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Abstract: This paper investigates the dynamic relationships between oil prices and the Japanese 

economy from a frequency domain perspective. Both the frequency domain causality test of Breitung 

and Candelon (2006) and the frequency dependent regression method developed by Ashley and 

Verbrugge (2009) are deployed in this research. The frequency dependent regression analysis 

indicates that nonlinear relationships exist between oil prices and the variables such as industrial 

production and consumer price index at the low frequencies, while the nonlinear associations at the 

high frequencies are merely detected between oil prices and unemployment rates. The results of the 

frequency domain causality tests suggest that oil prices have significant predictive power for 

industrial production, consumer price index and unemployment rates at the low frequencies. In 

addition, oil prices can predict industrial production and unemployment rates at some higher 

frequencies. 
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1. Introduction 

There is substantial empirical evidence that suggests oil price fluctuations may be closely 

related to variability of economic activities. This is particularly obvious for the 1970s when 

economic performance in the United States and elsewhere declined after the oil price shocks 

emanating from OPEC. Consequently, although a large amount of empirical research has been 

devoted to the impacts of oil price fluctuations on macroeconomic performance, it has not reached a 

consensus. For instance, Hamilton (1983) and Mork (1989) find that oil prices are significantly 

related to the performance of the US economy, while Hooker (1996) argues strongly that oil prices 

failed to Granger-cause many US macroeconomic variables in data after 1973, and this further 

stimulated many economists’ interest in analyzing the oil price-economy relationship for different 

countries. 

The main objective of this study is to examine the dynamic relationships between oil prices and 

the Japanese economy. Oil is of particular importance to Japan’s economy since it is one of the 

world’s largest net oil importers. Accordingly, numerous articles have already addressed the oil 

price-macroeconomy relationship for Japan. For example, Hutchison (1993) documents that Japan 

has become better insulated from oil price shocks since the late 1970s. Mork et al. (1994) find that 

the oil price-macroeconomy relationship for Japan is asymmetric. Lee et al. (2001) detect that oil 
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price shocks are statistically significant in explaining changes in the level of Japan’s economic 

activity and have a remarkable influence on its monetary policy. Cunado and Gracia (2005) illustrate 

that oil prices have short-term nonlinear relationships with the Japanese economy. Zhang (2008) also 

finds that there may exist certain nonlinear relationships between oil price shocks and Japan’s 

economic growth. 

However, the papers mentioned above are mainly concentrated on the time domain, and the 

conventional Granger causality tests based on vector autoregressive models (VARs) are often 

employed to investigate the causal relationships between oil prices and macroeconomic variables.  

Because the linkages between oil prices and macroeconomic variables may vary across the frequency 

bands, a time domain analysis may fail to fully capture such links. Moreover, researchers including 

Granger (1969), Geweke (1982), Hosoya (1991) and Granger and Lin (1995) argue that the extent 

and direction of causality can differ across the frequency domain. Consequently, unlike such 

previous papers, the present research adopts some frequency domain statistical methods to study the 

dynamic linkages between oil prices and the Japanese economy. 

Specifically, we first apply the frequency dependent regression method proposed by Ashley and 

Verbrugge (2009) to investigate the nonlinear relationships between oil prices and Japan’s economy.  

This procedure also enables us to analyze the associations at low and high frequencies, and can 

provide some additional insights into the oil price-macroeconomy relationship for Japan. Second, we 

conduct the frequency domain causality tests introduced by Breitung and Candelon (2006) to 

evaluate the dynamic causal effects from oil prices on the Japanese economy. We employ this test for 

two reasons. (i) This test allows us to decompose the full causal relationships of the variables into 

different frequencies, so we can assess the significance of the Granger causalities at some specific 

frequencies. (ii) Like the conventional Granger causality test, this test is based on a set of linear 

restrictions of coefficients of the VAR model and so is relatively easy to carry out. Examples of 

research applying this causality test include Assenmacher-Wesche et al. (2008), Bodart and 

Candelon (2009), Gronwald (2009), Schreiber (2009), Ciner (2011a, 2011b) and Wei (2013). 

The remainder of this paper is organized as follows. Section 2 briefly introduces the methods 

utilized in this study. Section 3 presents the data including the results of the unit root and 

cointegration tests. Section 4 summarizes the empirical analysis results and, Section 5 concludes this 

paper. 

