 1-i is 0.8. The AIC suggests that the
two models are approximately the same, although trend in each is different.'® Trend
in Figure 1-i exhibits a downward movement on the whole, but the trend in Figure
1-h reveals no marked downward tendency in the latter half of the sample period.
Subsequently, it becomes difficult to accurately predict which trend will be adopted.

Figure 2 shows the trend that is directly estimated from the original series with
seasonal factors and other components. The sample period is from the first quarter of

15. Tto and Sasaki (1984) noted that the rate of change over the previous year is often misleading
in evaluating business activities, because in transitional periods of cyclical changes in the
original series, the rate of change is sometimes reversed.

16. The orders of the trend and AR models are 1 through 3. In our experience, these orders are
appropriate for the economic data discussed in this paper.

17. Figure 1 presents the results of the model, which are composed of trend, the stationary AR
process and irregular component. The results of the models composed of trends and irregular-
ities were excluded from the figures because of the large AIC and the wiggly trends (See,
Table 1-(1) for the estimated parameters and AIC).

18. AIC s a criterion for determining the best model among the alternative model classes. When
the absolute value of difference of AIC between the two models is less than 1, the fitted
models are considered to be similar (Sakamoto, Ishiguro, and Kitagawa (1986)).
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Figure 1 Real GNP, Rate of Change over the Previous Year and
Estimated Trends

(... Rate of Change over the Previous Year — Estimated Trend)

a (3.2)AIC=135.3 d (3.3)AIC=307.6 g (23)AIC=2072

b (3.1)AIC=319.8 e (1.2)AIC=302.5 h (1.3)AIC=2921

c (21)A1C=1300.8 f (L1)AIC=3021 i (2.2)AIC=29.3

66 70 75 80  (Year) 66 70 7% 80  (Year) 66 70 75 80  (Year)

1965 to the first quarter of 1984. Sample size is 77.' Figure 2-a illustrates the original
series for real GNP and the estimated trend, and Figure 2-b is the series of the AR
compone:nt.20 The trend estimated from the original series is smoother, and the
continuously downward trend observed in Figure 1-i is not seen. The selected mod-
el’s AIC is significantly smaller than those of other models.?! In this case there was no

19. Unless specifically noted, the results of the minimum AIC models are taken up in the follow-
ing discussion.

20. Log values are used. The autoregressive series shown in Figure 2-b is set at 100 times. Outlier
analysis may produce better information for time series analysis, especially around 1973 and
1974 as seen in Figure 2-b. But, we do not use any adjustment here to see the whole span of
the process.

21. The parameters and AIC are shown in. In the best model, (AIC = —1239.1), 7 2is 0.19, and
v 2is 0.99. The trend’s stochastic fluctuations are rather minor (See, Table 1-(2)).
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Figure 2 Real GNP, Original Series, Trend and AR Process
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Figure 3 Rate of Change of Estimated Trend over Previous Year and
Average Growth Rates
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difficulty in selecting a model. To more clearly determine the economic implications
of this trend, Figure 3 illustrates the rate of change in comparison to that of the
previous year, time is divided into three periods: (1) 1965 to 1973 (just prior to the
First Oil Crisis); (2) 1974 to 1979 (just before the Second Oil Crisis); and (3) 1980 and
thereafter following the Second Oil Crisis.?? The average growth rate during period
(1) was 9.4 percent; the average growth rates during periods (2) and (3) were 4.2 and
4.0 percent, respectively. The result shows that growth rate following the Second Oil
Crisis did not remarkably decline and depression in business activities in 1981 to 1982
also appeared in the AR component in Figure 2-b.

B. Money Supply

In addition to real GNP, the rate of change of M, +CD (average balance)
quarterly series over the previous year and its trend are also observed attentively. As
mentioned in the previous section on real GNP, estimating stochastic trends from the
rate of change over the previous year by the method discussed in this paper would
result in problems. Following established procedure, however, we have estimated the
trend of the rate-of-change over the previous year. The sample period is from the
first quarter of 1968 to the first quarter of 1984. Sample size is 66.

Figure 4 illustrates the trends estimated when both the orders of the trend and
the autoregressive series are upgraded from 1 to 3 and arranged from the upper-left
corner downward in accordance with AIC. Figure 4-i indicates the minimum AIC. In
this instance, there is no problem in selecting the best model, and the trend of M, +
CD shows the downward direction from around 1972 to 73.

