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Abstract

This paper explores a range of different forecast methods for Brent oil prices and analyses their
performance relative to oil futures and the random walk over the period 1995Q1 - 2015Q2,
including periods of stable, upwardly trending and rapidly dropping oil prices. None of the
individual methods considered outperforms either benchmark consistently over time or across
forecast horizons. To address this instability, we propose a forecast combination for predicting
quarterly real Brent oil prices. A four-model combination - consisting of futures, risk-adjusted
futures, a Bayesian VAR and a DSGE model of the oil market - predicts oil prices more
accurately compared to all methods evaluated up to 11 quarters ahead and generates forecasts
whose performance is robust over time. The improvements in forecast accuracy and stability are
noticeable in terms of both point forecasts — with MSPE gains of 23% relative to futures at the
11 quarter-ahead horizon and a directional accuracy of 70% — and density forecasts — with
CRPS gains of 50% relative to futures and logarithmic score gains of 90%, both at the 7-quarter
ahead horizon.
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1. Introduction

Given the importance of oil prices in driving inflation and economic activity, accurately forecasting oil
prices is key. Designing models that outperform the random walk forecast for oil, however, far from
straightforward (see e.g. Alquist et al. 2013). Several recent studies have proposed methods to improve
oil price projections, ranging from simple forecasting rules to complex estimated models or model
combinations which improve the oil price forecast to some extent (e.g. Alquist et al. 2013, Baumeister
and Kilian 2012, 2014, 2015a).

However, this recent literature has three main limitations. First, only few studies have touched upon
forecasting the Brent oil price.> Most studies have focused on the refiner's acquisition cost of imported
crude oil (RAC) or the West Texas Intermediate (WTI) price (e.g. Pagano and Pisani 2009, Baumeister and
Kilian 2012, 2015a and related papers). While the WTI is particularly relevant for the North-American oil
market, in other parts of the world, Brent crude oil has traditionally been the more representative oil
price benchmark. Moreover, Brent oil has recently strengthened its prominence as global benchmark as
the WTI price increasingly reflected US-specific dynamics. Forecasting Brent oil prices is as such not the
same as forecasting WTI or RAC oil prices.

Second, it is not clear how sensitive the forecast accuracy of recently proposed methods is to the
evaluation period considered. Having stability in forecast performance is crucial and seems particularly
relevant for oil price forecasting as oil price dynamics substantially change over time — varying between
being stable, trending upwards, falling substantially and displaying high volatility at the same time (see
Figure 1). The forecast accuracy of individual forecast approaches might be highly time-dependent as
these typically only capture a specific oil price behavior. While sample-variation is acknowledged as an
important issue in oil price forecasting in recent work (Baumeister and Kilian 2014, Baumeister et al.
2014), no systematic evaluation has been carried out so far to document the magnitude of this
instability by class of models and over different forecast horizons for Brent oil prices.

Third, the recent oil price forecasting literature has focused exclusively on comparing models based on
their point forecast, disregarding other type of useful information such as the level of uncertainty
associated to the point forecasts. In the macroeconomics literature, several contributions (e.g. Jore et al.
2010, Clark 2011, Clark and Ravazzolo, 2014) have focused on density forecasts and shown that
prediction of higher moments are useful to discriminate among models. In practice, several central
banks (e.g. Bank of England, Norges Bank) have recently started to use density forecasts in
communicating the uncertainty around their macroeconomic projections. However, a systematic
evaluation of how standard oil price forecasting models perform in terms of density forecasts has not
yet been conducted.

In this regard, this paper contributes to the literature in three ways. First, this paper provides a
systematic evaluation of a range of forecasting models for the Brent oil price and rigorously documents

® One example is Baumeister and Kilian (2016).



the time-variation in the performance of these individual forecasts. We show that relying on forecast
statistics without considering the performance over time can hide important information on a model's
forecasting accuracy. As such, we explicitly use forecast stability as one of the selection criteria for
choosing the preferred model for forecasting Brent oil prices.

Second, based on finding considerable instability in forecast performance for the individual models, this
paper proposes a forecast combination model for Brent oil prices. In addition to offering gains in
forecast accuracy, the model combination renders a projection whose performance is remarkably robust
over time. In this we follow Baumeister and Kilian (2015a) and Baumeister et al. (2014) who have
proposed similar approaches for the RAC and the WTI price. Importantly, we use a different set of
models than employed in that literature in order to better capture Brent price dynamics and circumvent
some data limitations that prevent us from using the same models. Even though our focus is forecasting
Brent oil prices, the model combination proposed in this paper also offers accurate projections for WTI
oil prices.

Finally, this paper proposes a comparison of the oil price forecasting models in terms of their density
forecasts accuracy. We find that our proposed model combination offers significant accuracy gains
relative to all individual models when considering the full probability distribution of the forecasts.
Interestingly, when looking at density forecasts, a combination with time-varying weights significantly
outperforms an equal-weight strategy, a result that confirms earlier findings in the macroeconomic
literature.

We evaluate the out-of-sample performance of nine different forecast methods for Brent oil prices
which are estimated recursively over the period 1995Q1 — 2015Q2 using a real-time dataset which is
based on an augmented version of the real-time database first created by Baumeister and Kilian (2012).
We choose the set of forecast models based on recent advances in the oil price forecasting literature,
although one of the approaches is new. Various forecast evaluation tools are employed: the mean
squared prediction error (MSPE), the forecast bias, the success ratio that measures directional accuracy
and recursive MSPE ratios calculated over a rolling window to demonstrate the stability in forecast
performance. Given the focus on stability, we show most of the results over the full evaluation sample
as well as over different subsamples. We aim at improving the quarterly forecast in both the short and
long term (up to 11 quarters ahead) which is longer than the horizons looked at in previous studies for
the WTI or RAC price. We choose futures prices as the primary benchmark against which the models are
assessed in contrast to earlier studies since this is a widely used tool for oil price forecasting by central
banks, international institutions and other policy makers. In a large part of the evaluation period and
over several forecast horizons, oil futures are a tougher benchmark to beat compared to the random
walk. We also report the forecast performance relative to the random walk to maintain the
comparability of our results to the literature.

Several interesting results emerge from this analysis. Concerning the forecast performance of the
individual models, the results show that all individual forecasting methods suffer from significant time
variation in their performance as no single forecasting approach consistently outperforms the futures or
the random walk over the sample period or across horizons. Of the nine models evaluated, four



methods however stand out in predicting Brent crude oil prices, each over a specific period and/or
forecast horizon: (i) oil futures, (ii) risk-adjusted futures that aim to correct the futures’ forecast error
for a time-varying risk premium, (iii) a Bayesian VAR (BVAR) model of the oil market including data on oil
fundamentals and global economic activity, and (iv) a DSGE model that has a detailed structure of the
supply side of the oil market. Compared to the no-change, the BVAR improves the forecast in the short
and medium term (with gains up to 6% in MSPE terms), the futures and risk-adjusted futures are more
accurate for medium-term projections (with gains up to 15% and 23% respectively), and the DSGE for
medium to longer-term forecasts (with gains up to 20%). Similar gains are found relative to the futures
benchmark. Concerning the sample-dependence of the forecast performance, the DSGE and the risk-
adjusted futures generated large forecast errors in the period in which oil prices were relatively stable
(1995-2001), and the futures when prices were trending upwards (2002-2007), whereas these
approaches outperformed the no-change in the other subsamples including the more recent period
characterized by high oil price volatility induced by the global financial crisis and the mid-2014 oil price
drop.

Due to this instability in performance across periods and forecast horizons, it is clear that relying on an
individual forecast model will not generate reliable oil price projections. However, these differences in
forecast performance can be exploited by combining the projections into a single forecast which might
be more accurate and stable over time, see also Baumeister et al. (2014), Baumeister and Kilian (2015a).

We propose an equal-weighted four-model combination for Brent oil price forecasting consisting of the
futures, the risk-adjusted futures, the BVAR model and the DSGE model. Compared to individual
forecasts, it is clear that combining these projections offers gains in accuracy and also generates a
forecast whose performance is remarkably more robust over time, even over the recent period including
the financial crisis and the large mid-2014 oil price drop. On average across forecast horizons, the four-
model combination offers MSPE gains of 14%, with an improvement of about 10% in the short run which
increases to a noticeable 23% at the 11 quarter-ahead forecast horizon. In addition, in all subsamples
considered and for most forecast horizons, the four-model combination predicts Brent oil prices more
accurately than the futures; a stability in forecast accuracy no other individual approach considered in
this paper can offer. Moreover, the model combination has a lower forecast bias and predicts the
direction of the oil price change more accurately than both benchmarks at almost all forecast horizons
with an average directional accuracy of 70%. These conclusions are robust to using WTI oil prices instead
of Brent prices and using different weighting schemes for the forecast combination.

Finally, our analysis also shows that taking the full probability distribution of the models' forecasts into
account can be a useful additional tool to discriminate among models. For example, the individual
models considered differ in terms of the level of uncertainty associated to their point forecasts, with the
no-change, the BVAR and the non-oil index showing higher levels of uncertainty compared to VAR in
levels and VAR with GDP. In terms of forecast accuracy of the density forecasts, the BVAR outperforms
all the other models on the full sample. The no-change, VAR in differences and the DSGE model at longer
horizons also show relatively good forecast accuracy, while the futures, adjusted-futures and the non-oil
index have the lowest accuracy especially at longer-horizons and especially according to the logarithmic
score. More importantly, the four-model combination (with time-varying weights) outperforms all
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individual models — including the BVAR i.e. the best performing individual model — also when taking the
entire probability distribution of the forecast into account. Relative to futures, the four-model
combination shows substantial gains at the 1-quarter ahead horizon by 30% and 65% in terms of CRPS
and logarithmic score, respectively, and even larger at the 7-quarter horizon by 49% and 89%,
respectively. Relative to the random walk, the improvements of the four-model combination are of 21%
and 46% at the 1-quarter ahead in terms of CRPS and logarithmic score, respectively, and of 50% and
39% at the 7-quarters ahead.

The remainder of this paper is structured as follows. The next section describes the different forecasting
methods for quarterly Brent crude oil prices. Section 3 shows the results of the forecast evaluation
exercise of the individual projections, first on average over the complete forecast evaluation period and
then over different subsamples to illustrate the instability in forecast performance over time. Section 4
discusses the choice of the forecast combination and evaluates its performance relative to that of the
individual projections. In section 5, we discuss the robustness of the results, while in Section 6 we
present the analysis of the density forecast evaluation. Section 7 concludes.

2. Evaluation of the forecasting performance of selected oil price models

We evaluate the forecasting performance of nine different forecasting approaches in detail, i.e. the
futures, the risk-adjusted futures, the non-oil commodity price index, four structural VAR models based
on the Baumeister and Kilian (2012) model, a DSGE model based on Nakov and Nufio (2014) and the
random walk. The forecast evaluation is done out-of sample using data as available in real-time based
on an augmented version of the proprietary real-time data base first created by Baumeister and Kilian
(2012). The forecast variable of interest is the level of the Brent real oil price. We only consider methods
that predict Brent crude oil prices directly.* The choice of the set of forecast models is based on recent
advances in the oil price forecasting literature. Of course, this list of models is not exhaustive. Most of
the approaches we look at have been shown to have certain power to forecast oil prices. As we only
focus on Brent oil prices, we modify these approaches to directly forecast real Brent oil. In addition, we

4 Although other studies that focus on forecasting WTI or RAC have been also touching upon Brent price forecasting, this has
often been done indirectly by including the spread between the WTI or RAC with the Brent, and forecasting this spread using a
random walk (e.g. Baumeister and Kilian 2014). However, we do not follow this approach as (1) Baumeister and Kilian (2014)
note that the model with the spread and the model including the Brent price directly do not differ much which is confirmed by
our own evaluation and (2) the spread of the Brent with the RAC and WTI has not been stable over time which might cause a
random walk forecast of the spread to not always be the best forecast.

> Recently, there has been an increase in the literature proposing models or techniques to improve oil price forecasting. Alquist
et al. (2013) give a comprehensive overview of the forecasting performance of diverse models to forecast nominal and real oil
prices, including regressions-based predictors and no-change forecasts based on macroeconomic indicators. A distinct class of
models introduced by Baumeister, Kilian and Zhou (2013) exploits the information contained in the so-called product spread,
i.e. the difference between refined product market prices and the crude oil purchase price for refineries, and is found to work
well for the RAC and the WTI. Also for the RAC and the WTI, Baumeister, Kilian and Lee (2014) and Baumeister and Kilian
(2015a) propose a variety of model combinations with good forecasting accuracy. For the Brent oil price, however, the
literature is, to our knowledge, very limited. For example, Baumeister and Kilian (2012) analyses the accuracy of several Brent
oil models, but only in the short-term (up to 4 quarters ahead).



include a model new to the oil price forecasting literature that differs in several aspects from the ones
considered so far, i.e. the oil market DSGE model of Nakov and Nufio (2014) which has been chosen
because of its more detailed structure of the supply side of the oil market.

2.1 Futures price

In many international policy institutions, the assumptions on the future development of oil prices are
based on the futures prices of Brent crude oil. Following Baumeister and Kilian (2012), futures-based

forecasts of the real Brent oil price h-periods ahead (denoted by R:.+n) are generated as follows:

Rt,t+h = Rt(l-l- ft,t+h _St _ﬁt,nh)’

where R denotes the current level of the real Brent oil price, f .| the log of the current oil futures

price with maturity h, S, the corresponding log of Brent nominal spot price, and ﬁt’Hh the forecast level

of US CPI inflation, which equals the current level of US CPI inflation over the last h months.

Futures prices are a simple forecasting tool and might provide some indication of market expectations of
future oil prices. It is well-known however that oil futures prices are not identical to the expected price
of oil (see e.g. Alquist and Kilian 2010, Singleton 2014, Hamilton and Wu 2014, Baumeister and Kilian
2015b). Futures prices of risky assets such as oil can deviate from the expected spot price due to a risk
premium component. Unlike purely financial assets, storable commodities also carry additional costs
such as storage costs and benefits such as holding physical inventories for consumption, typically
referred to as the convenience yield. In normal times, the risk and the convenience yield component are
typically larger than the cost component, which causes oil futures to generally underpredict actual oil
prices.® Several studies have shown that futures prices do not deliver accurate forecasts for oil prices,
see for example Alquist and Kilian (2010), Alquist et al. (2013) and Reeve and Vigfusson (2011). We will
refer to this model as the ‘futures’.

2.2 Risk-adjusted futures of Pagano and Pisani (2009)

The second model we consider is the risk-adjusted futures model. This is a statistical model constructed
by Pagano and Pisani (2009) that corrects the futures-based projection for a time varying risk premium.
The idea is that the forecast error generated by the futures, which varies over time, is to some extent

predictable.” More specifically, the realized futures-based forecast errors fet(f% at time t+h are related

to the US business cycle as follows:

(h)y _ 4(h) (h) (h)
fet+h =a + IB Ucapt—l + ‘9t+h

® The situation when the futures contract of oil is traded at a lower price than the spot contract in the oil market is referred to
as “backwardation”. If the reverse occurs, in case spot prices are higher than futures prices as storage costs are for example
very high, the oil market is in “contango”.

7 Although Pagano and Pisani (2009) originally proposed this approach for WTI oil prices, we apply it to Brent oil prices as it can
be expected that US capacity utilization of manufacturing is a proxy for the global risk premium and therefore would also work
to adjust the forecast error made by the Brent futures.



with UCap the degree of capacity utilization in US manufacturing as a proxy for the US business cycle,
which is a proxy for the time-varying risk premium that creates a wedge between the futures forecast
and the realized oil price. Based on this relationship, we first generate the forecast for the nominal Brent
oil price that corrects the futures for the time-varying risk premium:

F)t,t+h = ( Ft,t+h - a(h) - ﬁ(h)ucapt—l)

where B, is the nominal risk-adjusted futures price for Brent oil h-period ahead, and F,, is the

nominal futures price h-period ahead. These nominal forecasts are then converted to real forecasts
using the same formula as for real futures prices, except that the log of current oil futures is replaced
with the log of risk-adjusted oil futures as defined above. We will refer to this model as the ‘risk-
adjusted futures’.

2.3 Non-oil commodity price index

The third forecasting approach exploits information in non-oil commodity prices. Alquist et al. (2013)
show that percentage changes in the industrial raw materials index predict nominal WTI prices well in
the short run, which is confirmed by Baumeister and Kilian (2012) who demonstrate that it also works
for the US refiners’ acquisition cost of imported crude oil. The forecasting approach is as follows:

Rith =R, *( 1+ AH?,?"_O” - ﬁt,Hh)
with APL”,?"*onthe percentage change in the Commodity Research Bureau (CBR) industrial raw material

nominal price index over the past h months, with h the forecast horizon. The intuition behind this
approach is that changes in non-oil commodity prices such as metals reflect fluctuations in global
economic activity which also affects oil prices. We will refer to this forecasting approach as the ‘non-oil
index’.

2.4 VAR model for Brent oil prices based on Baumeister and Kilian (2012)

The fourth forecasting approach is the reduced form VAR model of Baumeister and Kilian (2012) applied
to Brent oil prices which has the following representation:

Y, =c+A(L)Y,, +U,

This model is a four variable monthly VAR with Y, the vector of endogenous variables comprising (1) the

log-real price of Brent oil deflated by the U.S. consumer price index, (2) the percentage change in global
crude oil production, (3) the Kilian (2009) index of global real economic activity, measured in deviation
from trend, and (4) a proxy for the change in above-ground global crude oil inventories. The vector ¢

contains the intercepts and monthly seasonal dummy variables, A(L) is @ matrix polynomial in the lag

operator L and U, is a vector of reduced form error terms. Besides including Brent oil prices instead of



RAC or WTI prices, the exact same specification is used as in Baumeister and Kilian (2012). We will refer
to this forecasting approach as the ‘VAR in levels’.

2.5 VAR model for Brent oil prices in log differences

In the ‘VAR in levels’ model the oil price is specified in log-levels under the assumption that it is
stationary. However, since it is not clear whether oil prices in levels are stationary or not, we consider an
alternative VAR model which imposes a unit root on the real price of oil. Thus, the fifth forecasting
model we consider is similar to the VAR model just described, but assumes that oil prices are integrated
of order one so that the first difference of the logarithms is stationary. Hence, oil prices are included in
first differences of the logarithm in the model instead of in log-levels.

We will refer to this model as the ‘VAR in differences’.

2.6 VAR model for Brent oil prices with GDP as index of real economic activity

To capture oil price movements driven by changes in economic activity, the VAR model of Baumeister
and Kilian (2012) includes a global economic activity measure constructed from data on global dry cargo
ocean shipping freight rates as described in Kilian (2009). This index is designed to capture shifts in the
demand for industrial commodities in global business markets. In addition to the advantages of this
index outlined in Kilian (2009), its timely availability avoids making any assumptions on its recent
evolution when forecasting in real time. However, as noted by Kilian (2009), the index is not free from
drawbacks.?

We consider the VAR model with oil prices in log levels (‘VAR in levels’) in which the global economic
activity measure is replaced by a monthly OECD measure of global GDP, comprising OECD member
countries plus six major non-OECD member countries (Brazil, China, India, Indonesia, Russian Federation
and South-Africa). As this global GDP series was not available over the entire forecast evaluation period
but only created recently, we assume the series to have a three-month lag in availability and nowcast it
using the average growth rate of monthly GDP up to that point in time. As such, this GDP measure is only
available in pseudo-real time. The GDP series is expressed in the first difference of the logarithm to
make it stationary. We will refer to this forecasting model as the ‘VAR with GDP’.

2.7 VAR model using Bayesian prior information

Bayesian estimation is well-known to the oil price forecasting literature (e.g. Baumeister and Kilian 2012
and 2014) and has been used as an efficient way to estimate densely parametrized VAR models such as
those presented above. Bayesian VARs have been shown to outperform their classical counterparts in
certain instances, with larger gains for specifications with longer lags (e.g. Baumeister and Kilian, 2012).

Similar to Baumeister and Kilian (2012) and related work, we apply the Bayesian shrinkage method of
Giannone et al. (2015) to the 'VAR with GDP' model (owing to its superior accuracy compared to other

8 Due to the procyclicality of shipbuilding, the freight rate index can be expected to lag increases in economic activity as spare
capacity in shipping will absorb some of the impact of higher economic growth. Moreover, as strong economic growth will
encourage shipbuilding and reduce freight rates, it might even indicate a decline in economic activity when in reality, economic
activity is growing. These drawbacks might have important implications for forecasting.



VAR specifications, as we show later). Specifically, we treat also the coefficients that govern the
tightness of the prior (hyperparameters) as random parameters, and we conduct inference on them as
for the other coefficients of the model. In particular, our results are obtained by fixing the
hyperparameters at the mode of their posterior distribution.’ The prior distributions for the other
coefficients in the model are in the Normal-Inverse Wishart class, and adopt the specification most
commonly used in the literature (i.e. the 'Minnesota’, the 'sum-of-coefficients' and the 'dummy-initial-
observation').*

Our prior choice differs from Baumeister and Kilian (2012) — which consider only the Minesota prior — as
it also includes two priors that allow for cointegration. While cointegration may appear inconsistent with
our VAR specification, this should not be an issue when using the specific estimation method of
Giannone et al. (2015) for two reasons. First, the estimates of the hyperparameters are not “dogmatic”
and can deviate from the prior beliefs based on the information embedded in the likelihood; this should
reduce by a lot the risk of specifying priors that are completely at odds with the data. Second, these
priors that allow for cointegration have been shown to provide a very good out-of-sample forecast
accuracy compared to flat-priors VARs in several empirical applications. The increase in out-of-sample
accuracy is due to the ability of bayesian shrinkage methods to control for overfitting in the context of
VARs, which are highly parameterized models. In particular, in contrast to flat-prior VARs, the priors on
the sum-of-coefficients are shown to reduce the importance of the deterministic component in
explaining the variation in the time series — a sort of deterministic overfitting — and therefore increase
the out-of-sample accuracy (see Giannone et al. 2014 and the references therein). Indeed, we have also
found that this specification outperforms a number of alternative prior specifications and data-
transforms, including the Baumeister and Kilian (2012) prior specification. This analysis is reported in the
appendix. We will refer to this model as the ‘BVAR’ model.

2.8 DSGE model of the oil market based on Nakov and Nufio (2014)

Nakov and Nurfio (2014) have constructed a general equilibrium model of the global oil market consisting
of an oil-importing and two oil-exporting regions in which the oil price, oil production and oil
consumption are jointly determined as equilibrium outcomes of optimizing decisions. On the supply
side, they approximate the industrial structure of the oil market by modeling a dominant oil-exporting
firm that internalizes the behavioral responses of its competitive fringe producers and the oil
consumers. Real oil prices are assumed to follow a trend over the long term as the productivity growth
in the oil sector is lower compared to that of the global economy. Their model is calibrated such that the
dominant firm with monopolistic power matches Saudi Arabian data. Given the rich structure of the oil
supply dynamics in this DSGE model which captures specific historic supply-driven episodes well, we
include this model in set of forecasting methods that this paper evaluates. For more details on the
model, we refer to Nakov and Nufio (2014).

° We assume the informative priors of Giannone et al. (2015) for the hyperparameters. Notice that, in case of flat
hyperpriors, the posterior distribution of the hyperparameters is proportional to the marginal likelihood.

10 Only oil prices are included in levels, while the other variables are transformed to stationarity. The Minnesotta
prior is centered on one for the oil price and at zero for the other variables.



The calibration of the DSGE model is the same as in that paper, which replicates the main stylized facts
of the global oil market for the period from 1973 to 2009." To generate forecasts, we use this calibrated
version of the model — not an estimated one —and we proceed in two steps. First, the model is solved by
first order perturbation methods, resulting in a linear state space model:

State equation: Yiyr =AY + Wiy, we~N(O, Q), (1)

where the value of the coefficients of matrices A and Q are a nonlinear function of the structural
parameters of the DSGE. The state variable Y; is the vector of endogenous variables which follow an
autoregressive process; w;,, is the vector of shocks following a white noise process. There are four
shocks in the model: a demand shock (a TFP shock to oil consuming countries), an efficiency shock (a
shock to the preferences of households in consuming countries), a supply shock (a shock to the oil
production function in oil producers other than Saudi Arabia) and a Saudi Arabia-specific supply shock (a
shock to the oil production function in Saudi Arabia).

Second, the model is embedded into a Kalman filter.
Measurement equation: X; = BY; + v, v,~N(O,R) (2)

which relates the unobservable state Y; to the observable variables X;. v; denotes the measurement
errors which follow a white noise and are uncorrelated with w;. Matrix B is the mapping from state
variables into observed ones. We consider five observable variables that capture the main facts in the oil
market: (i) the growth rate of real Brent oil prices, (ii) the growth rate of world oil production, (iii) the
growth rate of Saudi Arabia production, (iv) the growth rate of non-Saudi Arabia production and (v) the
growth rate of OECD global GDP.

To generate the forecasts of the price of oil, we first employ both the measurement and the state
equations (1) and (2) of the Kalman filter to estimate the current state Y;."> Then we project the future
state Y;, 1 using the state-space equation (1) with zero shocks (w;,1). Knowing Y;,;, we compute the
implicit forecasts of the observables at t+1 (X;,1) — among which is the forecast of the oil price growth
rate — based on relation (2). Forecasts at longer horizons are obtained iteratively based on relation (2).
Finally, the level of the real oil price is then recovered. This process is repeated recursively at each point
in the evaluation sample, using real-time data for the five observables. We will refer to this forecasting
model as the ‘DSGE’.

2.9 Random walk

Finally, we include a random walk without drift which sets the h-period real oil price forecast equal to
the real oil price of today:

Ysuch as non-Saudi Arabia growth rate of oil production, production share and average spare capacity of Saudi Arabia or global
GDP growth. The long-run growth rate of the oil price is set to the differential growth rate between world GDP and global oil
production and the short-run price elasticity of oil demand is set to 0.05.

12 This computes the initial value Y, and the path of structural shocks w; that maximizes the likelihood given the path of
observed variables X;.
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A
Rt,t+h = Rt

Following Baumeister and Kilian (2014), we use the last monthly observation for the real price of oil for
the quarterly projection as this has been shown to deliver a more accurate prediction. This is the
conventional benchmark to which other models’ forecasting performance is typically compared in the
literature, as a better forecasting performance relative to the no-change forecast indicates that oil prices
can be forecasted to some extent. As this method projects oil prices to remain constant, we will refer to
this approach as the ‘no-change’.

3. Forecast evaluation of various methods for real Brent oil price forecasting

3.1 Set-up of the forecast evaluation exercise

The period considered for the forecast evaluation is 1995Q1 — 2015Q2 and we forecast up to 11
quarters ahead.™ The forecasts based on the VAR models use data back to 1973M1 for the estimation of
the model parameters. The evaluation of the forecast is done out of sample using real-time data. The
real-time data set is the one developed by Baumeister and Kilian (2012, 2014) and used in subsequent
studies, extended with more recent observations and complemented with additional time series as
necessary. More specifically, the Baumeister and Kilian (2012, 2014) dataset includes: spot Brent and
WTI oil prices, an index of bulk dry cargo ocean shipping freight rates, world crude oil production, US
crude oil inventories, US petroleum inventories, OECD petroleum inventories, the US consumer price
index for all urban consumers. In addition, a real-time data set for Brent and WTI futures prices, US
capacity in manufacturing industries, industrial raw material price index, the OECD measure of global
GDP and Saudi Arabia oil production has also been constructed. For a more detailed description of the
dataset we refer to the appendix. Following the literature standard, the models are estimated at
monthly frequency and re-estimated recursively at each point in time in the evaluation exercise, except
for the DSGE model whose parameters are calibrated.™ The forecast evaluation is done on quarterly
forecasts of the real price of oil which are obtained as a simple average of monthly forecasts during the
quarter.™

As forecast evaluation tools we employ the mean squared prediction error (MSPE), the forecast bias, the
success ratio that measures directional accuracy and recursive MSPE ratios calculated over a rolling

B As futures prices with maturity 34 to 36 months ahead are not available for either WTI or Brent during an important part of
the 1990s, we have excluded the 12-quarter ahead horizon from the analysis. The evaluation window starts only in 1995
because of lack of sufficient data for futures at the start of the 1990s which is needed to estimate the regressions for the risk-
adjusted futures.

" These parameters are calibrated using data available over the complete sample. This could give the DSGE model a slight
advantage in the real-time out-of-sample evaluation exercise, although the calibrated parameters refer to long-term trends
which are based on theory and therefore can be assumed to not change over time.

15 Following Baumeister and Kilian (2014), quarterly forecasts for the first quarter are calculated as the average of the
values predicted for January, February and March, as of December of the last year.
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window to demonstrate the stability in forecast performance. Each time, the forecast accuracy is
compared relative to the futures and the no-change. It is important to note that we cannot fully rely on
the standard significance tests to evaluate whether the differences in MSPE are also statistically
significant as the forecasts are generated in real time. Standard tests require the underlying data to be
stationary which is not the case given that several of the data series used are subject to revisions, see
Baumeister and Kilian (2012) and the references therein.

3.2 Average forecast performance over the total sample

Table 1 shows the MSPE of the different models over the complete forecast evaluation period 1995Q1 —
2015Q2. A value lower than one means that the model outperforms the futures forecast or the random
walk on average and vice versa. None of the models succeeds in forecasting real Brent oil prices more
accurately than the futures across all forecast horizons (see Panel A). Compared to the futures, the four
VAR-based models only offer gains for forecasting in the very short term (up to 2 quarters-ahead with
gains up to 22% for the BVAR) which is also the case for the non-oil index. The risk-adjusted futures are
more accurate for medium-term projections (with MSPE gains up to 10%) and the DSGE for medium to
longer-term forecasts (with gains up to 13%). If the forecast performance is compared to the no-change
similar results are found (see Panel B of Table 1).

Table 2 shows the bias and the success ratio over the complete sample.'® With the exception of the
DSGE, the bias for all forecasting methods considered is negative over most forecast horizons implying
that, on average, the models tend to underpredict actual Brent oil prices. The VAR in differences has the
smallest absolute forecast error over short-term forecast horizons and the DSGE model over medium- to
long term horizons (see Panel A of Table 2). Panel B of Table 2 shows the success ratio that measures the
directional accuracy. All models predict the direction of the oil price change better than a random guess
up to 5 quarters ahead, and in the long term, the DSGE model has the highest directional accuracy of
75% of all forecasting methods considered.

3.3 Forecast performance of individual methods over time

However, these statistics - which are calculated over the complete forecast evaluation period - hide
important information on the performance of these individual models. This is not only true for the
forecast accuracy as measured by the MSPE but also for the forecast bias and the success ratio.

To illustrate the time variation in forecast accuracy, Figure 2 shows the recursive MSPE ratios of the nine
forecasting approaches calculated over a rolling window of six years relative to the monthly no-change
forecast over different forecast horizons over the period 2000Q1 — 2015Q2."” The no-change is chosen
as the main reference to also show the variation in the accuracy of futures-based projections. Each chart

'® For the reason that the quarterly no-change forecast is calculated as the last monthly observation for the real price of oil
following Baumeister and Kilian (2014), the success ratio for the no-change can differ from 50% as we are comparing a monthly
price forecast for the random walk to the average realized quarterly oil price.

7 To better illustrate the time-variation in the forecast performance, we show the recursive MSPE as an average over a rolling
window instead of over a recursive window as the latter would less clearly reflect instability in forecast accuracy as the MSPE
over the full evaluation period would for example remain dependent on the forecast performance at start of the evaluation
period. We start in 2000Q1 as we take the rolling mean squared error over a rolling window of six years to allow for enough
observations to have a reliable MSPE estimate.
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is shown on two different scales for reasons of clarity as some models generate large MSPEs throughout
the sample. As the middle part of the sample is over-represented as it contributes to both earlier and
later windows, the MSPE results are also shown in Table 3 for three non-overlapping time periods:
1995Q1 — 2001Q4, 2002Q1 - 2007Q4 and 2008Q1 — 2015Q2. Although the choice of these periods is
arbitrary, the first period corresponds more to a period in which oil price were relatively stable, the
second to one in which oil prices trended upwards and the third one to a period in which oil prices
displayed significant volatility (see also Figure 1). Similar tables for the forecast bias and the success
ratio can be found in the appendix.

When evaluating the forecasting performance of all individual methods over time, it is remarkable that
none of the individual models considered manages to consistently outperform the futures-based or the
no-change projection neither over time nor across forecast horizons. Each individual projection seems to
capture only a specific behavior of oil prices.

Except during the period in which oil prices were trending upwards (2002-2007), it is difficult to
consistently improve upon the futures-based oil price forecast, see Panel A of Table 3. In the second half
of the 1990s, even though most of the models outperformed the futures-based forecast in the short
term, they did not manage to do so at longer-term horizons. Also in the more recent period
characterized by substantial oil price volatility, it is difficult to beat the futures-based forecast beyond
the very short term, with the notable exception of the DSGE model and the risk-adjusted futures. The
relatively good performance of oil futures is an interesting finding given the apparent consensus in the
literature that futures prices are generally inaccurate predictors for future oil spot prices, see e.g. Alquist
and Kilian (2010), Alquist et al. (2013) and Reeve and Vigfusson (2011).

Also relative to the no-change, it is clear that none of the models considered manages to consistently
outperform (see Figure 2 and Panel B of Table 3). Baumeister and Kilian (2012), for example, show that
the VAR in levels for RAC and WTI prices significantly beats the random walk forecast up to a horizon of
one year over the period 1992-2010 on average. Panel B in Figure 2 however shows that although the
model performed relatively well for Brent oil forecasting in the period prior to the global financial crisis,
its performance steadily deteriorated since then. Particularly during the large drop in oil prices since
mid-2014, this and the other VAR-based models made large forecast errors in predicting oil prices over
short-term forecast horizons.”® Only the futures and the risk-adjusted futures provided gains in
forecasting the large oil price drop over the 3-quarter ahead forecast horizon. The variation in
performance of the VAR-based models might be explained by the observation that they seem to
forecast oil prices relatively well in times when economic fundamentals show persistent variation but
less well at other times as noted by Baumeister and Kilian (2015a). A similar variation in forecast
performance is found for the non-oil price index-based forecast.

The DSGE model, in contrast, generated very large forecast errors in the 1990s, but outperformed the
random walk at almost every forecasting horizon from the early 2000s on with large gains in forecast

1 Repeating the forecast evaluation for the WTI oil prices, which is one of the oil price measures used in Baumeister and Kilian
(2012) instead of the Brent price, we find the same conclusions although our sample period starts slightly later, see the
robustness section.
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accuracy especially at longer term horizons (see Panel B of Table 3 and e.g. Panel D in Figure 2). Also the
risk-adjusted futures projections are subject to significant time variation in their performance, both
across time periods and forecast horizons (see e.g. Panel A and D of Figure 2). Compared to the no-
change forecast, the BVAR model generally fares well in predicting Brent oil prices and delivering a
relatively stable forecast performance across time and forecast horizons, although similar to the other
VAR-based models it also generated larger forecast error over short-term forecast horizons more
recently when oil prices fell steeply. Compared to oil futures, however, the forecast accuracy of the
BVAR is noticeably less accurate and stable (see Panel A of Table 3).*

3.4 Implications of the results: time variation in performance and forecast combination

These results have two important implications. First, all the forecasting methods considered suffer from
significant time variation in their performance which implies that not taking into account this
performance instability might lead to choosing an approach that, although it performed well in the past,
will not outperform anymore in the future. For the reason that forecasting accuracy is sample-
dependent, only using performance statistics calculated over the complete forecast evaluation period
may cancel out important information about a model's forecasting properties. A second implication is
that the differences in model performance over time and across forecast horizons suggests that
combining these forecasts might offer significant gains in forecast accuracy. A forecast combination can
exploit the fact that different forecasting methods perform better during specific periods and over
specific forecasting horizons, and provide some insurance against structural breaks in the evolution of
the variable to be forecasted if the data generating process is unknown (Hendry and Clements 2002).
For oil price forecasting, combining individual forecasts has already been exploited by Baumeister et al.
(2014) and Baumeister and Kilian (2015a) and for WTI and RAC oil prices. In the next section, we show
that a forecast model combination also works well for Brent oil prices.

