Spring 2009
Lab Ten    3
Econ 240C

I. Total Industry Capacity Utilization Rate


The issue is whether the Federal Open Market Committee, through its policy instrument, the federal funds rate, affects the rate of capacity utilization. It is plausible that it could. The rate of capacity utilization is a measure of real economic activity and the Fed often uses the federal funds rate to attempt to slow down the economy in the fight against inflation. The conventional wisdom is that if capacity utilization rises too far, it increases inflationary pressure. Of course, controlling inflation is a Fed goal, so high or rising rates of capacity utilization could trigger increases in the federal funds rate. 


The possibility the Fed reacts to the rate of capacity utilization means that the federal funds rate could be a distributed lag of this rate, and, if in turn, increases in the federal funds rate decreases the rate of capacity utilization, the latter could be a distributed lag of the former. So the possibility of two way causation needs to be considered.     


Open the workfile, tcu&ffr. A monthly time series of the federal funds rate is available from July 1954 through April 2009 at Fred, http://www.stls.frb.org/fred/. A monthly time series for the total industry capacity utilization rate is available at Fred from January 1967 through April 2009.


The objective is to study the dynamic relationship between these two variables, and in particular, determine if the federal funds rate, ffr, exerts a control effect on the rate of total industry capacity, capacity. Select capacity and ffr




Workfile Menu: View/Open Selection/Multiple Graphs

NOTE: In principle, both the Federal Funds Rate and the rate of capacity utilization are bounded. Nonetheless, they appear to behave like random walks. Difference both variables to obtain dtcu and dffr. Select dtcu and dffr.




Workfile Menu: View/Open Selection/Multiple Graphs

Note: The differenced variables appear prewhitened
A. Relationship Between the Two Variables 

1. Granger Causality

Workfile Menu: View/Granger Causality

Use 24 lags to check the Ed Yardeni idea that the federal funds rate is a good 2-year leading indicator of capacity utilization. The results suggest significant two way causality and hence a VAR model.

2. Cross correlation

Workfile Menu: View/Cross Correlation, 36 lags

The results support two way causality
B. Estimation



Quick/VAR: Unrestricted VAR, lag interval 1 24, sample 1967:01 2009:04, 





endogenous variables dtcu dffr,  intercept 





VAR Window: VIEW: estimation output
NOTE: Dtcu depends on itself lagged a month, the autocorrelation effect. There is also a significant positive coefficient at lag 18 and a significant negative coefficient at lag 24 months. Dtcu depends negatively on dffr with somewhat significant coefficients at lags 10, 12, 17, and 21.


Dffr depends on itself lagged a month, the autocorrelation effect, with significant negative coefficients at lags 2, 4, and 7 and significant positive coefficients at lags 8, 9, 13, and 16. Dffr depends positively on dcap at lags 1, 2, 9, and 24 with a significant negative coefficient at lag 12.
C. Interpretation of the VAR



VAR Window: VIEW: Impulse-VAR Decomposition, impulse responses, 




innovations to: dtcu dffr, cause responses by: dtcu dffr, use the 





ordering: dtcu dffr, multiple graphs, impulse responses, 10 periods.

Note: The error in the equation for dtcu is assumed, in this Choleski decomposition, to depend only on the shock to dcap. From the top panel on the right, dcap does not react to a  shock in dffr, indicating no  control effect from the Fed. Using the other Choleski decomposition, 




VAR Window: VIEW: Impulse-VAR Decomposition, impulse responses, 




innovations to: dtcu dffr, cause responses by: dtcu dffr, use the 





ordering: dffr dtcu, combined response graphs, impulse responses,
10 periods.

Note: The results in the top right panel are similar, except that there is a positive response in dtcu in the first two periods to a shock in dffr. Since we are expecting a negative response of the rate of capacity utiliztion to an increase in the federal funds rate, there is little evidence that the Fed has any control effect on inflation by damping capacity utilization. 


However, the panel on the bottom left shows that shocks to the rate of capacity utilization cause the Fed to increase the federal funds rate during the three months following the shock. 




VAR Window: VIEW: Impulse-VAR Decomposition, impulse responses, 



innovations to: dtcu dffr, cause responses by: dtcu dffr, use the ordering: 



dffr dtcu, combined response graphs, variance decomposition, 10 periods.

Note: The period ahead forecast errors in dtcu depend principally on the shocks to dtcu, i.e. to shocks in the latent factors affecting capacity utilization. The period ahead forecast errors in dffr  depend principally on shocks to dffr.

D. Forecasting with the VAR Model



VAR Window: PROCS/Make Model




In the model Window, note the statement Assign  @ all F




This assigns the names dtcuf and dffr to the forecast variables so they are not overwritten. If this statement does not appear, then type Assign dtcu dtcuf








Assign dffr dffrf

So that these assign statements reserve your original variables and assign the forecasts to the new variables: dtcuf dffrf.




