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The answer depends on the objective. The approach of combining five of the leading forecasting models with
equal weights dominates the strategy of selecting one model and using it for all horizons up to two years. Even
more accurate forecasts, however, are obtained when allowing the forecast combinations to vary across forecast
horizons. While the latter approach is not always more accurate than selecting the single most accurate
forecasting model by horizon, its accuracy can be shown to be much more stable over time. The MSPE of real-
time pooled forecasts is between 3% and 29% lower than that of the no-change forecast and its directional
accuracy as high as 73%. Our results are robust to alternative oil price measures and apply to monthly as well
as quarterly forecasts. We illustrate how forecast pooling may be used to produce real-time forecasts of the
real and the nominal price of oil in a format consistent with that employed by the U.S. Energy Information
Administration in releasing its short-term oil price forecasts, and we compare these forecasts during key
historical episodes.

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

Accurate real-time forecasts of the price of oil are important to firms
and consumers as well as state and national governments. Real-time
forecasts refer to forecasts based on the data actually available to fore-
casters at the time a forecast is generated as opposed to information
that only becomes available later. Real-time data sets explicitly account
for delays and revisions in data releases. For example, data on global oil
production are only releasedwith a delay of severalmonths and subject
to revisions for several years. Ignoring these data constraints, as has
been common in many earlier studies, may result in overly optimistic
assessments of the ability to forecast oil prices (see Alquist et al., 2013).

There are many alternative real-time approaches to forecasting oil
prices ranging from the use of oil futures prices and survey forecasts
to atheoretical time series models and econometric models.1 Our
approach in this paper is to focus on short-term oil price forecasting
models that can be motivated based on economic grounds. To date, a
large number of alternative forecasting model specifications have
been considered in the literature on real-time forecasts of the real

price of oil. Among these models we restrict attention to forecasting
models that have been shown to produce more accurate real-time
forecasts than the random walk benchmark model at least for some
forecast horizons. We take the specification of the forecasting models
employed in this literature as given. Our objective is to examine the
forecast accuracy of weighted averages of these forecasts, as measured
by themean-squared prediction error (MSPE) atmonthly and quarterly
horizons up to two years. We also report results for the directional
accuracy of these combined forecasts.

Forecast combinations (also known as pooled forecasts) have a long
tradition in macroeconomic forecasting (see, e.g., Timmermann, 2006).
With regard to short-term oil price forecasts, Baumeister and Kilian
(forthcoming) established that an equal-weighted combination of four
recently proposed oil price forecasting models is systematically more
accurate than the no-change forecast as well as forecast combinations
based on recursive or rolling inverse MSPE weights. The forecasting
models considered in that study included a vector autoregressive
(VAR) forecast, forecasts based on the spread between oil futures prices
and the spot price of oil, forecasts based on non-oil industrial commod-
ity prices, and forecasts based on a time-varyingparameter (TVP)model
of the spreads between the U.S. spot prices of gasoline and heating
oil and the spot price of crude oil. More recent work by Baumeister
et al. (forthcoming), which explored the predictive content of high-
frequency data from financial and energy markets, uncovered evidence
that an important additional source of real-time information about
future oil prices is the cumulative change in U.S. crude oil inventories.
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In the current paper, we extend the set of models to be combined to in-
clude the latter forecast, which performs particularly well at horizons
between one and two years.

Baumeister and Kilian (forthcoming) compared the accuracy of
equal-weighted forecast combinations to that of individual forecasting
models and showed that only pooled forecasts are systematically
more accurate than the no-change forecast at all horizons up to
18 months or 6 quarters. In this paper, we show that including in addi-
tion forecasts based on U.S. crude oil inventories in the forecast combi-
nation substantially improves the accuracy of the pooled forecast at
horizons between one and two years.

The use of the same weights for all forecast horizons in constructing
these baseline results ensures that there are no discontinuous changes
in the forecast path across horizons of the type that would arise if we
switched forecastingmodels or forecast combinations from one horizon
to the next. For example, using a VAR forecasting model at horizons up
to one year and a no-change forecast for longer horizons,may result in a
jump in the path of the oil price forecast at the one-year horizon, as il-
lustrated in Baumeister and Kilian (2014a). Some forecast users find
such jumps awkward, perhaps because of the difficulty of rationalizing
such jumps from an economic point of view. Insisting on a smooth fore-
cast path comes at the price of higher MSPEs, however. If a lowMSPE is
all we care about in forecasting, one clearly can improve on equal-
weighted combinations of all oil price forecasting models. We illustrate
this point by allowing for different forecast combinations to be chosen
at each horizon. This strategy takes advantage of the fact that some oil
price forecasting models perform well at short horizons, but were
never intended for longer horizons, whereas other models perform
best at longer horizons. We show that relaxing the constraint of a con-
tinuous forecast path substantially reduces theMSPE of the pooled fore-
cast at all horizons, but especially at horizons beyond one year.

This fact raises the question of how forecast pooling by horizon com-
pares with simply selecting for each horizon the individual forecasting
model with the lowest MSPE. The latter comparison is the relevant
benchmark when evaluating the benefits of pooling in the absence of
the continuity constraint.Wefind that pooled forecasts often, but not al-
ways have lower MSPE than the best individual forecast. The superior
accuracy of the forecast combination at some horizons is not surprising
in that pooled forecasts provide insurance against failures of individual
models. Our results show that this insurance has a price in the form of
lower forecast accuracy in some dimensions, however. For example, at
horizons beyond 18 months, the individual forecasts are clearly more
accurate. This drawback is offset by the fact that the accuracy of the
pooled forecasts is more stable over time, as revealed by plots of the re-
cursive MSPE ratios over time.