2. Methodology 

2.1 Frequency Dependent Regression Model 

The frequency domain regression analysis was first proposed by Hannan (1963) and was further 

developed by Engle (1974, 1978), Harvey (1978), Tan and Ashley (1999) and Ashley and Verbrugge 

(2009). To illustrate the method introduced by Ashley and Verbrugge (2009), let us first consider the 

ordinary multiple regression model 

                                            (1) 

where             ,   is a    vector and   is a    matrix. This model can be 

transformed into frequency domain via premultiplication of a     orthogonal matrix  , whose 

     -th element is given by 
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Pre-multiplying equation (1) with   yields 

         ,   or                               (2) 

where   ,    and    are defined accordingly, and     N(0,   ) because   is an orthogonal 

matrix. Now, for example, if   is even, the   components of    and    and   rows of    

correspond to (     ) distinct frequencies,                               rather than to 

  time periods.
1
 Consequently, detecting that the  -th component (  ) of   “depends on frequency” 

is equivalent to detecting that    is unstable across the   “observations” in the model for   . The 

constancy of    across the   “observations” in equation (2) can be examined using the parameter 

instability test given in Ashley (1984). In this approach, the   “frequency components” of   
   

( -th column of   ) are partitioned into   “frequency bands” and dummy variables           

are defined corresponding to each band. The  -th component of dummy variable    , denoted by 

  
  , would equal     

  ( -th component of   
 ) for values of   in the  -th frequency band and 

would equal zero for values of   outside this band. Consequently, the frequency domain regression 

equation (2) can be rewritten as  

       
           

 
                              (3) 

where     
  denotes the    with its  -th column omitted and      denotes the   vector with its 

 -th component deleted. Meanwhile, we should note that        
  

   . Therefore, the frequency 

dependent coefficients             can be estimated and the significance of these parameters can 

be tested. 

By now, however, it is more convenient to transform equation (3) back into the time domain 

through premultiplying it by    . Because the inverse matrix of   is equivalent to its transpose, we 

can obtain the equation 

           
                      

   , 

                                  
             (4)          

where      denotes the original matrix   with its  -th column deleted. Thus, equation (4) is 

similar to equation (1) except that now there are   new regressors               replacing 

                                                           
1 If   is odd, the   components of    and    and   rows of    correspond to (       distinct 

frequencies,                                         . 
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  , the  -th column of  . Here, we should note again that        
      .

2
 Each new 

regressor       can be interpreted as the result of applying a simple bandpass filter on   . Ashley 

and Verbrugge (2009) argue that this will make the  -th component of       depend on all the   

values of   , including the future values              . Consequently, the least square estimates of 

            will be inconsistent if there exists feedback between   and   . 

To solve the above problem, Ashley and Verbrugge (2009) suggest partitioning    into 

frequency components through one-sided filters based on a moving window. The last observation in 

each of these frequency components is retained for each window. This method not only resolves the 

estimation problem but also eliminates the need to decide a value for  . Their approach is adopted 

in this paper. 

2.2 Frequency Domain Causality Test 

The frequency domain causality test developed by Breitung and Candelon (2006) is based on 

the framework of Geweke (1982) and Hosoya (1991). To explain this causality measure, let us 

consider a two-dimensional time series vector   =       
  with   observations. In the present 

paper,    will be one of the Japanese macroeconomic variables, and    will be the oil prices. It is 

assumed that    has a finite-order VAR representation of the form 

                                                   (5) 

where                 
  is a     lag polynomial with          . We also 

assume that the error vector    is white noise with zero mean and positive definite covariance 

matrix  . Furthermore, we let   be the lower triangular matrix of the Cholesky decomposition 

   =   , such that       
     and       . If the system is assumed to be stationary, the 

moving average (MA) representation can be derived as  

           
            
            

  
   

   
  

                                    
            
            

  
   

   
            (6)                                             

where             and             . Based on this representation, the spectral density 

of    can be written as  

     =
 

  
       

     
 
       

     
 
 . 

The measure of causality defined by Geweke (1982) and Hosoya (1991) can be expressed as  

                    
       

      
     

                           (7) 

                            
      

     
 

      
     

                        (8) 

Within this framework, if          , we say that   does not cause   at frequency  . 