In the model Window, hit the Solve button





In the model solution window, choose sample 2008:05 2008:12



Workfile Window: Select dtcu dtcuf  dffr dffrf View/Spreadsheet/Graph

GENR tcuf = tcu, sample 2009.04 2009.04

GENR tcuf = tcuf(-1) +dtcuf, sample 2009.05 2009.12

Select tcu tcuf , open group and select graph. The forecast shows tcu falling.
Repeating this process for ffr shows the forecast for ffr continuing to fall.
II. Vector Autoregressions

A. Numerical Example



Enders uses a numerical example




(1’’)  
y(t) =  0.7 y(t-1) + 0.2 w(t-1)+ e1(t)




(2’’)  
w(t) = 0.2 y(t-1) + 0.7 w(t-1) + e2(t)

where





e1(t) = ey(t)  + 0.8 ew(t)





e2(t) =  ew(t)

and where the variance of e1(t) equals the variance of e2(t), and ey(t) and ew(t) are independent white noise processes.



The white noise processes ey(t) and ew(t) can be simulated and used to generate the error processes e1(t) and e2(t). Then the endogenous variables y(t) and w(t) can be generated. The two standard VAR equationa can be estimated using the simulated endogenous variables y(t) and w(t). They could be estimated using ordinary least squares for each equation. The result is:





y = 0.67*y(-1) + 0.25*w(-1)





w = 0.19*y(-1) + 0.73*w(-1)


The residuals from these two estimated equations are ê1(t) and ê2(t). It is not clear from simply looking at the estimated coefficients, 0.67 etc. how to interpret the behavior of the system. The estimated errors ê1(t) and ê2(t) are correlated so asking how y(t) and w(t) respond to a shock ê1(t), or a shock ê2(t), is not clear in interpretation since the shock or “news” is not unique to either endogenous variable. However, use can be made of the Choleski decomposition, i.e. the relations:





ê1(t) = ey(t)  + 0.806 ew(t)





ê2(t) =  ew(t)

where 0.806 is the correlation between ê1(t) and ê2(t). 

   

The question is: how does this system, i.e. y(t) and w(t), respond to shocks in y(t), i.e. the innovation ey(t), and/or to shocks in w(t), i.e. the innovation ew(t)? The program provides the answer to this question by calculating the impulse response functions from the estimated parameters, saving the tedium of working through the arithmetic.

III. Simulation of Impulse Response Functions 


Open Eviews




Objects/New/Workfile: varsim.wf1, undated, 1000 observations





Workfile Menu: GENR: innovy=0.6*nrnd 





Workfile Menu: GENR: innovw=nrnd





Workfile Menu: GENR: innovone=innovy+0.8*innovw





Workfile Menu: GENR: innovtwo=innovw





Note: the nrnd’s have standard deviations of one so consequently 





does innovw and innovtwo. Innovy has a standard deviation of 0.6. 




The standard deviations of innovone and innovtwo are equal, as 





required, and their correlation is 0.8.





Workfile Menu: GENR: y=innovone, sample 1 1 





Workfile Menu: GENR: w=innovtwo, sample 1 1




Objects/New/Model: SIMVARMOD






y=0.7*y(-1)+0.2*w(-1)+innovone






w=0.2*y(-1)+0.7*w(-1)+innovtwo





Model Window: SOLVE




Objects/New/VAR: Unrestricted VAR, lag interval 1 1, sample 1 1000, endogenous 





variables y w, no intercept





VAR Window: VIEW: estimation output





The estimated VAR is:






y=0.67*y(-1)+0.25*w(-1)






w=0.19*y(-1)+0.73*w(-1)





VAR Window: VIEW: residual covariance matrix





The estimated variance of innovone is 1.01, of innovtwo is 0.95, and their 




estimated covariance is 0.79.





VAR Window: VIEW: Impulse-VAR Decomposition, impulse responses, 




innovations to: y w, cause responses by: y w, use the ordering: w y, Table, 



10 periods.





VAR Window: VIEW: Impulse-VAR Decomposition, impulse responses, 




innovations to: y w, cause responses by: y w, use the ordering: w y, Multiple 



Graphs, 10 periods.





Note: Since innovy has a standard deviation of 0.6, and Eviews calculates 




the response of y and w for a one standard deviation change in innovy, the 




figures in the first column need to be divided by 0.6 to be comparable to the 



coefficients on ey(t), ey(t-1), etc. in the impulse response equation derived 




algebraically in Lecture Eighteen, see the equation at the top of page 7.





VAR Window: VIEW: Impulse-VAR Decomposition, variance 





decomposition, innovations to: y w, cause responses by: y w, use the 




ordering: w y, Table:

IV. The Enders Datafile US.WK1 or US.PRN, Problem 7, Chapter 5.



This data set includes the variables US GDP Deflator(1985=100), gdpdef, and the US Money Supply, m1, as quarterly data for the period 1960:1 through 1991:4. (Also included are the variables for the Treasury Bill rate, tbill, the three-year government bond yield, r3, and the ten-year government bond yield, r10, GDP in 1985 prices, gdp85, and nominal government purchases, govt.) In this exercise we will use m1 and the gdpdef.



I took the logarithm of both variables and then differenced them to get fractional changes, denoted dlnm1 and dlgdpdef. I also generated the quarterly dummies, qd1, qd2, and qd3.