The MSPE of the real-time pooled forecasts is up to 29% lower than
that of the no-change forecast even at horizons as high as two years.
The pooled forecasts also predict the direction of change in the real
price of oil correctlywith probabilities as high as 73%. Our qualitative re-
sults are robust to alternative oil price measures and apply to monthly
as well as quarterly forecasts. In addition to presenting these summary
statistics, we use graphical methods to examine how the pooled real-
time forecasts performed in recent years when the real price of oil fluc-
tuated substantially. We compare these model-based pooled forecasts
to the U.S. Energy Information Administration's (EIA) short-term oil
price forecasts, as released in the Short-Term Energy Outlook. Finally,
we discuss how real-time pooled forecasts of the nominal oil price
may be derived from the forecasts of the real price, and we illustrate
that both real and nominal oil price forecasts may be presented in a
format already used by the EIA.

The remainder of the paper is organized as follows. In Section 2
we review the forecasting models considered. Section 3 evaluates our
monthly forecasts of the real U.S. refiners' acquisition cost for oil imports
and of theWest Texas Intermediate (WTI) price of crude oil. In Section 4
we extend the analysis to quarterly forecasts. Section 5 examines
how stable the accuracy of these oil price forecasts is over time. In

Section 6 we visually compare the accuracy of our pooled oil price fore-
casts to that of the EIA oil price forecasts during key episodes. In
Section 7 we illustrate how these forecasting tools may be used to pro-
duce real-time forecasts of the real and the nominal price of oil in a for-
mat consistentwith that employed by the EIA in releasing its short-term
oil price forecasts. The concluding remarks are in Section 8.

2. The forecasting environment

All forecasting models are estimated at monthly frequency. We
consider monthly forecast horizons up to two years. Forecasts at the
corresponding quarterly horizons are obtained by averaging themonth-
ly forecasts at quarterly frequency, as recommended in Baumeister and
Kilian (2014a). The forecasting models are estimated recursively and
subject to real-time data constraints. All data are obtained from
the real-time database developed in Baumeister and Kilian (2012,
forthcoming) and extended in Baumeister et al. (2013). The reader is re-
ferred to the latter references for a detailed description of the data
sources and definitions. The evaluation period is January 1992 through
September 2012 (or equivalently the first quarter of 1992 through the
third quarter of 2012). Our objective is to forecast the ex-post revised
real price of oil, as measured by the observations in the March 2013
vintage of the real-time database.

The real-time forecasts are evaluated based on their recursive MSPE
and their directional accuracy, asmeasured by the success ratio. The suc-
cess ratio is the fraction of times that amethod correctly predicts the di-
rection of change in the real price of oil. Success ratios above 0.5 indicate
an improvement relative to the no-change forecast. The MSPE results
are normalized relative to the no-change forecast, with a ratio below 1
indicating a gain in accuracy. There is no valid test for judging the statis-
tical significance of theMSPE reductions in our context, but we examine
the stability of our results across horizons, across specifications and over
time.2 The statistical significance of the success ratios is assessed based
on the test proposed in Pesaran and Timmermann (2009).

Building on the comprehensive analysis of forecast combination
methods in Baumeister and Kilian (forthcoming), we consider five
forecasting models with proven credentials.

2.1. Forecasts based on a VAR model of the global oil market

The first model is a reduced-form VAR model of the form:

B Lð Þyt ¼ ν þ ut

where yt = [Δprodt,reat,rtoil,Δinvt]′ refers to a vector including the
percent change in global crude oil production, a measure of global real
economic activity, the log of the U.S. refiners' acquisition cost for crude
oil imports deflated by the log of the U.S. CPI, and the change in global
crude oil inventories, ν denotes the intercept, B(L) = I4 − B1L − … −
BpL

p denotes the autoregressive lag order polynomial, p is the
autoregressive lag order, L is the lag operator, and ut is a white noise
innovation.3 This VAR model may be viewed as the reduced-form

2 There are four distinct problems in testing the statistical significance of MSPE reduc-
tions in our context. First, traditional tests for equal predictive accuracy for nested models
are concernedwith testing predictability in population. There are only very limited results
on testing the equality of out-of-sample MSPEs obtained from recursively estimated
models. Second, these results are limited to direct forecasts. No results are available for it-
erated forecasts of the type considered in our analysis. Third, the tests in question have
been designed for comparing pairs of nested forecasting models. They have not been de-
signed for evaluating the accuracy of forecast combinations, some of which are nested in
the benchmark model and some of which are not. Fourth, these problems are further
compounded by the presence of real-time data constraints, which affect the distribution
of the test statistics in question (see Clark and McCracken, 2013).

3 The inventory data are constructed bymultiplying U.S. crude oil inventories by the ra-
tio of OECD petroleum inventories to U.S. petroleum inventories. Petroleum inventories
are defined to include both stocks of crude oil and stocks of refined products. The global
real activity index is constructed fromdata on global dry cargo ocean shipping freight rates
as described in Kilian (2009).
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