The trends estimated directly from the original series are shown in Figure
Because the seasonal factors have very little influence, the trends show virtually
identical movements for the original series. The rate of change of the trend over the
previous year is shown in Figure 5-2. The gradually declining trend may be inter-
preted as a reflection of the Bank of Japan’s policy stance. The Bank takes into

5.23

22. The rate of change is computed by converting the estimated trend into antilog.

23. Each factor is estimated by log value. The rates of change over the previous year are calcu-
lated after conversion to antilog. The parameters and AIC of estimated models are shown in
Tables 1-(3) and (4).
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Figure 4 M, +CD, Rate of Change over the Previous Year
and Estimated Trends

(. ... Rate of Change over the Previous Year, — Estimated Trend)

a (L1)AIC= 259.5 d (21)AIC=224.9 g (3.3)AIC=207.4

b (1L.2)AIC=238.8 e (31)AIC=22L9 h (3.2)AIC=19%.3

c (1.3)AIC=2385 f (23)AIC=2121 i (2.2)AIC=1883

68 70 75 80 (Year) 68 70 75 80 (Year) 68 70 75 80 (Year)

account the money supply after the mid-1970s.%*

24. For purposes of comparison to Figure 4, we estimate the trend in the year-to-year change as
shown in Figure below which shows the gradually declining tendency.

Rate of Change (dotted line) over the Previous Year and its Trend (solid line)
in the M, +CD Quarterly Average (original series — seasonal factor)
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Figure 5-1 M, +CD, Original Series (Quarterly Average) and Trend
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Figure 5-2 Rate of Change of Trend over Previous Year

(%)

300 -130.0
200 | ~200
100 -10.0
00k Lot dey dn o s ol dos d s sl ds e d oo

1968 69 70 71 72 73 74 75 76 77 78 79 80 81 82 83 84 (Ye;lr)

93



94

BOJ MONETARY AND ECONOMIC STUDIES

C. Ratio of Money to Nominal GNP

The ratio of the money to nominal income is used as the Marshallian k to
evaluate the level of liquidity in the national economy; the movement around the
trend is especially noted. We use the ratio of M, + CD to nominal GNP as the

Marshallian k.? The series are seasonally-adjusted.

APRIL 1986

Figure 6 Ratio of M, +CD to Nominal GNP, Trend and AR Process
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processes.

* Seasonally-adjusted
¥ — A indicates monetary restraint period

As mentioned before, there are problems associated with estimating a stochastic trend by
using seasonally adjusted ratios. We assumed here that the series are subjected stochastic
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Figure 6 shows the trend and AR series of the Marshallian k for the period from
the first quarter of 1967 to the first quarter of 1984. Figure 7-a illustrates the detrend-
ing series, which reveals an almost identical movement to that of the AR series of
Figure 6-b. This similarity results because the seasonally-adjusted detrending series is
a composite of AR and irregular factors. For economic implications, it should be
noted that AR plus irregular series tendency resembles the Financial Position Diffu-
sion Index of the Short-term Economic Survey of Enterprises in Japan (all
industries)? conducted by the Bank of Japan, which is an index of the tightness and
easiness of money (See Figure 7-b).

Figure 7 a. Deviation Rate of Ratio of M, +CD to Nominal GNP
b. D.I. of Judgment of Fund Management*
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o9k 109
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- 100 4- 100
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*  Short-term Economic Survey of principal enterprises, all industries, “Easy”—*Tight”

26. The number of enterprises that responded as financially “tight” was subtracted from the
number that responded as “easy”.
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The detrending series from the deterministic linear trends determined by the
least squares method are shown in Figure 8. For convenience, the sample period is
divided into the periods 1967-74 and 1975-84. The results indicate that there is a
certain degree of difference in the levels of the most recent trends.?” Further analyses
must be conducted to interpret these variations, but it is imperative that the analysis
around the trend be entirely dependent upon the estimated trend.