File Menu/Open: endervar.wf1( in the Lab Nine Folder)



Workfile Window: select qd1 qd2 qd3



Workfile Menu: VIEW: • open selection; you will see the spreadsheet view





Workfile Window: select dlgdpdef



Workfile Menu: VIEW: • open selection; you will see the spreadsheet view



Series Window: VIEW: • graph



Series Window: VIEW: • histogram and stats



Series Window: VIEW: • correlogram: level, 36 lags



Series Window: VIEW: • unit root test: 0 lags,  intercept, no trend



Note: dlgdpdef seems stationary.



Workfile Window: select dlnm1



Workfile Menu: VIEW: • open selection; you will see the spreadsheet view



Series Window: VIEW: • graph



Series Window: VIEW: • histogram and stats



Series Window: VIEW: • correlogram: level, 36 lags



Series Window: VIEW: • unit root test: 0 lags,  intercept, no trend



Note: dlnm1 has a seasonl pattern but otherwise seems stationary.



Objects/New/VAR: Unrestricted VAR, lag interval 1 8, sample 1960:1 1991:4, endogenous 





variables , dlgdpdef dlnm1, intercept, exogenous variables c 





qd1 qd2 qd3




VAR Window: VIEW: estimation output




Note: the sample period is 1962:2 1991:4 with one observation lost to differencing 


and eight to lags




VAR Window: VIEW: residual covariance matrix




Note: the determinant is (1.21x10-5 )(1.11x10-4) - (1.76x10-6)2 = 1.34x10-9



VAR Window: ESTIMATE: Unrestricted VAR, lag interval 1 4, sample 1962:2 



1991:4, endogenous variables , dlgdpdef dlnm1, intercept, exogenous 




variables c qd1 qd2 qd3




VAR Window: VIEW: estimation output




VAR Window: VIEW: residual covariance matrix




Note: the determinant is (1.28x10-5 )(1.19x10-4) - (1.09x10-6)2 = 1.522x10-9




The unexplained variance has gone up a liitle bit because we dropped some 




lagged variables, but not much. The test is:





(T-c) ln[DET[4] / DET[8]  = (T-c) {ln DET[4]  - ln DET[8] }





(119-20){log(1.522x10-9) -log(1.34x10-9)} 





99{(-20.30324)-(-20.43064)} = 12.62 is with 16 degrees of freedom since 



we constrain 16 parameters to zero in the two equations combined when we 



move from 8 to 4 lags. The critical value of the distribution at 5%in the 



upper tail is 26.3 for 16 degrees of freedom so we would move to the 4 lag 



VAR.




VAR Window: ESTIMATE: Unrestricted VAR, lag interval 1 4, sample 1962:2 



1991:4, endogenous variables , dlgdpdef dlnm1, intercept, exogenous 




variables c




VAR Window: VIEW: estimation output




VAR Window: VIEW: residual covariance matrix




Note: the determinant is (1.30x10-5 )(1.63x10-4) - (1.14x10-6)2 = 2.118x10-9
 


The unexplained variance has gone up considerably from dropping the seasonal 



dummies. The test is:





(T-c) ln[DET[c] / DET[u]  = (T-c) {ln DET[c]  - ln DET[u] }





(119-12){log(2.118x10-9)-log(1.522x10-9)}





(107){(-19.97279)-(-20.30324)} = 35.4 with six degrees of freedom from 




constraining the parameters on the three dummies to zero in both equations. 





The critical value of the distribution at 5%in the upper tail is 12.59 for 6 



degrees of freedom so we would not drop the dummy variables.



Objects/New/Equation




Note: This illustrates a procedure to test for Granger causality while controlling for 


the seasonal dummies.




dlgdpdef c dlgdpdef(-1 to -4) dlnm1(-1 to -4) qd1 qd2 qd3




Equation Window: VIEW: Coefficient Tests: Redundant Variables





dlnm1(-1 to -4)




NOTE: the F statistic is 0.767 and is not significant so that dlnm1 does not Granger 


cause dlgdpdef



Objects/New/Equation




dlnm1 c dlgdpdef(-1 to -4) dlnm1(-1 to -4) qd1 qd2 qd3




Equation Window: VIEW: Coefficient Tests: Redundant Variables





dlgdpdef(-1 to -4)




NOTE: the F statistic is 2.147 and is not significant at the 5% level but is at the 10% 


level so there is weak evidence that dlgdpdef does Granger cause dlnm1.




VAR Window: VIEW: Impulse-VAR Decomposition, impulse responses, 




innovations to: dlgdpdef dlnm1, cause responses by: dlgdpdef dlnm1, use the 



ordering: dlgdpdef dlnm1, Table, 10 periods.




VAR Window: VIEW: Impulse-VAR Decomposition, impulse responses, 




innovations to: dlgdpdef dlnm1, cause responses by: dlgdpdef dlnm1, use the 



ordering: dlgdpdef dlnm1, Multiple Graphs, 10 periods.




VAR Window: VIEW: Impulse-VAR Decomposition, variance 





decomposition, innovations to: dlgdpdef dlnm1, cause responses by: dlgdpdef 



dlnm1, use the ordering: dlgdpdef dlnm1, Table:

