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Abstract

We study the real-time Granger-causal relationship between crude oil prices and US GDP growth

through an out-of-sample (OOS) forecasting exercise; we do so after providing strong evidence of

in-sample (IS) predictability from oil prices to GDP. Comparing our benchmark model “without

oil” against those “with oil” by way of both point and density forecasts, we find strong evidence

in favor of OOS predictability from oil prices to GDP via our point forecast comparisons when

we adjust our MSPEs to account for noise introduced under the null hypothesis that the par-

simonious benchmark is the true data generating process. These results are consistent with

well-known IS results covering part of our OOS period, and also suggest that, in the 1990s and

2000s, oil prices have had greater predictive content for GDP than in the mid to late 1980s. By

way of density forecast OOS comparisons, while we do not find statistically significant evidence

of such predictability from oil prices to GDP for the full 1970-2008 OOS period, our results qual-

itatively also suggest substantial time variation in this relationship; predictability from 1970 to

1985, and increasing predictability near the onset of the Great Recession.
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1 Introduction

Blinder and Rudd (2008) emphasize that, in apparently helping to produce large macroeconomic

effects in the form of high inflation and a deep recession, the 1973 post-Yom Kippur War OPEC

oil price increases had a sense of being “something new, if not indeed something sui generis, at

the time.” In a seminal paper, however, Hamilton (1983) shows that a strong case can be made

for the hypothesis that negative oil price shocks systematically preceded recessions from the early

post-World War II period to the beginning of the 1980s.

He finds that crude oil prices Granger-cause real output over the full 1948-1980 sample period as

well as the 1948-1972 and 1973-1980 subsamples. Further, the general failure of the macroeconomic

variables considered to Granger-cause oil prices, along with historical and institutional details of

the post-World War II oil market studied in Hamilton (1985), leads him to conclude that the crude

oil price changes observed in this era were exogenous relative to general business cycle fluctuations.

The data Hamilton (1983) uses end in 1980. With extended data roughly running to the middle

of the 1990s, Hooker (1996) establishes that, via the linear time series approach employed by

Hamilton (1983), crude oil prices no longer Granger-cause real output. Accordingly, he questions

the then increasing use in the macroeconomics literature of oil prices as instrumental variables

at the same time that they appear to play a less important role across the business cycle. In

response, Hamilton (1996) demonstrates that a nonlinear transformation of oil prices he labels the

“net oil price increase” (NOPI), in place of the raw oil price growth rate, produces a Granger-causal

relationship from oil prices to output when the more recent data are included.

Subsequent to this exchange between Hooker and Hamilton, several papers document a weaken-

ing of the relationship between oil prices and the macroeconomy, including Bernanke, Gertler, and

Watson (1997), Blanchard and Gaĺı (2008), and Herrera and Pesavento (2009). However, Hamilton

and Herrera (2004) show that the results in Bernanke et al. (1997) are not robust, while Hamilton

(2009) points out that the Blanchard and Gaĺı (2008) estimates imply, counterintuitively, that the

US 1981-82 recession would have been deeper in the absence of the crude oil price shocks that pre-

ceded it. Further, applying the novel random field approach of Hamilton (2001), Hamilton (2003)

presents evidence suggesting that the causal relationship from oil prices to GDP growth continues

to be strong, and argues that measures of oil supply disruptions can serve as useful exogenous

instruments in instrumental variables regressions.1

All of the literature referenced above is based on in-sample (IS) analysis. The goal of this paper

is to explore this relationship by way of an out-of-sample (OOS) forecasting study. Our interest

in doing so is not motivated by concern that IS inference without OOS verification is likely to be

1Using several econometric specifications, though, Kilian (2008) can not reject the null hypothesis that the in-
struments suggested by Hamilton (2003) are weak in the sense of Cragg and Donald (1993) and Stock and Yogo
(2005).



spurious, as Ashley, Granger, and Schmalensee (1980) warn, such that an OOS approach inherently

involves less overfitting and is necessarily the correct one to adopt. Rather, we view the results

we obtain as a natural complement to the set of mixed and conflicting results reported by leading

scholars in the literature and refer to the argument of Welch and Goyal (2008) that they provide

“useful diagnostic” information about the underlying dynamic relationship.

Welch and Goyal (2008) argue that it is not reasonable to search for evidence of OOS predictabil-

ity in the absence of IS predictability. Accordingly, for models we further explain below, in Figure

1 we present evidence of such IS predictability from crude oil prices to US GDP using sequence of

both expanding and rolling windows of post-World War II data. In each graph comparisons are

made against a benchmark model with no oil price measure included and alternatives which do

include such oil price data. For every estimation window considered, the benchmark model gener-

ates a higher value of the Akaike Information Criterion (AIC), the Bayesian Information Criterion

(BIC), and a higher marginal likelihood.

Following many precedents in the literature, the models with which we generate sequences of

OOS forecasts are estimated on vintages of real-time data.2 The importance of using such data,

as opposed to revised data, is twofold. First, if all models in the OSS study were estimated with

the most recent vintage available at the time the research is carried, this would be equivalent

to assuming that economic agents have information that is, in fact, unavailable to them when

forecasting future economic activity. Second, use of revised data can give a misleading impression

of the relative OOS forecasting performance of the alternative models considered.3

We carry out our OOS predictability analysis with both point and density forecasts. Our key

results from the point forecast comparisons are as follows. Via the NOPI measure, we find very

strong statistically significant predictability from oil prices to GDP for the longest OOS period we

consider, 1970-2008. Further examination suggests that this predictability was strongest during the

1970s and early 1980s, weakened in the 1980s, and increased in strength in the 1990s and 2000s.

Our density forecast comparisons suggest moderate OOS predictability from oil prices to GDP

growth in the 1970s and early 1980s, but when we consider the full 1970-2008 OOS period, no such

statistically significant predictability is detected.

Bachmeier, Li, and Liu (2008) also study the OOS predictability from oil prices to GDP growth,

reaching the strong conclusion that there is no such predictability. We note that they do so, however,

with revised data, such that the above caveats arguably apply. In addition, they only consider point

forecast comparisons.

The paper proceeds as follows. In Section 2 we discuss our forecasting models and evaluation

criteria, and present our results in Section 3. We conclude in Section 4.

2Croushore and Stark (2003) provide a useful discussion of real-time versus revised data.

3This is the case, for example, for the OOS time series forecasts Faust and Wright (2009) analyze.
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2 Forecasting GDP with Oil Prices

We generate h−step ahead OOS forecasts, for h = 1 and h = 4, of quarterly US GDP growth rates

using real-time vintage j and compute forecast errors with the first release value of the US GDP

(from vintage j +1 in the h = 1 case and from vintage j +4 in the h = 4 case). For all the models

we use direct forecasting for the h−step ahead forecasts, which implies that we do not need to

employ multi-equation systems to produce our forecasts.

We use data for US GDP, import prices, and the GDP deflator from real-time vintages down-

loaded from the Philadelphia Federal Reserve Bank’s real-time database from 1950Q1 to 2008Q4;

the first vintage covers 1950Q1-1969Q4, and the last vintage runs from 1950Q1 to 2008Q4.4 For a

crude oil price measure we obtained data on the monthly West Texas Intermediate spot oil price,

downloaded from Dow Jones, and compute the arithmetic averages across each quarter to produce

our quarterly oil price series. The interest rate variable we use is the 3-month Treasury Bill rate

from the FRED database at Federal Reserve of Saint Louis.5

2.1 Forecasting Models

A standard benchmark to forecast GDP growth is an autoregressive model of order p.

yt = α+

p∑
i=1

βiyt−i + σϵt, (1)

where ϵt ∼ N(0, 1). The Akaike and Bayesian information criteria both identify p = 4 across our IS

periods. We apply Bayesian inference with weak informative conjugate priors to restrict regression

coefficients to zero.6 The model is estimated and point and density forecasts are produced via

considering two alternative schemes: a sequence of expanding windows, which refer to as AR e,

and a sequence of 15-year moving windows, which we call AR m. The first expanding window IS

period is 1950Q1-1969Q4, while the first moving window IS period is 1955Q1-1969Q4,

The second group of models extends the AR(p) with an oil price measure:

yt = α+

p∑
i=1

βiyt−i +

p∑
i=1

γioilt−i + σϵt, (2)

where ϵt ∼ N(0, 1) and oilt is the oil price measure at time t. We use two alternatives: the

oil price growth rate, oilt = ln(pt) − ln(pt−1) where pt is the West Texas Intermediate spot oil

4http://www.philadelphiafed.org/research-and-data/real-time-center/real-time-data/

5http://research.stlouisfed.org/fred2/

6We use a normal inverted gamma prior with means for α and β equal to zero and variances equal to 100. The
predictive densities are Student−t distributed, and the means of densities are used as point forecasts. All the linear
models in this paper have these properties. See, for example, Koop (2003) for details.
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price in quarter t; and the NOPI measure proposed by Hamilton (1996), oilt = max[(ln(pt) −
max[ln(pt), .., ln(pt−4)]), 0]. Again, we estimate the models using an expanding window or a 15-

year moving window resulting in four different specifications: AROIL e, AROIL m, ARNOPI e,

ARNOPI m respectively.

Hooker (1996) augments model (2) with a set of M macro variables:

yt = α+

p∑
i=1

βiyt−i +

p∑
i=1

γioilt−i +

M∑
j=1

p∑
i=1

δn,imj,t−i + σϵt, (3)

where ϵt ∼ N(0, 1). He set the lag order p to rather high values, e.g., p = 12 for his full IS period.

We determine p for each of our IS periods on the basis of both the Akaike and Bayesian information

criteria. As in Hooker (1996) we use M = 3, specifically the price of imports, the GDP deflator and

the interest rate on the 3-month Treasury Bill. As the number of parameters is potentially very

high, we select the order of our autoregressive process with regressors by minimizing the Akaike

information criteria at each point forecasts are made. Two measures of oil prices, and expanding

or 15-years moving windows are used resulting in four specifications: AROILX e, AROILX m,

ARNOPIX e and ARNOPIX m respectively.

The US and world economies have changed over time and modeling with a stable relation or

with a simple correction by using 15-year moving windows may be not be sufficiently flexible to

capture structural change. We reformulate models in (1) and (2) with time-varying parameters.

Time instability is assumed as breaks and parameters are modeled as mixture of normals as in

Ravazzolo and Vahey (2010):

yt = αt +
∑p

i=1 βt,iyt−i + σtϵt

αt = αt−1 + κt,1ut,1

βt,i = βt−1,i + κt,1+iut,1+i

ln(σ2
t ) = ln(σ2

t−1) + κt,p+2ut,p+2

(4)

where ϵt ∼ N(0, 1), κt,s, s = 1, ..., p + 2, is a [0,1] unobserved process with Pr[κt,s = 1] = πs, and

ut,s ∼ N(0, 1); as per the IS estimation results for our AR(p) benchmark, we set p = 4.

Hence, the intercept αt, the autoregressive parameters βt,i, and the stochastic error standard

deviation σt remain the same as their previous values for observation t − 1 unless κt,s = 1. The

flexibility of the specification in (4) stems from the fact that the model parameters are allowed to

change every time period, but need not. The magnitude of the changes is determined by ut,s. We

note that the shifts in the individual parameters are not restricted to occur simultaneously, but

are allowed to take place at different points in time; if κt,s = 0, for s ̸= 1, κt,1 were to follow a

first-order Markov process, and ut,1 were a scalar, the model (4) would reduce to a conventional

two-state Markov-switching model as in Hamilton (1989), in which only the intercept term shifts.

See Ravazzolo and Vahey (2010) for estimation details. Giordani and Villani (2009), for example,
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show that this type of flexible model can provide accurate OOS forecasts. Similarly, we add oil

prices as follows:

yt = αt +
∑p

i=1 βt,iyt−i +
∑p

i=1 γt,ioilt−i + σtϵt

αt = αt−1 + κt,1ut,1

βt,i = βt−1,i + κt,1+iut,1+i

γt,i = γt−1,i + κt,p+1+iut,p+1+i

ln(σt) = ln(σ2
t−1) + κt,2p+2ut,2p+2.

(5)

Out two different measures for oil prices are used. The resulting models called: TVPAR, TV-

PAROIL, TVPARNOPI respectively. We generate forecasts with these models by way of an ex-

panding window scheme.7

2.2 Forecast Evaluation

To shed light on the predictive power of oil, we use a number of evaluation statistics for point and

density forecasts previously proposed in literature. We compare point forecasts in terms of mean

square prediction errors (MSPEs) and “adjusted” MSPEs (MSPEs-adjusted), where the MSPE

adjustment is made as per Clark and West (2007), for different models and different OOS periods.8

We test the null hypothesis that the nested benchmark model without an oil price measure has the

lower MSPE by way of the McCracken (2007) and Clark and West (2007) tests.

To implement the Clark and West (2007) test, we compute:

f̂t+h = (yt+h − ŷ1,t+h)
2 − [(yt+h − ŷ2,t+h)

2 − (ŷ1,t+h − ŷ2,t+h)
2], t = N, ..., T − h, (6)

where yt+h is the realization of the variable of interest at time t+ h, ŷi,t+h, i = 1, 2 are the h-step

ahead point forecasts conditional on the information at time t from model 1 (the parsimonious

nested benchmark) and from model 2 (the larger one), N is the last IS observation, and T is the

last OOS observation. The Clark and West (2007) test for equal MSPE is carried out by regressing

f̂t+h on a constant and running a t−test for the null hypothesis that the constant equals zero.

Failure to reject the null indicates that model 2 reduces to model 1 at the given significance level.

Following Welch and Goyal (2008), we also graphically analyze what we call the Cumulative

Squared Prediction Error Difference (CSPED):

7In the discussion below, we use the term “time-varying” to refer to this group of three models, and “expanding
window” to refer to the expanding window implementation of models (1), (2), and (3).

8Under the null hypothesis that the parsimonious benchmark model is the true DGP, use of estimated non-
benchmark models (which nest the benchmark) induces noise into OOS forecasts by way of estimation of parameters
with zero population means. Use of MSPE-adjusted is an attempt to reduce the role of such noise when making OOS
forecasting comparisons for nested models.
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CSPEDt,h =

t∑
s=N

f̂s+h, (7)

where f̂s+h is given by equation 6.9 Increases in CSPEDt,h indicate that the alternative to the

benchmark predicts better at OOS observation t.

Density forecasts are compared using two different measures: a fit measure, the probability

integral transform (PIT ), and a distance measure, the log score. Use of the PIT to evaluate

density forecasts was introduced into econometric time series analysis by Diebold, Gunther, and

Tay (1998). Let {gi(yt+h|It)}Tt=N+1 be the density forecast produced by model i conditional on the

information set available at time t = N . Given the OOS realizations of the process, {yt+h}Tt=N+1,

the PIT for each OOS observation is computed as:

pi,t+h =

∫ yt+h

−∞
gi(u|It)du, t = N, ..., T − h, (8)

If the h-step ahead density forecasts coincide with the true densities {f(yt+h|It)}T−h
t=N , the sequence

of the PITs is independently and identically distributed i.i.d with a uniform distribution, U(0,1).

The goodness-of-fit tests we employ include the Likelihood Ratio (LR) test of Berkowitz (2001),

the Anderson-Darling test, and the Pearson (χ2) test as in Wallis (2003). We use the three degrees of

freedom variant of the Berkowitz (2001)test of the null hypothesis that the sequence of transformed

PITs, {zt+h}Tt=N , where zi,t+h = Φ−1(pi,t+h), with Φ−1(.) the inverse of the standard normal

distribution function, is i.i.d N(0, 1) against an AR(1) alternative. The Anderson-Darling (AD)

test for uniformity, a modification of the Kolmogorov-Smirnov test, gives more weight to the tails

of the forecast density. The Pearson (χ2) test divides the range of the pi,t+h into eight equiprobable

classes and tests for uniformity in the histogram. We also test directly for the independence of

the PITs using the Ljung-Box (LB) test, based on autocorrelation coefficients up to four.10 A

well-calibrated ensemble should give high probability values for all four of these tests.

Turning to our analysis of relative predictive accuracy, we consider tests based on the Kullback-

Leibler information criterion KLIC distance measure, which focuses on the difference between two

log scores, where the log score of a density forecast for OOS observation t+ h is computed as the

log of the density forecast for that observation. Amisano and Giacomini (2007) derive a KLIC test

for equal predictive density accuracy for the case of two nested models estimated using fixed size

IS rolling windows of data. For each OOS observation t+ h, define:

WLRt+h = w(ystdt+h)(ln(g1(yt+h|It))− ln(g2(yt+h|It))), (9)

9We note that Welch and Goyal (2008) do not make use of the Clark and West (2007) MSPE-adjusted measure.

10The null of the LB test is that the series being tested is uncorrelated, a weaker condition than independence.
But if the null is rejected, the series is clearly not independent.
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where g1 and g2 are, respectively, the scores for the benchmark model 1 and the alternative model

2, w(·) is a weighting function, and ystdt+h is the realization yt+h standardized using the IS data

with which the density forecasts are estimated. The Amisano and Giacomini (2007) test statistic

is computed as:

tn =
WLRn

σ̂t+h/
√
n
, (10)

where n = T−h−N , WLRn = n−1
∑T−h

N WLRt+h, and σ̂t+h is the square root of a heteroscedastic

and autocorrelation (HAC) consistent estimator of the asymptotic variance σ2
nvar(

√
nWLRn). In

reporting our results below, we use the “center of distribution” weighting function of Amisano and