4. Predicting Brent oil prices using a forecast combination to address performance instability

A requirement of a successful forecast combination is that the individual forecasts differ sufficiently in
their forecasting properties (de Menezes, Bunn and Taylor 2000). In this respect, based on our analysis
so far, four individual forecast methods stand out; the futures, the risk-adjusted futures, the BVAR and
the DSGE. First, concerning the forecast horizon, the forecasts based on the BVAR offer gains in
forecasting accuracy in the short run on average, the futures and the risk-adjusted futures at medium
term horizons and the DSGE model in the medium to long term (see Table 1). Second, concerning the
performance over time, these models perform differently in different periods over the sample (see
Figure 2). The DSGE and the risk-adjusted futures generated large forecast errors in the period in which
oil prices were relatively stable (1995-2001), and the futures when prices were trending upwards (2002-
2007), whereas these approaches outperformed the no-change in the other subsamples including the

19 The results of this forecast evaluation do not depend on a few outliers. Looking at the squared forecast errors of the
different models over time for different forecast horizons, for example, show that the forecast methods display the same
forecast properties as is displayed in the subsample results.
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more recent period characterized by high oil price volatility induced by the global financial crisis and the
mid-2014 oil price drop, see Panel B of Table 3.

4.1 Choosing a forecast combination for Brent oil price forecasting

Given many possible combinations, the preferred forecast combination will crucially depend on the loss
function of the forecaster, i.e. the relative importance of factors such as accuracy, stability in forecast
performance and avoidance of large forecast errors. Also the benchmark relative to which the forecast
needs to be improved is important. In this paper, the interest lies mainly in improving the Brent price
forecast relative to the futures-based projection used as the baseline forecast in many policy
institutions. In addition to finding a combination whose projection is more accurate, the aim is also to
find a combination whose performance is stable over time.

We therefore use two evaluation criteria when choosing the forecast combination for Brent oil prices. A
first measure is the MSPE gain of the model combination relative to the futures benchmark (‘MSPE
improvement’) and the second one is the percentage times that a specific model outperforms compared
to the futures (‘outperformance’). The latter measure is included to take the stability of the forecast
performance into account. The MSPE calculated over the complete forecast evaluation period can mask
important variation in performance over time as small forecast errors over one specific time period can
more than offset large errors over another. The percentage outperformance measure is less subject to
this as it does not depend on the magnitude of the forecast errors and gives an equal weighting to every
point forecast over the evaluation period.

We set up the evaluation exercise as follows: starting from the futures benchmark, we evaluate whether
adding one of the other eight individual models offers gains in both accuracy and stability over time.” If
it does so, we add it to the model combination and evaluate whether including additional models can
improve the Brent oil price forecast further.

Figure 3 summarizes the results of the forecast evaluation of different forecast model combinations over
the full sample 1995Q1-2015Q2. All model combinations considered are listed along the X-axis. The
‘outperformance’ measure is represented by the triangles measured on the left axis and shows the
percentage times that a specific model outperforms compared to the futures; a value of 0.60 for
example indicates that a specific model combination outperforms the futures 60% of the time over the
complete evaluation period. The ‘MSPE improvement’, represented by the squares and measured on the
right axis shows the relative MSPE gain of the model combination relative to the futures benchmark. A
value higher than zero indicates that the model combination considered is more accurate in Brent oil
price forecasting compared to the futures; a value of 0.10 for example means that the specific model
combination has an MSPE 10% lower than the futures. The two measures are averages across forecast
horizons. For each combination, we choose to weigh each individual forecast equally as the literature
has shown that this simple equal-weighting scheme often performs the best (e.g. Stock and Watson

20 Although the choice of starting with the futures is arbitrary, we end up choosing the same forecast combination when
starting from a different model. These results are available from the authors upon request.
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2004, Aiolfi and Timmermann 2006, Baumeister and Kilian 2015a). We also confirm this later on when
testing the sensitivity of the results to different combination weights in the robustness section.

Looking at the ‘MSPE improvement’ (squares), the first part of Figure 3 (‘2m’) shows that combining the
futures forecast with other individual projections only offers gains in forecast accuracy when the futures
are combined with the no-change, the BVAR, the DSGE or the risk-adjusted futures as the MSPE
improvement is larger than zero. The percentage ‘outperformance’ of each of the two-model
combinations (triangles) in contrast, is always higher than 50% indicating that combining two models
already provides more stability in forecast accuracy over time than when using the futures only. The
combination including the DSGE has the highest gains in forecast accuracy of the two-model
combinations considered (MSPE improvement of 15%) and as such, we include it in the combination and
we evaluate whether its forecast performance can be improved further by adding a third projection.

The second part of Figure 3 (‘3m’) displays the forecasting performance when the remaining individual
projections are added to the two-model combination consisting of the futures and the DSGE. All three-
model combinations evaluated have a lower MSPE relative to the futures projection and in addition
offer more stability in performance over time. Particularly the three-model combination including the
risk-adjusted futures outperforms the futures close to 70% of the time with an MSPE improvement of
16% on average.

Departing from this three-model combination including the futures, the DSGE and the risk-adjusted
futures, the picture is less clear when it comes to possible four-model combinations as several trade-offs
emerge, see part 3 of Figure 3 (‘4m’). The four-model combination including the BVAR is the best
performing of the four-model combinations considered in terms of MSPE gains and stability, although it
does not outperform the two- or three-model combination on average. The two- and three-model
combinations however have larger forecast errors in the short run certainly when looking at the earlier
subsamples, as shown in Table 4. As such, the four-model combination including the BVAR generally
offers a more consistent improvement in forecast accuracy across horizons and given that the loss in
overall average forecast accuracy is small, we prefer the four-model combination consisting of the
futures, the DSGE, the risk-adjusted futures and the BVAR.

Extending this four-model combination further by including a fifth model overall reduces the MSPE
gains, see part 4 of Figure 3 (‘5m’). In addition, Table 4 indicates that adding the VAR with GDP given its
largest MSPE gains on average renders the projection more unstable especially in the more recent
period. Finally, including all models into the forecast combination clearly worsens forecast accuracy, see
part 5 of Figure 3 (“9m’) which indicates that the optimal number of models in the forecast combination
is limited.

4.2 Performance of the four-model combination

When comparing the performance of this four-model combination with the individual forecasts, it is
clear that combining several projections offers noticeable gains in forecast accuracy and generates a
forecast whose performance is remarkably more robust over time even when including the period of the
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global financial crisis and the mid-2014 oil price drop in the evaluation sample. The forecast statistics of
the four-model combination are shown in Tables 1-3 and Figure 2.