Breitung and Candelon (2006) try to test the hypothesis that   does not cause   at frequency 

                                                           
2                   

          
 
   

 
   . 
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  through considering the null hypothesis
3
  

                                (9) 

It follows that           if       
        in equation (8). Meanwhile, using 

              , we obtain 

        
         

      
, 

where     is the lower diagonal element of     and        is the determinant of the matrix 

    . Since     is positive,
4
       

        is equivalent to 

      
                                   

 
   

 
      , 

where       is the (1,2)-element of   . Therefore, a necessary and sufficient set of conditions for 

      
        or           is 

              
                             (10) 

              
 
     0                        (11) 

and   does not cause   at frequency   under this set of restrictions. 

The Breitung and Candelon (2006) approach is just based on the linear restrictions equation (10) 

and equation (11). To simplify the notation, let          and         , then the VAR equation 

for    can be written as  

                                          (12) 

Accordingly, the null hypothesis           is equivalent to the linear restriction 

                                           (13) 

Where               
 
and  

   
                
                

    
        
        

 . 

In the above interpretation, we neglect any deterministic terms in the VAR model. If there is a 

constant vector          
  in equation (5), the Wald test statistic for equation (13) can be 

expressed as  

                
     

                       (14) 

where  

      
     

    
   ,         

 

   
                     , 

and 

            
      

    
   ，                      . 

                                                           
3 In this paper, we only consider a bivariate framework although a higher dimensional system was also 

introduced in the original paper. 

4 This is because of the assumption that   is a positive definite matrix. 
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Here,   is the         vector of ones. Meanwhile,              
 

, and    

               
 
 for       with     

               ,     
               . 

Like the conventional causality test, the Wald test statistic   based on the above linear 

restriction is asymptotically distributed as       for        . To evaluate the significance of the 

variables' causal relationships, the Wald test statistic is compared with the 5% critical value (5.99) of 

a chi-square distribution with 2 degrees of freedom throughout of this paper.   

3. Data and Basic Tests 

A total of four data series, which include oil prices (OIL) and three Japanese macroeconomic 

variables, namely industrial production index (IPI), consumer price index (CPI), and unemployment 

rates (UR), will be employed in this paper to study the relationships between oil prices and the 

Japanese economy.
5
  The data are obtained from THOMSON Datastream Database and the 

frequency of the series is monthly. The period covered is between January 1979 and December 2010, 

with a total of 384 observations.  

Table 1. Results of unit root tests 

Variable 
ADF 

(level) 

ADF 

(first difference) 

PP 

(level) 

PP 

(first difference) 

OIL 0.3534 0.0000 0.5326 0.0000 

IPI 0.1495 0.0000 0.3418 0.0000 

CPI 0.0698 0.0000 0.0931 0.0000 

UR 0.2081 0.0000 0.2075 0.0000 

Note: This table presents the p-values corresponding to the unit root test statistics. OIL, IPI 

and UR have been taken in logs. For OIL, an intercept is included in the test equation. For 

the other variables, a linear trend and an intercept are included in the test equation. ADF: 

Augmented Dickey-Fuller; PP: Phillips-Perron. 

As the statistical methods require stationary data, unit root tests have been implemented for all 

of the variables. Table 1 presents the results of the unit root tests corresponding to the Augmented 

Dickey-Fuller and Phillips-Perron procedures. It is evident that all the variables are integrated of 

order one. Hence, cointegration tests are carried out between oil prices and each of the other three 

variables. Both the max eigenvalue and trace tests indicate no cointegration at the 0.05 significance 

level (Table 2). All the cointegration tests are conducted by using a constant and a trend in the VAR 

representation.
6
 Therefore, in this article, OIL, IPI and UR are taken in first differences of 

logarithms, while CPI is only taken in first difference.  

                                                           
5 The oil prices are calculated by transforming the UK average Brent oil price into Japanese yen. 

6 The hypothesis of no cointegration is also accepted when only a constant is included in the VAR 
model. 
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Table 2. Unrestricted cointegration rank tests 

   
Statistic 

(Max Eigenvalue) 

Critical Value 

(0.05) 

Statistic 

(Trace) 

Critical Value 

(0.05) 

OIL/IPI 
γ=0 

γ≤1 

 

19.31773 

5.245885 

 

19.38704 

12.51798 

 

24.56362 

5.245885 

 

25.87211 

12.51798 

OIL/CPI 
γ=0 

γ≤1 

 

11.13152 

4.374991 

 

19.38704 

12.51798 

 

15.50651 

4.374991 

 

25.87211 

12.51798 

OIL/UR 

γ=0 

γ≤1 

 

5.677208 

3.070239 

 

19.38704 

12.51798 

 

8.747447 

3.070239 

 

25.87211 

12.51798 

Note: OIL, IPI and UR have been taken in logs, γ is the cointegration rank and the critical value 

corresponds to a 0.05 significance level. 