Figure 8 Deviation Rates of Ratio of M, +CD to
Nominal GNP from Linear Trends*
a. b.
1.1 111

N A A
N

ob Lo dui i el ds o LJ_LJI_I_LII_LI_ILIA_IIJ_J_IIJ_I_IIJ_I_IIJ_I_ILJ_LII___‘OQ
1967 68 69 70 71 72 73 74 75 76 77 78 79 80 81 82 83 84 (Year)

* estimated period: (a) 1967:1-1974:1V, (b) 1975:1-1984:1.

27. The power spectrum of deviation from stochastic trend shown in Figure 7-a decreases its
power in lower frequency (longer cyclical) area, compared with that of a linear trend, as
shown in the Figure below.

(Power)
1 -

Deviation Rate from Linear Trend

Deviation Rate from Stochastic Trend

1 1 i i )

0.0 01 02 03 0.4 0.5

(Frequency)
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2. Application of Stationary Factors: Relationship Among Macroeconomic Variables

Relative Power Contribution (RPC) is one statistical way to search for relation-
ships among variables in the stationary feedback system.?® The economic system,
however, is far from stationary. Therefore, we had to approximate to stationary
series. Using a detrending series is one way to do this. In the following example we
use AR plus irregular components for the stationary process.

Figure 9 presents RPC using the deviates from deterministic linear trends of the

Figure 9 RPC between Real GNP and Money

(RPC) a. (RPC) b.
1.0 1.0

06 L

02t M, — GNP

M, + CD— GNP
] 2 +I 1 (f)

0
00 01 0.2 03 04 05 00 01 0.2 03 04 0.5

(RPC) (RPC)
1.0 1.0

081

06 -

04

02 - GNP“’Mg GNP*"MQ +CD

0 ) ! ) @ 0 ! 1 ) [63]
00 01 0.2 0.3 04 05 00 01 02 03 04 0.5

a. Real GNP and M, (Oritani (1979), 1956:1-1978: 1)
b. Real GNP and M,+CD, 1967:1-1984:1

f denotes frequency.

28. See Akaike (1967) for details of RPC. For RPC applied to economic variables, see Oritani
(1979), Okubo (1982), and also see Appendix 2.
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Figure 10 AR plus Irregular Components
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year-to-year change estimated by Oritani (1979). This analysis attempts to analyze
the causal relationship between real GNP and M2. (Sample period is from the first
quarter of 1956 to the first quarter of 1978.) Figure 9-b illustrates the results of RPC
using the AR plus irregular components estimated by the Kitagawa and Gersch
method. (Sample period is from the first quarter of 1967 to the first quarter of
1984.)%° The series of this period is shown in Figure 10-a and b. RPC assumes that the
residuals obtained from the models are independent. In our estimation, the correla-
tion coefficient of these two variables is —0.024. The residuals of both variables can
be said to be almost independent.

Figure 9-a and b show that the money supply is influencing real GNP mainly in
the shorter- and medium-term cycles. Figure 9-b shows a much more significant
effect of GNP on the money supply in the longer-term cycles than Figure 9-a.

The result not only reveals that real GNP is affected by the money supply but
also shows that fluctuations in the money supply are not completely independent of
real GNP movements in longer cyclical terms. The longer-term influence observed in
Figure 9-a appears to be more significant. In a strict sense, of course, these two

29. AR plus irregular components are the results of trend estimations that are discussed in the
previous section.
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Figure 11 RPCamong Real GNP, M, +CD and Interest Rate

Contribution to a. Real GNP, b. M, +CD, and c. Rate

(RPC) a. (RPC) b. (RPC) c.
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figures cannot be compared, because the sample period and the money supply used
for measurement are not identical.>’

RPC, in which interest rates are included in the model with real GNP and M, +
CD, is shown in Figure 11. As for interest rates, the weighted average quarterly
series of call rate and discount rate bills (both in Tokyo) is employed. The composite
of AR and irregular series of the interest rates is shown in Figure 10-c.*! The correla-
tion coefficients of the residuals in the models of the three variables are generally
small: 0.25 for interest rates and M, + CD, —0.21 for interest rates and real GNP,
and —0.06 for M, + CD and real GNP. The results of RPC are shown in Figure 11.
Figure 11-a indicates that the effect of M, + CD on real GNP is still observed as
shown in the two-variable model. The influence of interest rates on real GNP is also
indicated. The influence on M, + CD is shown in Figure 11-b. The effect of real GNP
on M, + CD can be seen as in the results of the two-variable model. In addition to
this, the impact of interest rates in the middle and longer-term cycles can also be
observed. The influence of M, + CD and real GNP on interest rates is shown in
Figure 11-c and indicates interdependence among variables.