Giacomini (2007), which ignores the effects of any possible outliers.11

Mitchell and Hall (2005) develop a KLIC test for nested models for the case in which the density

forecasts are estimated using expanding windows of data. They propose the following WALD test:

GWn = n

(
n−1

T−h∑
t=N

zt+h−1dt+h

)′

Σ̂t+h

(
n−1

T−h∑
t=N

zt+h−1dt+h

)
, (11)

where dt+h = (ln(g1(yt+h|It)) − ln(g2(yt+h|It))), zt+h−1 = (1, dt+h−1)
′
, and Σ̂t+h is the HAC es-

timator for the variance of (zt+h−1dt+h). Under the null hypothesis of equal predictive accuracy,

GWn ∼ χ2
2.

Analogous to our use of the CSPED for graphically examining relative MSPEs over time, and

following Kascha and Ravazzolo (2010), we define the Cumulative Log Score Difference (CLSD):

CLSDt,h = −
t∑

s=N

dt+h, (12)

where dt+h is defined above. If CLSDt,h increases at observation t, this indicates that the alternative

to the benchmark has a higher log score.

3 Results

We report OOS forecasting results for the 1970Q1 to 2008Q4 period as well as for nine subsamples:

a set of six subsamples, with each starting five years later than the previous one, i.e. 1975Q1-

2008Q4, 1980Q1-2008Q4, ..., 2000Q1-2008Q4; and a set of three subsamples focusing on the 1970s

through the first half of the 1980s, 1970Q1-1979Q4, 1970Q1-1984Q4, and 1975Q1-1984Q4. Through

consideration of these subsamples we are able to obtain an assessment about whether the oil pre-

dictability has changed over time, and in particular for specific periods such as the oil crises in

11Our OOS density forecast comparisons are not strongly affected with use of the other three weighting functions
Amisano and Giacomini (2007) provide.
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the 1970’s, the relatively low oil price volatility regime from the mid 1980s to the 1990s, and the

subsequent high oil price volatility period after 2000.

We first summarize the point forecast results found in Tables 1 and 2, which show, respectively,

MSPEs and MSPEs-adjusted. The dominant result in Table 1 is that the benchmark “no oil”

models produce more accurate point forecasts at both the h = 1 and h = 4 horizons, irrespective

of whether an expanding window, moving window, or time-varying approach is used. The poor

relative OOS performance of the models “with oil” is particularly pronounced in the 1970s and first

part of the 1980s; in some cases the MSPEs of these models is an order of magnitude larger than

in the benchmark case. For those OOS subsamples which exclude these years, the non-benchmark

models generally produce higher MSPEs; and in the moving window case, the ARNOPI models

generate significant MSPE reductions at the 1% significance level for both h = 1 and h = 4 in the

1995-2008 OSS period.

As per the analysis of Clark and West (2007), standard MSPE comparisons may be mislead-

ing when the alternative model nests the benchmark, and the results Tables 1 and 2 indeed differ

considerably. For h = 1, three out of the four expanding window alternatives produce significant

MSPE-adjusted reductions at the 5% significance level for the 1970-2008 OOS period; the rela-

tive performance of the “with oil” alternatives is particularly strong in both the 1970-1980 and

1970-1985 OOS periods. Further, ARNOPI expanding window forecasts dominate at the 1% and

5% significance levels, respectively, for the 1995-2008 and 2000-2008 OOS periods. The OOS pre-

dictability pattern from oil prices to GDP suggested by this set of results is that it was particularly

strong in the early 1970s, weakened in the 1980s, and increased in strength in the 1990s and 2000s.

A slightly different pattern is suggested by the h = 1 moving window results in Table 2. For

the relatively long 1970-2008 OOS period, the p−value for the equal MSPE null is less than 0.10

only for the ARNOPI and ARNOPIX models; the same is true for the 1970-1980 and 1970-1985

OOS subsamples. On the other hand, all alternatives to the benchmark generate significant MSPE

reductions at the 1% significance level for the 1995-2008 and 2000-2008 subsamples. Further, the

ARNOPI h = 4 results mirror those of the model’s h = 1 performance against the benchmark.

For the class of time-varying models, the null of equal MSPEs is not rejected in almost all cases.

We believe this reflects the TVPAR benchmark’s ability to compensate for possible misspecification

by allowing for robust time variation in the intercept, the autoregressive coefficients, and the

variance of the stochastic error term.