4. Empirical Analysis and Its Results 

4.1 Frequency Dependent Regression Analysis 

In the empirical analysis, researchers usually conduct the following conventional time series 

regression model to explore the relationships between two variables 

                                      (15) 

where    is the disturbance with zero mean and constant variance. In the present paper,    will be 

one of the three variables including IPI, CPI and UR, while    will be OIL. The above model 

implies that the relationship between    and    is linear and the coefficient   is invariable. In 

practice, it may be not possible to match such assumptions. In fact, the ordinary least square (OLS) 

estimators of   are 0.281130 and -0.009932 for OIL/CPI and OIL/UR relationships, and the 

corresponding p-values are 0.1774 and 0.7331, respectively, computed with White robust standard 

errors. Accordingly, one may conclude that the OIL/CPI and OIL/UR relationships are insignificant 

for Japan. However, such conclusions may be attributable to the facts that   varies across the 

frequency bands or the relationships are nonlinear. Therefore, we employ the frequency dependent 

regression method proposed by Ashley and Verbrugge (2009) to investigate the relationships 

between OIL and each of the other three variables. This methodology allows us to analyze the 

variables’ nonlinear relationships at some pre-specified frequencies. 

Table 3. Frequency dependence regression 

Frequency 
OIL/IPI 

Coefficient     P-value 
OIL/CPI 

Coefficient    P-value 
OIL/UR 

Coefficient   P-value 

2 months ( ) -0.0378 0.7127 -0.7802 0.6851 0.8157 0.0043 

6 months (   ) -0.0779 0.1226 -0.2416 0.8379 0.3709 0.0382 

12 months (   ) 0.0424 0.3599 -0.3732 0.6650 -0.1371 0.2311 

15months 

(     ) 
0.1319 0.0244 -1.7235 0.1839 -0.0486 0.7596 

30 months (    ) 0.1898 0.0049 2.3374 0.0106 -0.1294 0.3843 

60 months (    ) 0.2033 0.0048 4.9970 0.0000 -0.3069 0.0688 

Note: This table presents the results of the frequency dependence regression between OIL and the 

respective variable, using the method of detecting frequency dependence in regression model coefficients 

proposed by Ashley and Verbrugge (2009). 
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We employ a moving window 48 periods in length to decompose the series into 31 possible 

frequency components, with the lowest nonzero frequency component       corresponding to 60 

months.
7  The selected parameter estimates for low and high frequencies are listed in Table 3. The 

corresponding p-values are also calculated based on the White robust standard errors. It is clearly 

evident that the frequency dependent regression analysis can shed further light on the variables’ 

relationships because the parameter estimates are statistically significant at several frequencies for 

the OIL/CPI and OIL/UR relationships. Specifically, for the OIL/IPI relationships, the estimates of 

the parameters are statistically significant at the low frequencies, corresponding to the periods 

between 15 months and 60 months. Similarly, noteworthy relationships between OIL and CPI are 

also detected at the low frequencies (30 months and 60 months). In contrast, the linkages between 

OIL and UR are mainly concentrated in the high frequencies (2 months and 6 months). In addition, 

there may also exist certain associations between OIL and UR at the low frequencies since the 

coefficient’s p-value is only 0.0688 at      (60 months). 

Overall, the frequency dependent regression analysis indicates that oil price fluctuations are 

related to the Japanese economy, especially at the low frequencies. Moreover, as mentioned in 

Ashley and Verbrugge (2009), such relationships are dynamically nonlinear, which is consistent with 

the analysis in Cunado and Gracia (2005) and Zhang (2008). 

4.2 Frequency Domain Causality Analysis 

The above analysis shows that oil prices have nonlinear linkages with the Japanese economy at 

certain frequencies. To understand the oil price-economy relationship in greater depth, this 

subsection evaluates the dynamic causal effects from oil prices on the other three variables, using the 

frequency domain causality tests within the context of bivariate VAR models. The lag lengths of the 

VAR models are determined by the Akaike Information Criterion with a maximum lag length being 

equal to 12. 

Table 4. Results of frequency domain causality tests 

                                     

OIL→IPI 32.00
*
 32.11

*
 28.39

*
 9.84

*
 1.66 2.97 4.03 

OIL→CPI 24.68
*
 1.48 0.16 1.74 2.26 0.23 3.85 

OIL→UR 10.69
*
 0.74 0.75 2.81             1.75 

Note: This table presents the Breitung--Candelon frequency domain causality measure from OIL to the 

respective variable. The Wald test statistics are derived from bivariate VAR models. The VAR model 

corresponding to IPI is estimated with three lags, and the other two models are estimated with 12 lags. 

These lags are determined by the Akaike Information Criterion. 

Asterisk   implies significant at 5% level 

The results of the frequency domain causality tests are presented in Table 4. First, we see that 

OIL has significant causal effects on IPI, CPI and UR at the low frequency       (63 months). 

This also suggests that oil prices have connections with the Japanese economy at the low frequency, 

                                                           
7 As suggested by Ashley and Verbrugge (2009), the 48 months in each window are augmented with 12 

projected values, so there are 31 possible frequencies given by                       2  
              , and the corresponding periods for the nonzero frequencies are given by 
               . 
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which is in line with the frequency dependent regression analysis. Second, Granger causalities from 

OIL to IPI are also detected at frequencies            , and this can be interpreted as short- and 

medium-term causal effects from oil prices to industrial production. Third, the hypothesis of no 

Granger causality from OIL to UR is also rejected at the high frequencies        , which implies 

that there exist short-term causal relationships from oil prices to unemployment rates. This is again 

similar to our previous analysis of the OIL/UR relationships 

On the whole, frequency domain causality analysis suggests that oil prices have remarkable 

predictive power for Japanese economic activities, which is in line with the findings in Lee et al. 

(2001). However, by decomposing the causality into different frequencies, our research provides a 

much deeper understanding of such predictability. 

5. Conclusions 

This paper investigates the relationships between oil prices and the performance of Japan's 

economy, using some frequency domain statistical methods, and data for the period from January 

1979 to December 2010. By decomposing the relationships into certain specific frequencies, we offer 

some new findings on the oil price-economy relationship for Japan. Such findings may be 

undetectable in the conventional time domain analysis. 

Our main research results can be summarized as follows. (i) There exist nonlinear relationships 

between oil prices and the variables such as industrial production and consumer price index at the 

low frequencies. (ii) The nonlinear linkages between oil prices and unemployment rates are mainly 

detected at the high frequencies. (iii) Oil prices contain useful information for forecasting industrial 

production, consumer price index and unemployment rates at the low frequencies. (iv) Moreover, oil 

prices can forecast the industrial production and unemployment rates at certain high frequencies. 

The findings imply that oil prices tend to be related to the Japanese economy at the low 

frequencies. This may be responsible for the phenomena nowadays that (i) oil price shocks appear to 

have no immediate impacts on Japan's economy, and (ii) individuals may rarely feel any instant 

consequences of oil price shocks. Nevertheless, our findings are useful for the Japanese government 

and central bank and suggest that policy makers should pay more attention to the long-term effects of 

oil price shocks on Japan's economy. 

Finally, although we find oil prices are correlated with the selected macroeconomic variables at 

various frequencies, we should note that the factors such as the exchange rate changes and money 

growth also exert certain effects on these variables. For example, Assenmacher-Wesche et al. (2008) 

argue that money growth is linked with the consumer price index of Japan at the low frequencies. In 

such a case, the frequency domain causality tests can be conducted in a three dimensional system by 

extending the bivariate VAR model to include money growth. Furthermore, as demonstrated by 

Hosoya (2001) and Breitung and Candelon (2006), the partial causality running from oil prices to 

consumer price index can be examined at various frequencies by eliminating the effect of money 

growth. Therefore, the analysis in the paper can be improved in the future, and we consider that 

including the third variable in the VAR models and analyzing the partial causality of oil prices in the 

frequency domain would be an interesting research topic. 
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