In his analysis of the causality between money and nominal income in the United
States, Sims (1972; 1980) initially concluded that on the basis of the two-variable
model there was a causal relationship from money to nominal income. Since then,

30. The seasonal factors are eliminated. If the original series are used, the relationship based on
quarterly seasonal cycles becomes dominant, and information on nonseasonal factors is less
revealed. Although there are problems with the seasonal adjustment method, for purposes of
the analysis, it may be necessary to take into consideration situations in which there are
seasonal effects as well as ones in which there are no such effects.

31. When the seasonal factors are not estimated, the AIC indicates smaller values.
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however, Sims has conducted an analysis using both a three-variable model consist-
ing of production, money, and WPI for the U.S. economy before and after World
War II and a four-variable model consisting of these three variables plus short-term
interest rates. From, these analyses, Sims argues that whereas in the three-variable
model the money is significant in explaining the production before and after the war,
in the four-variable model money has little impact on production. The findings show
that money’s influence on production declined, but both these variables were strong-
ly influenced by interest rates. Nevertheless, it is highly probable that the relative
degree of influence of each variable will be changed by the addition of a new vari-
able. As for the existence or nonexistence of causality, the results of analyses of these
statistical data should be used as one clue in further examination. It should also be
kept in mind that the method used in Sims 1972 has a methodological problem in that
different results are obtained when the order of the variables contained in the model
is changed.

Another example of RPC is to compare the results gained when differencing
series are used with those gained when AR plus irregular components are used.
Okubo (1982) analyzed the relationship between prices and real GNP by RPC (See
Figure 12). The analysis was conducted for the period from the second quarter of
1956 to the fourth quarter of 1981. Two approaches were taken: the first considered
the overall period; the second conpensated for the sharp rise in oil prices and other
factors in 1973-74 by dividing the period into two parts. The period from the second
quarter of 1956 to the first quarter of 1973 (Figure 12-b) was designated Period 1; the
period from the first quarter of 1974 to the fourth quarter of 1981 (Figure 12-c) was
disignated Period 2. The outstanding characteristic of the various components of
Figure 12 is that the relative contributions of WPI to real GNP were generally larger
for longer cycles; the greatest influence in Figure 12-a and b was exerted on the
longest term period (infinite cycle). In contrast, the relative contributions of real

Figure 12 RPC between WPI and Real GNP

(RPC) a (RPC) b (RPC) c
1.0 1.0 : 1.0 :
05F  WPI—Real GNP 05 - WP I —Real GNP 05 - WP I — Real GNP
\Qeal GNP—WPI \@HWFI : Real GNP WP I
0 — ] Cycle) | . ©Cycle) : (Cycle)
10 5 33 25 2 (qtr) 10 5 33 25 2 (qir) 10 5 33 25 2 (atr)

Source: Okubo (1982)
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GNP to WPI are minimal. A glance at the stationary series used in this analysis
reveals that real GNP and WPI are both based on seasonally adjusting and dif-
ferencing their log values. In terms of the components of the time series, this would
mean that the composite series of AR and irregular factors are converted into log
values and then differenced. As a result, the relative deviation in the series may
become smaller, and the shorter-term movements observed in the monthly WPI
seem to disappear as a result of the conversion monthly series into quarterly series.*?

RPC by estimated AR plus irregular components is summarized in Figure 13.
The composite values of the AR plus irregular series are shown in Figure 14. The
sample period is from the first quarter of 1965 to the first quarter of 1984. The effect
of WPI on real GNP is seen in the medium-term cycle, but the effect on longer terms,
(demonstrated in Figure 12-a) is not observed. The effect of real GNP on WPI is
more significant than that shown in Figure 12-c. In this analysis reexamination of the
models will be imperative to resolve this problem, because the correlation coefficient
of the residuals in the models between the two variables is very high (—0.44).

32. In discussing the statistical distortion of time series type conversion (for example, monthly to
quarterly), Nelson and Plosser (1982) state that “it is well known that time aggregation
amplifies low frequency movements relative to high frequency movements.” Although they
admit that, in general, the influence is not very significant, it is possible that such distortions
may affect the stationary series. The figure below indicates that minor fluctuations in the
monthly series disappear in the quarterly series.

(quarterly/monthly)

WPI Quaterly (—)* and Monthly (...)** Series

0/0.0

1
70 71 72 73 74 75 76 77 78 79 80 81 82 83 (Year)

* First difference of log seasonally adjusted series.
** Month to month change of seasonally adjusted series.
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Figure 13 RPC between real GNP and WPI
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Figure 14 AR plus Irregular Components
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Appendix 1:
State Space Modeling

The details of Kitagawa and Gersch’s state space modeling in Equation 12 are as
follows:

1. (F1, Gy, Hy): Stochastic Trend Component

Trend component satisfies the k-th order stochastically perturbed difference
Equation given in Equation 6. For k=1, 2, 3, those constraints are
= 1: t(n) = t(n—1) + wy(n),
k = 2: t(n) = 2t(n—1) — t(n—2) + wy(n),
k = 3: t(n) = 3t(n—1) — 3t(n—2) + t(n—3) + wy(n).
The corresponding F;, G; and H; matrices and state vector components are

k=1:F,;=[1], G,=[1], Hi=[1], x;(n)=t(n),
k=2:F1:{2 —1}, GFH, H,=[1 0], xl(n)z{t(n) }
1

1 0 0 t(n—
k=3:F,;=[3 —3 1], G,=[1], Hi=[1 0 0],
1 00 0
0 10 0
x;1(n)=[t(n) .
t{h—1)
t(n—2)

In general, matrices and state vector components are given as follows:

Fi=(Cys + + Cy4 Ck‘!, G,= 11, le[l 0 - 0], xl(n)zﬁt(n) 1
1 0 0 0 t(n—1)

L t(n—k+1)]
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2. (F2, Gy, Hy): Stationary Stochastic Component

The stationary stochastic component is assumed to satisfy AR process of order p
as in Equation 7. Then matrices F,, G, and H, are

Fe=[a1* * ap-1 av], G2=[1], Ha=[10 - - - 0], x2(n)=[v(n)
1 --0 0 0 v(n—1)
o - -1 0 ] 10} lv(n—p+1)]

3. (F3, G3, Hj): Seasonal Component

The seasonal component of period n becomes almost identical to the previous
year. That is:

(1-BY) s(n) = 0,

where B is the backward shift operator defined by B's(n) = s(n—L) and L is the
seasonal cycle. Considering the change of seasonal effect, stochastic term w;(n) ~
N(O, t3)i.i.d. is included. From (1-B%) = (1-B) (1+B+...+B.™1), the seasonal
stochastic model is given®® as

L-1

E}Bis(n—i)ZW3(n) .

The matrices and state vector components of seasonal model are

Fa=[—1-+ -+ —1 —1],G3=[1],Hs=[10 - - - 0], x3(n)=[s(n)
... o o 0 s(n—1)
0.+ 1 0J L0 ls(n—L+2)]

33. If the changing effects are large, another seasonal model can be:

(3B 2s(n) =ws (n).
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4. (F4, G4, H; (n)): Trading-day Effect Component

The trading-day effect component 8(n) (i = 1,...,7) of i-th day of the week at
month n has the constraint

él: Bi(n) =0, so that B7(n)= —igﬂi(n)'

Then trading-day effect is expressed by

M~

Ai(n)di* (n) = 22(n) (di* (n) —d7*(n)),

1

where di*(n) denotes the number of i-th days of the week in the nth month. The
nonperturbed difference equation constraint on the trading days is

Bi) = Bi(n-1) (i = 1,...,6).