Concerning forecast accuracy, the four-model combination outperforms the futures-based forecast at
every forecast horizon on average over the total sample, with increasing accuracy gains at medium- to
longer-term horizons (see Panel A of Table 1). On average across forecast horizons, the four-model
combination offers MSPE gains of 14%, with an improvement of about 10% in the short run which
increases to a noticeable 23% at the 11 quarter-ahead forecast horizon. In addition, the performance of
the four-model combination is remarkably stable over time. In all subsamples considered and for most
forecast horizons, the four-model combination predicts Brent oil prices more accurately than the
futures; a stability in forecast accuracy no other individual approach considered in this paper can offer
(see Panel A of Table 3). This stability in outperformance relative to the futures can also be seen in the
Figure 2 as the rolling MSPE of the four-model combination lies below that of the futures over most of
the forecast evaluation sample for all forecast horizons shown, including during periods of relatively
stable oil prices, upwardly trending prices and during episodes of high oil price volatility such as
following the global financial crisis and the mid-2014 oil price drop. The negative bias inherent in the
forecast combination projections is smaller than that of the futures and the no-change at every forecast
horizon considered (see Panel A of Table 2). In addition, the four-model combination predicts the
direction of the change in Brent oil prices better compared to a random guess and the futures with a
directional accuracy of 70% on average across forecast horizons (see Panel B of Table 2). Also taking the
no-change as the reference point, the model combination’s performance is remarkably better than the
individual models offering MSPE gains of 17% on average across forecast horizons with the gains
generally increasing with forecast horizon and reaching 27% at the 7 quarter-ahead prediction horizon
(see Panel B in Table 1). The outperformance of the four-model combination relative to the no-change is
somewhat more subject to time-variation than when compared to the futures (see Panel B in Table 3)
although it can offer clear gains in times when oil prices display large shifts as observed over the past
few years (see Table 3 and Figure 2).

5 Robustness of the results

The results are robust to deleting a specific model from the proposed four-model combination, using
different combination weights and predicting WTI instead of Brent oil prices.

First, as the choice of the combination might be sensitive to the ordering in which the models are
chosen it is useful to check whether deleting a specific model from the combination can improve the
forecast accuracy of the four-model combination we propose.?! Table 5 lists the gains and losses in
MSPE of deleting individual forecasts from the four-model combination. Only excluding the futures
might offer some marginal gains in forecast accuracy over the entire forecast evaluation period on

! see Baumeister, Kilian and Lee (2014) and Baumeister and Kilian (2015a) who have been using this approach.
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average, but this comes at the cost of losing stability in forecast performance. As shown in Panel B of
Table 5, the forecast performance of the combination excluding the futures worsens across all horizons
over the 1995-2001 evaluation period and most of the horizons over the 2008-2015 sample. In sum, the
forecast accuracy of the combination cannot be consistently improved by deleting one of the models
from the combination.

Second, there are several ways to choose the weights of the individual forecasts in the forecast
combination besides equal weighting, see Timmermann (2006) for a general overview and Baumeister,
et al. (2014) and Baumeister and Kilian (2015a) in the case of oil price forecast combinations. We
explore the sensitivity of the forecasting performance to a multitude of different weighting schemes: (i)
an ordinary least-squares estimate of the weights obtained by regressing actual oil price realizations on
the individual forecasts, with and without an intercept in the regression to account for possible biases,
(i) performance-based weights generated as the inverse MSPE ratio which are calculated as the ratio of
the inverse MSPE of the individual projections and the sum of inverse MSPE across all models, (iii)
decaying weights which give more importance to recent forecasting performancezz, (iv) a trimming
approach which discards the worst performing model from the equally-weighted combination, and
finally (v) an outperforming weighting scheme which sets the weights equal to the percentage of times
that an individual forecast has the minimum MSPE. We calculate the performance-based weights over a
one year rolling window to allow for structural breaks in the weights.”® Table 6, which shows the MSPE
of the four-model combination using different combination weights relative to the equal-weighted
combination, clearly demonstrates that using equal weights delivers the most accurate prediction. This
is in line with the literature that shows that equal weighting often dominates other weighting schemes
(Stock and Watson 2004, Aiolfi and Timmermann 2006).

Third, repeating the forecast evaluation exercise for WTI instead of Brent oil prices is interesting as the
results become better comparable to the literature that has been focusing on WTI prices and as it would
shed light on whether the benefits the four-model combination offers are mainly due to the choice of oil
price benchmark. The results in Table 7 show that the benefits of the specific four-model combination
generally also hold for forecasting quarterly real WTI crude oil prices although its gains in terms of
stability in forecast accuracy are less high than when forecasting Brent oil prices. More specifically, on
average over the complete evaluation period, the four-model combination outperforms for WTI oil price
forecasting outperforms the futures and the no-change over all forecast horizons considered with the
exception on the one quarter-ahead horizons, with MSPE gains of 19% at the 11 quarter-ahead forecast
horizon relative to the futures and 22% at the 6 quarter-ahead forecast horizon relative to the no-
change. Similar gains are found relative to the no-change. In terms of the magnitude, the accuracy gains
offered by the four-model combination are slightly larger compared to those generated by the model
combinations proposed by Baumeister and Kilian (2015a) for WTI oil price forecasting, although a

2 The weights are assumed to decay geometrically by multiplying the squared error by 1/n where n = 1, ...T is the total number
of observations. From these rescaled weights, we calculate the MSPE of the individual forecast relative to the total MSPE and
use the inverse as the combination weights.

%> The results remain the same when we use a longer rolling window of three years for the weights. These results are available
upon request.
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different evaluation period is considered. Compared to when forecasting Brent prices, however, the
gains in forecast accuracy offered by the four-model combination are less stable over time.

6 Density forecast evaluation

Real-time quarterly density forecasts for the individual models are generated by recursive bootstrap
simulation methods on the basis of the in-sample monthly forecast errors (see e.g. Baumeister and
Kilian, 2014). This method is applied to all models with the exception of the BVAR for which predictive
densities are directly generated by the Bayesian estimation method. For the other models, forecast
errors are generated differently depending on whether models are estimated/calibrated (i.e. VAR in
levels, VAR in differences, VAR with GDP, DSGE and adjusted-futures) and those that are not (i.e. no-
change, futures and non-oil index). In the case of estimated or calibrated models, the in-sample forecast
errors are generated recursively over each estimation sample. Special care has been taken to correct for
the fact that forecast errors at horizons larger than 1 are autocorrelated due to the fact that forecasts
are generated iteratively. To recover the i.i.d residuals from which the random draws are generated, an
MA(h-1) process is first fitted to the forecast errors at horizon h (see Alquist et al. 2013).>* For models
that are not estimated, forecast errors are recursively calculated based on historical data since 1973M1
or as available in the case of non-oil index and futures.”> To be consistent with the point forecast
evaluation conducted in the paper, all forecast errors are generated at monthly frequency. Density
forecasts at monthly frequency are obtained by extracting 1000 random draws from the in-sample
monthly forecast errors at each horizon and adding them to the monthly mean forecast. Quarterly
density forecasts are then obtained as the quarterly average of the monthly densities. The forecast
accuracy of density forecasts is assessed on the basis of the average logarithmic score and the average
CRPS statistics computed over the same sample period — 1995Q1 — 2015Q2 — as the point forecast
evaluation.’®

Three combination schemes are used to generate the real-time density forecasts for the model
combination: a constant weight scheme which assigns equal-weights to the four models in the
combination and two time-varying weights schemes proposed by Billio et al. (2013). These time-varying
schemes are compatible with an incomplete model set (meaning that all models can be individually

** Note that an MA process could not be fitted to the estimated residuals starting at horizon 6 for VAR in levels and VAR with
GDP and at horizon 8 for DSGE and VAR in differences. Therefore, density forecasts for these models were not generated for all
horizons.