Figure 2 offers a graphical complement to the results in Table 2, presenting time series plots of

the CSPEDs we define above in equation (7) for the 1970-2008 (top panel) and 2000-2008 (lower

panel) OOS samples. For the expanding and moving window case, the 1970-2008 results suggest

that the forecast dominance of models with oil prices included stems primarily from the period

immediately following the jump in oil prices observed in late 1973, with relatively little change

afterwards. The 2000-2008 results for these forecast schemes show, however, that scale effects mask
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some important later changes, i.e., in several cases the relative predictions from the alternative

models steadily improve throughout the 2000s.

We next turn to discussion of our density forecast evidence on the predictive power of oil prices

for GDP. The results in Table 3 show that the null hypothesis of the Berkowitz (2001) test that the

density forecast is well calibrated is not rejected at the 5% significance level for the the 1970-2008

set of OOS forecasts for only three models at h=1, AR e, AROILX m and TVPARNOPI, and for

only one model at h = 4, ARNOPIX e. In contrast, the p−values for h = 1 in the last three

columns are generally quite high, implying that the strong set of rejections over the 1970-2008

OOS forecasts stems from behavior in the post-1985 period. The Ljung-Box results in Table 4

suggest that the large number of rejections of the Berkowitz (2001) null we observe in Table 3

are not driven by strong dependence in the PITs. Rather, the pattern of rejections in Table 3, as

per the Anderson-Darling and Pearson (χ2) test results in Tables 5 and 6, is likely driven by the

density forecast PITs not being uniformly distributed for most of the set of OOS forecast samples

we consider; the evidence in favor of the uniform null is strongest for the 1970-1980, 1980-1985, and

1975-1985 OOS subsamples. The results in Tables 3-6, then, imply that the estimated densities we

use to produce of forecasts are reasonable for the 1970-1985 OOS forecast periods, but generally

do not coincide with the true density for the post-1985 OOS subsamples.

Following Mitchell and Wallis (2009), we evaluate relative density forecast performance via log

score analysis. These results are presented in Table 7. We repeat that higher scores indicate better

performance; since all of the log scores in Table 7 are negative, values closer to zero indicate higher

forecast density accuracy. At h = 1, there is statistically significant evidence of predictability

from oil prices to GDP for AROILX class of models for both the expanding and window schemes

in the 1970s and first part of the 1980s. For the same OOS forecast periods, at h = 4 several

alternatives suggest such predictability in the expanding window case but none do at conventional

significance levels in the moving window case. For the post-1985 OOS periods, as well as for the full

1970-2008 OOS sample, the density forecasts when an oil price measure generally do not dominate

the benchmark. We also note that our time-varying benchmark appear to be rather flexible in

compensating for potential misspecification caused by omitting some relevant explanatory variables.

Figure 3 provides time series plots of our CLSD measure defined in equation (12). The 1970-

2008 expanding and moving window cases show that several of the alternative models produce

higher log scores in the 1970s and early 1980s. When we focus on the analogous graphs for the

2000-2008 OOS period, we see evidence of relative improvement in several of the non-benchmark

alternatives in the last set of observations.
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4 Conclusions

We provide several useful results for the literature on the post-World War II question of the Granger-

causal relationship between crude oil prices and US GDP growth. First, we show that quite strong

evidence can be generated in favor of IS predictability from oil prices to GDP over the past forty

years using standard model selection criteria and vintages of real-time data.

Second, our primary contribution is to examine the extent to which there is OOS forecasting

evidence in favor of such predictability. Via point forecasts, our key findings are that: (1) there is

very strong evidence in favor of OOS oil price Granger causality for GDP from the 1970s through

the mid-1980s; (2) this relationship weakened for roughly the following fiften years; and (3) there

was a strengthening of this relationship in the past decade. Though there are reasonable grounds

to question the extent to which our density forecasts are well-calibrated, they do offer evidence that

is consistent our point forecasts.

Additional work remains to be done. While we have established OOS Granger-causality from

oil prices to US GDP, we should also consider the reverse problem: do GDP growth rates OOS

Granger-cause crude oil prices? Barsky and Kilian (2002) argue that there may very well have been

feedback from GDP growth to oil prices, and it seems reasonable to address that question in an

OOS framework, and Kilian (2009) lists this as one of the two reasons why an exercise of the type

we carry out “is not well defined.” The second concern Kilian (2009) raises is due to the issue of

disentangling the macroeconomic role of oil demand and supply shocks. We will try to address that

concern by examining the robustness of our results to inclusion of the measure he develops on real

global economic activity to help us control for both demand and supply shifts in the international

oil market.
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