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1. Introduction

The relationship between oil prices and the economy is important and has been the
subject of alarge number of studies, exemplified by Hamilton (1983). These studies
have, almost without exception, concentrated on the apparently adverse business-cycle
effects of il price shocks. For example, Hamilton (1983) working on pre-1972 data and
based on vector autoregression (VAR) analysis, concluded that energy prices are
countercyclical and lead the cycle. However, asMork (1989, p. 74) putit “... his study
pertained to a period in which al the large oil price movements were upward, and thus
it eft unanswered the question of whether the correlation persistsin periods of price
decline.” Infact, as shown by Mork (1989), there is an asymmetry in the responses in
that the correlation between oil price decreases and gross national product (GNP)
growthissignificantly different thanthe correl ation between oil priceincreasesand GNP
growth, with the former being perhaps zero.

More recently, Serletisand Kemp (1997) investigate the cyclical behavior of energy
prices using the methodol ogy suggested by Kydland and Prescott (1990) and monthly
datafor crudeoil, heating oil, unleaded gasoline, and natural gasfor the period that each
of these commaodities has been traded on organized exchanges. Based on stationary
Hodrick-Prescott (HP) cyclical deviations, their resultsarerobust to alternative measures
of the cycle and indicate that crude oil and heating oil prices are synchronous and
procyclical whereas unleaded gasoline and natural gas pricesarelagging procyclically.
Moreover, energy prices are positively contemporaneously correlated with consumer
prices and their cycleslead the cycle of consumer prices, suggesting apossiblerolefor
energy pricesin the conduct of monetary policy.

However, as Serletis and Kemp (1997) conclude, “... the apparent phase-shift
between energy prices and consumer prices should not beinterpreted assupporting an
effect from energy pricesto consumer pricessince using lead-lag rel ationshipsto justify
causality istenuous. Clearly, the investigation of the empirical relationship between
energy prices and consumer prices, by looking at the performance of energy prices as
indicators of inflation, is an area for potentially productive future research. Such an
examination could utilize current state-of -the-art econometric methodol ogy such as, for
example, integration and cointegration theory as well as error-correction modeling (if
applicable), using either the single-equation approach or a multi-equation (VAR)
framework.”
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This is exactly what we do in the present chapter. We establish the empirical
relationship between oil prices, consumer prices, and industrial production in the
NAFTA countries -- United States, Canada, and Mexico -- using both the single-
equation approach aswell asthe multi-equation (VAR) framework. Thesingle-equation
approach (although it can be interpreted as a VAR in which a specific subset of
coefficients is restricted to equal zero) has clear implications about the response of
consumer pricesandindustrial productionto oil pricechanges. Themulti-equation VAR
allows usto investigate the dynamic rel ationships among the variables and to evaluate
the effects of unanticipated oil price shocksby tracing out theimplied impul seresponse
functions.

Another objective of the chapter isto test the hypothesis that the volatility of oil
prices causes (in the Granger sense) consumer prices and industrial production. In
doing so, we userecent advancesin thefinancial econometricsliterature and model the
changing volatility of oil pricesby specifying parametric modelsfor volatility and using
these models to extract oil price volatility estimates from the data on oil prices. In
particular, weuseageneralized autoregressive conditional heteroskedasticity (GARCH)
model to capture the conditional variation of oil price changes and to construct an oil
price shock variable reflecting both the unanticipated component of oil price changes
and the time-varying conditional variance of oil price changes.

Thechapter isorganized asfollows. Section 2 briefly discussesthedata. Insection
3, weinvestigatetheintegration and cointegration properties of thevariables (sincethe
single-equation approach that this section takes critically depends on these properties)
and present Granger causality test results. Section 4 investigatestherobustnessof the
results and section 5 provides a description of the GARCH model that we use to
construct the oil price shock variable and reports results regarding the role of oil price
volatility. Thelast section summarizes and concludes the chapter.

2. Data

We study monthly data on crude oil, consumer prices, and industrial production for
each of the United States, Canada, and Mexico. We use the West Texas Intermediate
(WT]I) spot pricefor crudeoil, obtained fromthe Federal Reserve Economic Data(FRED)
bulletin board of the Federal Reserve Bank of St. Louis. Thispriceisgenerally viewed
as the benchmark price for oil in North America. From 1947 to 1980 the WTI crude oil
price was adjusted on a quarterly basis by the Texas Railroad Commission (TRC),
between 1973 and 1980 it was based largely on the price set by OPEC, and it has been
amarket-based price since 1981.

The analysisis performed for three different sample periods for the United States
and Canada; one using the full sample, beginning in 1947 for the U.S. and in 1961 for
Canada; one using a sub-sample beginning in 1974 and one using a sub-sample
beginningin 1981. For Mexico, we only usethefull sample beginningin April 1972 and
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the 1981 sub-sample -- we don’t have a 1974 sub-sample for Mexico, since the full
sample beginsin April 1972. TheU.S. dataendin May 1997, the Canadianin April 1997,
and the Mexican in December 1996.
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3. The Single - Equation Approach
Unit Root Tests
Since in the single-equation approach estimation and hypothesis testing critically
depend on the univariate time series properties of the series, in what followswetest for
unit roots by estimating by ordinary least-squares (OLS) the following augmented
Dickey-Fuller (ADF) type regression [see Dickey and Fuller (1981)]

k
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where A is the difference operator. The null hypothesis of a single unit root is
rejected if &is negative and significantly different from zero.

The k extraregressorsin (1) are added to eliminate possible nuisance parameter
dependencies in the limit distributions of the test statistics caused by temporal
dependencies in the disturbances. In practice, the appropriate value of k is rarely
known. One approach would be to use a model selection procedure based on some
information criterion. However, Said and Dickey (1984) showed that the ADF test is
valid asymptotically if the order of the autoregression isincreased with samplesizeT at
acontrolled rate TY® For the sample used, this translates into an order of 8 for the U.S.
and Canadian data and an order of 7 for the Mexican data. It isto be noted that for an
order of zero,the ADF reducesto thesimple DF test. Also, thedistribution of thet-test
for &in equation (1) is not standard; rather it isthat given by Fuller (1976).

Theresultsreported in Table 1indicate that the unit root null hypothesis cannot be
rejected at the 5% level. We also tested for a second unit root -- that is, for aunit root
in the first (logged) differences of the series. The results (not reported here) indicate
that the null hypothesisof asecond unit root isrejected. Hence, we concludethat these
series are having a stochastic trend. This is consistent with the Nelson and Plosser
(1982) argument that most macroeconomic and financial time series have a stochastic
trend.

Cointegration Tests

As mentioned in the introduction, causality tests critically depend on the integration
and cointegration properties of thedata. In particular, if thevariablesareintegrated but
not cointegrated, OL Syields misleading results. Infact, Phillips (1987) formally proves
that a regression involving integrated variables is spurious in the absence of
cointegration. In this case, the only valid relationship that can exist between the
variablesisin terms of their first differences. If, however, the variables are integrated
and cointegrate, then the short-run dynamics can be described by an error correction
model, in which the short-term dynamics of the variables in the system are influenced
by the deviation from long-run equilibrium.
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To present some empirical evidence on thisissue, wetest for cointegration using
Johansen’s (1988) maximum likelihood approach. In general, this approach to the
estimation of the number of linearly independent cointegrating vectors for a vector
autoregressive process, X, of order pinvolves (i) regressingAX, onAX,, ..., AX, .1, (ii)
regressing AX,, onthesameset of regressorsand (iii) performing acanonical correlation
analysis ontheresidual sof thesetwo regressions-- see Johansen (1988) for moredetails
or Serletis (1994) for an application.

Table 2 shows the results for the different samples of the Johansen cointegration
tests between the oil price and the CPI and between the oil price and the IPI for the
United States (in panel A), Canada (in panel B), and Mexico (in panel C). Clearly,
cointegration is found between the CPI and the price of oil inthefull and 1974 samples
of the U.S. data, in all three samples of the Canadian data, and in the 1981 sampl e of the
Mexican data. Cointegration between the I Pl and the price of oil isfound only for the
1974 samples of the Canadian and U.S. data.

