
  

 

Abstract—This paper studies the dynamic effects of oil price 

fluctuations on business cycles and the unemployment rate in 

Japan. Much of the conventional research on relations between 

several economic variables has applied models based on the 

assumption of parameter invariability. However, when we 

consider a time series model over a period of several decades, 

assuming no structural changes is clearly unrealistic. In the 

present paper, we apply a time-varying coefficient vector 

autoregressive modeling approach based on a Bayesian method 

using smoothness priors. The results suggests that oil price 

fluctuations strongly influence business conditions. Oil price 

fluctuations also affect cyclical unemployment rate during the 

recession. Notably, the influence of oil price fluctuations on 

business conditions and unemployment has become large in 

recent years. 

 
Index Terms—Bayesian modeling, time-varying coefficient 

VAR model, oil price, unemployment rate, composite index. 

 

I. INTRODUCTION 

Rapid changes in oil price exert an economic influence that 

cannot be ignored in Japan. In recent years Japan has also 

suffered simultaneously from a rise in unemployment rate and a 

long-term economic depression. However, no studies have 

synthetically analyzed oil price fluctuations, unemployment 

and business conditions within a dynamic framework. 

Therefore in this paper we analyze the dynamic effects of oil 

price fluctuations on business cycles and unemployment rate 

in Japan using time series data. 

Major studies on the macroeconomic effects of oil price 

fluctuations include those of Hamilton [1], [2] and Zhang [3]. 

However, the conventional methods represented by the 

preceding studies are not entirely satisfactory. The foremost 

reason for this is the treatment of coefficients in the modeling 

as constant parameters despite the use of long-term time 

series data. Although this reflects the assumption of 

invariability in the model structure, the assumption that no 

structural changes occur when the model covers several 

decades is clearly unrealistic. Such insufficiency of strict 

treatment for structural changes can also be seen in the 

preceding studies on the macroeconomic effects of 

unemployment (see [4]). Recently it was verified that the 

Bayesian method based on the smoothness prior approach 

proposed by [5] is useful for modeling and statistically 

analyzing the dynamic structure of an economy (see [6]–[9]). 

The smoothness prior approach allows the expression of 
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diverse structural change patterns in parameters and 

continuous observation of these changes, thus allowing the 

construction of a much more flexible model than would 

normally be possible. 

Additionally, vector autoregressive (VAR) modeling is 

useful for analyzing a vector time series (see [10]). However, 

a VAR model can only be applied to stationary time series. 

Jiang and Kitagawa proposed an extension to vector time 

series with nonstationary covariance by developing a 

time-varying coefficient vector autoregressive (TVCVAR) 

modeling method in [11]. The TVCVAR model can explain 

the dynamic relationship between all variates of a vector 

time series (see [12]). Kyo and Noda successfully used the 

TVCVAR modeling method to analyze the dynamics of the 

relationship between oil price fluctuations and Japanese 

industrial production in [13]. 

In this paper, we extend the TVCVAR model constructed in 

[13] to a vector time series of the following three variates: 1) 

the variation in a component of the unemployment rate in 

Japan, 2) the variation in the composite index in Japan, 3) the 

rate of change in the oil price. The parameters in our 

TVCVAR model are estimated by a Bayesian method using a 

smoothness priors approach. To examine the relationships 

among the three variates, the time-varying cross-spectrum, 

power contribution, and covariance function for the time 

series are then computed based on the estimates of parameters 

in the model. 

The rest of this paper is organized as follows. In Section II, 

we introduce our model and explain how to use it to analyze 

the dynamic characteristics of time series with nonstationary 

covariance. In Section III we present and analyze our main 

results from an economic perspective. Finally, in Section IV 

we give conclusions. 

 

II. MODEL AND APPLICATIONS 

Consider a set of monthly data containing the seasonally 

adjusted time series xn1, xn2, and xn3 with n being the time 

point for a month. xn1 expresses the cyclical unemployment 

rate that arises in Japan from a decrease in labor demand 

during a recession. xn2 expresses the composite index (CI) in 

Japan, and xn3 is the real oil price in Japanese Yen. A vector 

time series of three variates can then be generated as follows: 
 

,1)1(11  nnn xxy ,2)2(22  nnn xxy

.loglog 3)2(33  nnn xxy  

 
That is, yn1 and yn2 denote the variations in the 

unemployment rate and CI in Japan relative to their 

two-month-ahead values, respectively, while 3ny  denotes the 

rate of change in the oil price relative to its two-month-ahead 

value. 
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We regard  T321 ,, nnnn yyyy   as a 3-variate time series, 

and introduce a TVCVAR model as follows: 
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where p is the model order, and ),,2,1()( plnAl   are 

time-varying coefficient matrices for each value of lag  l  

at time n. In Eq. (1), nu  is a 3-variate Gaussian white noise 

sequence with mean zero and covariance matrix )(n . It is 

assumed that nu  and lny   are independent of each other 

for 0l . 