Matrices F,;, G4 and Hy (n) and state vector components are

Fs=[1 , G4=[0], Hq(n)=[di(n)-ds(n)], x4(n)=[B1(n)

1 0 Bs(n)

where d; (n) = d;* (n) — d;* (n) (i = 1,...,6).
Equation 13 summarizes the above relationships. For a specific example, k=3,
p=2, L=12, then

x(n)=[t(n) 1=[3 =31 1-[t(h—1) 1+[1 0 0]-[wi(n)
t(n—1) 1 00 t(n—2) 000 |(wz(n)}
t(n—2) 0 10 t(n—3) 000| Lws(n)
v(n) aiaz v(n—1) 010
v(in—1) 10 v(n—2) 000
s(n) -1+ -1 -1/ |s(n—-1) 001
s(n—1) 1--- 0 0| |s(n—-2) 000
s(n—10)] | 0--- 1 o) lsta—11)) o0 o0

y(n)=[100101- - - 0]x(n)+e(n).
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Recursive Kalman filter and smoothing procedure are used to estimate state
vector x(n) in Equation 13, which yields the likelihoods of the unknown hyperpara-
meters. Likelihoods are computed for different constraint order models.

Appendix 2:
Statistical Relations among Economic Variables

In a stationary dynamic feedback system, the irregular fluctuation of system
components often causes a great move of the system that influences other compo-
nents. RPC attempts to observe these relations in the frequency domain in the
system. In this context, RPC is also used to analyze causal relationships among
variables by means of the mutual influence of the components. Naturally, actual
causality cannot be determined only by statistical investigation because of the diffi-
culties of modeling an economic system. A cognitive and theoretical discussion on
the existence or nonexistence of empirically observed causality may also be urgently
required.>* Akaike (1967), who proposed RPC, stressed the importance of analysis
from a comprehensive perspective. He also repeatedly carried out simulations based
on the results obtained by RPC to observe relations at the operational level.

As a tool to explore causality, the RPC concept attempts to give more attention
to feedback relations than traditional statistical methods do. For example, even when
the causal relation x(t) — y(t+1) is obtained statistically over time t, x may not be a
sufficient condition to cause y. This is because relationship y(t) — x(t+1) may also
exist simultaneously. Both x(t) and y(t) may be subject to changes caused by the
effects of other common variables, which may result in the relation x(t) — y(t+1).
Furthermore, when there is an autocorrelation for each x and y—that is, when there
is the correlation x(t) — x(t+1) and y(t) — y(t+1)—the cause of y’s movement is not
always clear. The same problem will occur even when both variables have the same
trends. In a multivariate dynamic feedback system, the correlations among variables
would obviously be more complicated. For instance, when considering causal order x
— y — z, changes y — y’ and z — z’ occur against change x — x’. Such feedback
relations among variables have to be analyzed differently depending on whether x’ or
y’ is the major cause for z'.

One should anticipate that various problems will accompany the process of
statistically verifying the existence of causality. When true causal relationships do
exist, however, they should be reflected in the data, and the usefulness of exploring
the implications of causality by analysis of these data cannot be denied. But since
many of the series used in economic analyses are not only modified but are also
nonstationary, differences can easily occur among the results of analyses conducted
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using approximation methods to stationarity. Also, the results are dependent on the
particular model and data used in the analytical issues. Therefore, it is not unusual
for conflicting results to emerge in inquiries into similar subjects. In statistical analy-
ses, it is necessary both to be familiar with the features of the statistical methods
applied and to be aware of the traits of the models used. It is also necessary to
analyze the reasons why differences appear in the results and use this knowledge to
interpret their statistical significance. In that sense there is a need for further exami-
nation of the findings presented in this text. These problems should always be kept in
mind when analyzing the results of any statistical method, they are not solely associ-
ated with RPC.

34. In natural sciences, where it is possible to do repeated experiments, causal relationships are
considered to be relatively easy to identify. This is because the subjects treated in the natural
sciences are governed by the unchanging principles of nature. In opposition to this view,
Suzuki (1975) argues that even in physics, the most precise of the natural sciences, it is well
known that in the world of quantum mechanics, the pillar of modern physics, principles
cannot exist without the concept of fortuity on probability. Such being the case, the basic
question then becomes what is “inevitability” for “causality”. Inevitability exists from the
viewpoint of probability. In discussing causality in economic phenomena, McClelland (1975)
also points out these problems. He also cites Nagel and the strange phenomenon that the
word “cause” is seldom used in the developed sciences. He adds that although the word
“cause” is hardly ever used in research papers and scholarly reports in the field of natural
science, the concept of “cause” is widely recognized. These can be considered as examples of
epistemological level thinking.
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