Granger Causality Tests
Finally, to test for causality, in the sense of Granger (1969), it must be assumed that the
relevantinformationisentirely containedinthepresent and past valuesof thevariables.
A specification that suggestsitself is
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2 Az " 4% jflév].Az[&j % j_'léijt&j % u,

where Az isthe inflation rate or the growth rate of industrial production and Ax, is
the growth rate of the oil price. To test if x, causes z in the Granger (1969) sense,
equation (2) is first estimated by OLS and the unrestricted sum of squared residuals
SSR, isobtained. Then, by running another regression equation under the restriction
that al &’sare zero, the restricted sum of squared residuals (SSR,) is obtained. If u, is
white noise, then the statistic computed as the ratio of (SSR,-SSR )/sto SSR /(T-r-s-1)
has an asymptoticF distribution with numerator degrees of freedomsand denominator
degrees of freedom (T-r-s-1), where T is the number of observationsand 1issubtracted
out to account for the constant term in equation (2).

In the case that z and x, cointegrate we use the following specification, instead of
@,
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where 0, istheerror correction term-- that is the OL Sresidual in the following
regression 7 a% éxt % 0, Hence, equation (3) is a bivariate autoregression
in first differences, augmented by the error-correctionterm g, ; . Thiserror-correction



Oil Shocksin the NAFTA Countries 29

model clearly shows how z changes in response to stochastic shocks (represented by
y, and to the previous period’s deviation from long-run equilibrium (represented by
ig1)- N the context of (3), testing for causality from X, to z involvestesting the null
thatd, =& =0,forj=1,..,s

We present p-values for Granger causality F-testsin Table 3 for each of the three
samples and for each of thethree countries. We find that the hypothesisthat the price
of oil does not Granger cause consumer pricesisrejected at conventional significance
levels for the U.S. and Canada, while the hypothesis that the price of oil does not
Granger cause industrial production cannot be rejected, for each of the three samples
and for each of the three countries. These results suggest that knowledge of past oil
price changes improves the prediction of future consumer price changes beyond
predictions that are based on past consumer price changes alone.

4. Robustness

The Granger-causality results just reported evaluate the proposition that both
anticipated and unanticipated oil price changesinfluence theinflation rate and the real
output growth rate. In this section, we investigate the robustness of these results. In
particular, we use the multi-equation (VAR) framework inwhich thevariablesaretreated
as jointly determined, and investigate the dynamic relationships among oil prices,
consumer prices, and industrial production. Although thesingle-equation approach has
clear implications about the response of output and prices to changes in oil prices,
under the VAR approach we have to deal with theidentification and ordering problems,
before the results are evaluated.

We start by using the oil price to identify oil-price shocks and investigate the
dynamic effects of such shocksin asimple unrestricted three-variable VAR, consisting
of the (logged) ail price (Qil), the consumer price index (CPI), and the industrial
productionindex (IPI), inthat order. Wefit the VAR to the monthly data, weignorelow
frequency variables (such as linear trends), and we set the lag length equal to 13. p-
values of Granger-causality F-tests (not reported here) for the CPI equation show that
the hypothesis of no causality from oil prices to consumer prices can be rejected (at
conventional significance levels) for all three countries and for each sample, except for
the 1981 Canadian sub-sample. Thehypothesis, however, of no causality from oil prices
to industrial production cannot be rejected. These results are consistent with those
based on thse single-equation approach and point to the usefulness of oil prices as
stand-alone leading indicators of inflation, but not of real output growth.

Solid linesin Figures 1-3 show theimpul se response functions (over an expanse of
fiveyears) for each of thethree countries and for each sample period considered earlier.
Dashed lines denote + standard-deviation bands computed using the Monte Carlo
method described in RATS with 500 draws fromthe posterior distribution of the VAR
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coefficients and the covariance matrix of the innovations. In general, the qualitative
pattern exhibited by consumer prices and industrial production, following a positive
innovation in the oil price, is consistent with our priors. There is a strong and
statistically significant increase in consumer prices and a decline in industrial
production, which is not significantly different from zero.

5. TheRole of Qil Price Volatility
In this section we explorethe variability of oil pricesasan influence on consumer prices
and industrial production. In doing so, we use recent advances in the financial
econometrics literature. In particular, we use ageneralized autoregressive conditional
heteroskedasticity (ARCH) model to capture the time-varying conditional variance as
aparameter generated from atime-seriesmodel of the conditional mean and variance of
the oil price change.

Let Alog(Qil), betheoil price changewith conditional forecastE[Alog(Qil)] asinthe
following equation

Alog(Qil), * E[Alog(Qil),* I,,] % g,

where |, isthe conditioning information set on which forecasts are based and the
forecast error g, has zero mean and conditional variance

E(gtz*lt&l) ) étz

Our objectiveisto use conditional volatility modelsto capture the time-dependent
heteroskedastic distri Q,LEion of g,. By capturing thisfeature of the data, we can produce
aforecasted variance O ;along with an oil pricegrowthforecast error g, such that the
standardized residuals, §/0, are homoskedastic and independent.

A great many conditional volatility models have been proposed in an effort to
capture time-dependent heteroskedastic distributions, the most popular of which are
members of Engle’s (1982) autoregressive conditional heteroscedastic (ARCH) family.
One such model, widely used in the literature, is Bollerslev’ s (1988) generalized ARCH
(1,1), or GARCH (1,1) model

2
O

W % &g % &0,

withw>0,4%$ 0, and& $ 0. Thismodel allowsthe conditional variance of g, to be
an ARMA(1,1) process, and nests as special casesavariety of other models, including
the Engle (1982) ARCH (4, = 0) and the Engle and Bollerslev (1986) integrated GARCH
(&, + &, =1) models.



Oil Shocksin the NAFTA Countries 31

In the context of thismodel, the estimated c')t2 istheconditional varianceof oil price
changes -- that is, the variability of oil price changes expected to prevail (next period)
given currently availableinformation. The unexpected component of oil price changes
is given by ¢ " Alog(QOil), & E[Alog(Qil), *l,¢,]. where
E[Alog(Qil), * l,g,] is the conditional expectation of Alog{Ollbt. g;, however,
does not reflect changesin conditional variability over time. A measureof unanticipated
volatility that reflects both the unanticipated component of oil price changes and the
(time-varying) conditional variance of oil price change forecasts is given by gt/c')t.
This variable can be thought of as being a measure of how different a given oil price
changeisfrom the historical pattern.

To establish the relationship between anticipated and unanticipated oil price
volatility and consumer prices and industrial production, we use the single equation
approach, discussed in section I11. In thisapproach, oil price volatility (irrespective of
whetheritisanticipated or unanticipated) istreated as predetermined and thetime series
properties of the data are imposed in estimation. Hence, to test if oil price volatility
causes consumer prices or industrial production in the Granger sense, we employ the
following regression equation

r s g, k
ARz " 4% " aAz % " 3 &b o " 5302 0
Az a/o_' a]Az[&jA)_'a] == /o_. a]ot&j/out
"1 "1 18 "1

where éf isthe GARCH (1,1) anticipated volatility of oil pricechangesand ¢,/0,
the unanticipated volatility of oil price changes. We choose common lags of four and
have Az be the inflation rate or the growth rate of industrial production.

The causality results are reported in Table 4. F, isthe test of the null hypothesis
that in aregression of Az on lagged values of itself and anticipated and unanticipated
oil volatility, the coefficients of unanticipated oil volatility arezero. F, isthe test of the
null hypothesis that in aregression of Az on lagged values of itself and unanticipated
and anticipated oil volatility, the coefficientsof anticipated oil volatility arezero. Finaly,
F,isatest of the null hypothesis that in aregression of Az on lagged values of itself
and unanticipated and anticipated oil price volatility, the coefficients of both
unanticipated and anticipated oil price volatility are zero.

Turning to theresults, it isclear that oil pricevolatility (irrespective of whether itis
anticipated or unanticipated) does not Granger cause either industrial production or
consumer prices, except for unanticipated oil price volatility that causes U.S. consumer
priceswiththe 1974 and 1981 sub-samplesand anticipated oil pricevolatility that causes
Mexican prices with the 1981 sub-sample. Results(not reported here) alsoindicatethat
this conclusion does not in general change when the unanticipated oil volatility is
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separated into positive and negative components (in order to test for asymmetric
effects).

6. Conclusion

We have considered the empirical relationship between oil prices, consumer prices, and
industrial productionintheNAFTA countries. Theanalysishasbeen conducted using
integration and cointegration tests, the single-equation approach (with the time series
properties of the data imposed in estimation and hypothesis testing), as well as the
multi-equation VAR framework, which represents one of the most promising tools for
evaluating the dynamic effects of unanticipated shocks. Thereisstrong evidence that
oil price changes are significant stand-alone leading indicators of inflation, but not of
real output growth. Thisresult seemsto be robust acrossthe single equation and multi-
equation approaches.

We also studied the relationship between consumer prices, industrial production,
and the variability of oil price changes, using recent advances in the financial
econometrics literature. In particular, we tested whether the GARCH (1,1) anticipated
and unanticipated volatility of oil price changes has a systematic effect on consumer
prices or industrial production. In general, we rejected this hypothesis of Granger
causality from oil price volatility to consumer pricesandindustrial production although
thereis someindication that unanticipated volatility causesthe CPI inthe U.S.

Our results, however, must be interpreted carefully. The use of the WTI ail price
as arepresentative for the oil price in Canada and M exico was amatter of convenience.
The actual oil pricein Canada, however, was regulated between 1973 and 1984, and the
Mexican oil priceis still subject to government regulation. While regulators in both
countries used the WTI as one benchmark in determining the regul ated price, the actual
domestic price was rarely, if ever, accurately reflected by the WTI. As aresult, the
macroeconomic responses to changes in the WTI price may not accurately reflect the
response to changes in the domestic oil price in Canada and Mexico. A further
consideration in thisanalysisis the level of economic development in Mexico. While
the United States and Canada are both developed industrialized countries, Mexicoisa
developing economy and has, over the past three decades experienced, among other
things, several currency crisesand policy reforms. Thesefactorstend to mask thetrue
macroeconomic effects of oil price shocks for the Mexican economy, especially the
effectson the CPI.
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No drift, With drift, No trend With drift, With trend
No trend
A. United States
3.09 -1.25 -252
29 0.85 -242
0.88 -1.09 -1.60
B. Canada
208 -0.73 -1.35
221 -1.99 -2.89
0.87 -1.16 -1.19
C. Mexico
0.32 -0.36 -1.98
2.76 -1.84 -2.52
347 -0.86 -1.69

NOTE: The 95% critical value for the ‘ no drift, no trend’ caseis-1.94; for the ‘with

drift, notrend’ case-2.87, and for the ‘with drift, with trend’ case-3.42. An

asterisk indicates significance at the 5% level.
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Table 2. Johansen Maximum Likelihood Cointegration Tests

Full sample 1974 Sub-sample 1981 Sub-sample

System T Trace T Trace T Trace
A. United States
CPl, Oil 600  19.009 281 32649 197 15.069
[P, Qil 600 8590 281 17914 197 9.093
B. Canada
CR, Ol 431 18528 280 38818 19 21.043
P, Qil 431 10.232 280 17.114 196 12.123
C. Mexico
CH, Qil 297 11.724 192 19.025
N/A

[P, Qil 297 9.656 192 7.66

NOTE: All testsuse aconstant and trend variable. The number of lagsis set
equal to 4. T = number of observations. The 95% critical valueis 15.41. An

asterisk indicates significance at the 5% level (rejection of the null of no

cointegration).
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Table 3. Tail Areas of Tests of Granger causality on the Single - Equation
Approach from Qil Pricesto Consumer Prices and Industrial Produaction

Dependent
Vaiable Full Sample 1974 Sub-sample 1981 Sub-sample
A. United States
CPl .008 .000 .000
IPl .809 844 497
B. Canada
CPI .000 .000 .025
I 145 134 799
C. Mexico
CPl 072 .165
N/A
M 331 330

NOTE: Low p-valuesimply strong marginal predictive power.
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Table 4. Tail Areas of tests of Granger causality from Anticipated and
Unanticipated Oil Price Volatility to Consumer Prices and Industrial
Production

r s k
Az " a% = 4Azg % = &1 =2L) % " §6g % u,
"1 I T
p-values
Fi:4=0, F:8=0, F:8=8=0,
i=1, .,s i=1 ..,k i=1 ..4
Sample IPI CPl 1P CPl 1P CPl
A. United States
Full 272 .655 108 530 114 552
1974 Sub-sample .280 .000 332 307 327 290
1981 Sub-sample 551 .000 841 613 843 .606
B. Canada
Full .656 194 062 282 065 322
1974 Sub-sample 233 125 317 072 312 087
1981 Sub-sample .556 .365 315 129 311 128
C. Mexico
Full 197 374 818 421 825 414
1981 Sub-sample 425 214 860 .005 871 .005
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NOTE: Low p-valuesimply strong marginal predictive power.
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