To more efficiently estimate the parameters of the 

TVCVAR model in Eq. (1), we construct the TVCVAR model 

in the following form to include a simultaneous response: 

           ,)()(
1

nln

p

l

lnn vynBynDy  



        (2) 

where nv  is a 3-variate Gaussian white noise sequence with 

mean zero and covariance matrix V  ),,(diag 2
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Similarly, we suppose that nv  and lny   
are independent of 

each other for 0l .  The coefficient matrix )(nD  for the 

simultaneous response and the coefficient matrices )(nBl

),,2,1( pl   are defined as follows: 
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To estimate the time-varying coefficients we apply a 

Bayesian smoothness priors modeling method proposed by 

[5]. Specifically, order-1 smoothness priors are constructed 

for all elements in matrices )(nD  and )(nBl
 as: 

                                                           

          ),()1()( nnbnb ijlijlijl              (3)  

 

where )(nijl  is a Gaussian white noise sequence with 

zero mean and unknown variance 
2

i . It is assumed that: 

(1) )( 1111
nlji  and )( 2222

nlji  are independent of each other 

when    22221111 ,,,,,, nljinlji  ;  and that (2) )(nijl  and 

nv  are independent of each other for all values of ,,, lji  

and n . Thus, a Bayesian TVCVAR model is constructed 

based on the models in Eq. (2) and Eq. (3). 

A state space model can then be obtained using the 

procedure developed in [12]. Hence, we can estimate 

parameters 
2

i  and 
2

i  for 3,2,1i  using the maximum 

likelihood method, and can estimate matrices )(nD  and 

)(nBl
using a Kalman filter together with fixed-interval 

smoothing. Moreover, estimates for the parameters in the 

original TVCVAR model (1) can be obtained from the 

relations 
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Statistics, including the time-varying cross-spectrum, 

time-varying power contribution, and time-varying 

covariance function, can be obtained from the estimates of 

)(nAl
  and )(n  using the method proposed in [11]. These 

statistics, especially the time-varying power contribution and 

time-varying covariance function, are useful for explaining 

the dynamic relationship between every variate in a vector 

time series. 

 

III. RESULTS AND DISCUSSION 

The approach presented in Section II is applied to Japanese 

monthly statistics from January 1980 to October 2010. For

1nx , representing the cyclical unemployment rate in Japan, 

we calculate the data using the method proposed by [4]. For

2nx , representing the composite index (CI) in Japan, we 

calculate the data using the lagging CI from the Indexes of 

Business Conditions published by the Cabinet Office, 

Government of Japan. For 3nx , representing real oil prices in 

Japanese Yen, we construct the data using the method 

proposed in [3] as follows: 
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where ndp  denotes the oil price, represented by the Dubai 

spot price index, while n  denotes the nominal exchange 

rate (market rate at the end of the period), and ncp  denotes 

the consumer price index (CPI) in Japan. The data for ,ndp

,n and ncp  are collected from International Financial 

Statistics (IFS).  

 

 

Fig. 1. Time series data: (a) yn1, (b) yn2, (c) yn3. 
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Fig. 1 shows the line graphs of the time series 1ny  

(changes in cyclical unemployment rate), 2ny  (changes in CI) 

and 3ny  (rate of change in the oil price). 

Note that for convenience of estimation we have adjusted 

the averages of the time series to zero and the standard 

deviations to 0.1. 

First, we show the results for determining the value of  p . 

In theory, the value of p  should be determined using the 

minimum AIC method (see [14]). However, we use a vague 

distribution of the initial state, which allows us to estimate 

p  using the maximum likelihood method. Table I presents 

the log-likelihood (LL) values for the Bayesian TVCVAR 

model in Eqs. (2) and (3) for .7,,2,1 p  

 
TABLE I: LL VALUES OF THE MODEL FOR DIFFERENT VALUES OF P 

Value of p 1 2 3 4 5 6 7 

LL value 12921 13369 13745 13948 13907 13878 13720 

 

From this table, we can see that 4p  gives the maximum 

LL value (13948). Thus, we use the model with 4p  in the 

following analysis. 

The estimated time-varying spectra and coherencies for the 

time series are shown in Fig. 2. 

 

 

Fig. 2. Estimates of time-varying Spectra and coherencies. 

In this figure, the graphs on the diagonal from top left to 

bottom right show the estimated time-varying spectra for 

1ny , 2ny , and 3ny . The graphs for elements of (1,2), (1,3), 

and (2,3) show the time-varying coherencies. The graphs for 

elements of (2,1), (3,1), and (3,2) show the corresponding 

contour maps. For instance, the first row and second column 

of the graph shows the time-varying coherency between 1ny  

(the changes in cyclical unemployment rate) and 2ny  (the 

changes in CI), while the second row and first column shows 

the corresponding contour map. It can be seen that for 1ny  

the spectrum exhibits large fluctuations over time around the 

lower-frequency domain, while for 2ny  and 3ny  the 

spectra show large fluctuations over frequency but are stable 

over time. It can also be seen that the coherencies exhibit 

large fluctuations over time and frequency. Notably, the 

coherency can be regarded as a correlation in the frequency 

domain for two variates in a vector time series. 

Fig. 3 shows the estimated time-varying power 

contribution. 

 
Fig. 3. Estimates of time-varying power contribution. 

 

 
Fig. 4. Estimated time-varying self-covariance and cross-covariance. 

From the graph for the element of (1,2) in Fig. 3, it can be 

observed that 2ny  strongly contributes to 1ny  around the 

low-frequency domain. This suggests that recession has a 

long-term influence on cyclical unemployment in Japan. The 

graphs for the elements of (1,3) and (2,3) also represent that 

3ny  (rate of change in the oil price) contributes relatively 

strongly to 1ny  and 2ny  around the low-frequency domain. 

The results imply that oil price fluctuations have a long-term 

influence on cyclical unemployment and business conditions 
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in Japan. Moreover the influence of the oil price on cyclical 

unemployment and business conditions increases over time. 

The estimated time-varying self-covariance and 

cross-covariance are shown in Fig. 4. 

Following the diagonal from top left to bottom right, the 

graphs show the estimated time-varying self-covariance for 

1ny  (changes in cyclical unemployment rate), 2ny  (changes 

in CI), and 3ny  (rate of change in the oil price), and the other 

graphs represent the estimated cross-covariance. Notably, yn1 

and 3ny  have high self- covariance for lower lag values at all 

time points, and the self-covariance for 2ny  has recently 

increased for lower and middle lag values. 

The graphs for the elements of (1,3) and (3,1) in Fig. 4 

show that the correlation between cyclical unemployment 

rate and oil price fluctuation is relatively high for middle and 

long lags. Also, the graphs for the elements of (2,3) and (3,2) 

show that the correlation between business concessions and 

oil price fluctuations is relatively high for short lags. 

Furthermore, the graphs for the elements of (1,2) and (2,1) 

show that the correlation between business concessions and 

cyclical unemployment rate is relatively high for middle and 

long lags. 

IV. CONCLUSIONS 

In this paper we examined the dynamic effect of oil price 

fluctuations on business cycle and unemployment rate in 

Japan via a time-varying coefficient vector autoregressive 

(TVCVAR) modeling approach based on the Bayesian 

smoothness priors method. First, a TVCVAR was constructed 

for a vector time series of the following three variates:  (1) the 

variation in a component of unemployment rate in Japan, (2) 

the variation in CI in Japan, (3) the rate of change in the oil 

price. The parameters are estimated by a Bayesian method 

using a smoothness priors approach. The time-varying 

cross-spectrum, power contribution, and covariance function 

for the time series are then computed based on the estimates 

of parameters. 

The main results using the monthly statistics from January 

1980 to October 2010 are summarized as follows: From the 

estimated time-varying power contribution, recession has a 

long-term influence on cyclical unemployment; oil price 

fluctuations have a long-term influence on the rate of cyclical 

unemployment and business conditions in the Japanese 

economy; Moreover, such influence increases over time 

during the studied period. In terms of estimated time-varying 

self- and cross- covariance, the correlation between the 

cyclical unemployment rate and oil price fluctuation is 

relatively high for middle and long lags; the correlation 

between business concessions and oil price fluctuation is 

relatively high for short lags; the correlation between 

business concessions and cyclical unemployment rate is 

relatively high for middle and long lags. 

Hence, we can obtain the following findings. First, business 

conditions in Japan are susceptible to oil price fluctuations. 

Second, oil price fluctuations affect cyclical unemployment 

rate through the recession. Third, the influence of oil price 

fluctuations on the rate  o f  cyclical unemployment and 

business conditions in Japan has become large in recent years. 
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