®> Non-oil index data is available since August 1980, whereas futures data for Brent oil prices starts in January 1990. Note that
this implies a much shorter series of historical forecast errors for futures (and necessarily also for risk-adjusted futures) than for
the rest of the models, which may impact the estimated density forecasts of both futures and adjusted-futures.

?® The average CRPS is computed as Z?zl(ffooo(F(zt) — Uy, < z})?dz)/T = X1 (EplYe — yel — 0.5E¢lY, — Y;])/T, where F() is
the cdf of f(yy|It_1) and Y; and Y; are random draws from f(yy|lt_1). The average logarithmic score is computed

as Yieq In(f(y¢| I;—1)) /T where f(yy|It_1) is a predictive density for y.constructed using information up to time t — 1. The
lower the CRPS and the higher the logarithmic score, the higher the accuracy of the predictive density.
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misspecified). For both schemes, weight dynamics are driven by the past performance of the density
forecasts, and one of them also considers learning mechanisms. For more details we refer to the Billio et
al. (2013) paper and also to the Matlab implementation described in Casarin et al. (2013).

Looking first at the individual models, we begin by inspecting the density forecasts illustrated at the 3-
quarters ahead horizon in Figure 4 (density forecasts for other horizons are available from the authors
upon request). Several observations are noteworthy. First, all models generally display asymmetric
probability bands throughout the sample. Most models (most notably no-change, VAR in differences,
DSGE and BVAR) estimate a wider price range above the median than below it, as illustrated by the
upper 95% probability band which is wider than the equivalent lower band throughout the sample
period. This suggests that there is larger room for oil prices turning higher than the median forecast
rather than below it. This pattern is generally preserved at longer horizons. In contrast, for the recent
part of the sample since 2010, futures and adjusted-futures tend to estimate instead a larger price range
below the median forecast than above it at horizons up to 4-quarters ahead. Starting with the 5-quarter
ahead horizon, however, the probability bands around the median forecast become more similar for
both futures and adjusted-futures.

Second, the level of uncertainty around the median oil price forecast differs quite significantly across
models. To measure uncertainty we construct a metric that is invariant to the shifts in the oil price level,
namely the ratio between the 90% probability price range and the median oil price forecast, which is
displayed in Figure 5 for the three-quarter ahead horizon. The figure illustrates that the no-change, the
non-oil index or the BVAR display much higher levels of uncertainty (with ratios higher than 0.6) than
the VAR in levels or the VAR with GDP (ratios around 0.4). A ratio of 0.4 means that the price range
between the 95% and the 5% quantiles is 40% of the median price forecast, implying that with 90%
probability the price is forecast to lie within the range given by the median forecast +/-20% if the
estimated probability distribution is symmetric. Moreover, the models also differ in terms of how the
level of uncertainty varies over time. Whereas for certain models (VAR in levels, VAR with GDP and
DSGE) the level of uncertainty remains broadly constant over time, it increases slightly for others (VAR in
differences and BVAR) while it decreases for the remaining ones (no-change, futures, non-oil index and
adjusted futures). More interestingly, in the case of futures, adjusted-futures and non-oil index we
observe large jumps in the level of uncertainty at certain points during the sample, which correspond to
periods of large drops in oil prices, such as during 2008 and 1998. This indicates that during periods of
falling oil prices, these forecasts are accompanied by a sharp increase in the levels of uncertainty.

In terms of density evaluation statistics (see Table 8), the BVAR appears to outperform all other models
according to both the logarithmic score and the CRPS over the whole sample period. The no-change,
VAR in differences and the DSGE model at longer horizons also show relatively good forecast accuracy
which is similar to that of the BVAR. In contrast, the futures, adjusted-futures and the non-oil index
show the lowest accuracy especially at longer-horizons and especially according to the logarithmic score.

Turning to the four-model combination, the evaluation statistics in Table 8 indicate that of the three
combination schemes considered, the combination with time-varying weights without learning
outperforms the alternatives and is slightly better than the one with time-varying weights and learning.
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Thus, when considering the uncertainty around the point forecast, allowing the combination weights to
vary over time outperforms equal-weight strategies, a result that confirms existing evidence in
macroeconomics (e.g. Jore et al., 2010). Moreover, the best performing four-model combination
outperforms all individual models by a large margin especially at longer horizons in terms of both
accuracy measures. For example, it outperforms the BVAR at the 1-quarter ahead horizon by 21% and
16% in terms of CRPS and logarithmic score, respectively, and at the 7-quarter horizon by 45% and 35%,
respectively. As regards uncertainty, the level of uncertainty in the case of the four model combination
fluctuates between 0.1 and 0.6 at the three-quarter ahead horizon, showing big jumps at particular
episodes of large drops in oil prices, such as the peak corresponding to the forecast for 2009Q3 done in
2008Q4.

Finally, Figure 6 illustrates the evolution of the models' weights over time. The figure highlights that
weights vary considerably across horizons and over time. At shorter horizons, e.g. at the three-quarters
ahead, the combination loads generally evenly in the four models — slightly more on the futures and
adjusted-futures, with weight around 0.3 each —, except for specific episodes when the BVAR and
especially the DSGE load more significantly. Such episodes appear to correspond to periods of sustained
oil price increases, such as the second half of 1996, during 1999-2000 and between 2002 and 2006.
During the 2002 and 2006 oil price run-up, for example, the weight of the DSGE model increases from
nearly 0 to 0.6 to the detriment of futures and adjusted-futures. In contrast, at longer horizons —
illustrated in Figure 7 by the seven-quarter ahead horizon — the combination loads mostly on futures,
adjusted-futures and DSGE, while the BVAR contributes only about 0.1 on average throughout the
sample and without large variations (this may indicate that the BVAR is better suitable for short-term
forecasting). Moreover, the fluctuation in the weights of these three models is much more pronounced
than at shorter horizons. In particular, the loading on the DSGE appears as the reverse of that on
futures, while the loading on the adjusted futures mirrors that of futures but with less fluctuation.
Similar to the picture at the short-horizon, the loading on the DSGE increases significantly during periods
of sustained oil price rises, in contrast to futures whose loading increases more during periods of stable
or falling oil prices. For example, during the 2002-2006 episode, the combination loads increasingly
more on the DSGE, peaking at 0.92 for the oil price forecast of 2005Q4 to the detriment of futures,
whose contribution drops to nearly 0. In contrast, during the 1997-1998 period of oil price decreases,
the weight on futures increases reaching a maximum of 0.81 for the forecast corresponding to 1999Q2
to the detriment of the DSGE whose weight drops to zero.

7 Conclusions

This paper reviews the forecasting performance of a set of methods for predicting quarterly real Brent
oil prices. The aim is to find a tool offering a consistent improvement relative to futures-based
predictions up to 11 quarters ahead that also delivers a stable performance over time given continuous
changes in oil price dynamics.
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The forecast approaches evaluated are the random walk, the futures, the risk-adjusted futures based on
Pagano and Pisani (2009), a non-oil commodity price index, a DSGE model of the oil market based on
Nakov and Nufo (2014) and four alternatives of the Baumeister and Kilian (2012) oil market VAR model:
one with Brent oil prices in log levels, one with Brent prices in first differences, one in which the Kilian
(2009) index of economic activity is replaced with a monthly global GDP measure and finally, one in
which the VAR with prices in levels is estimated using Bayesian techniques.

Remarkably, none of the individual forecast approaches manages to consistently predict Brent oil prices
better than the futures or random walk over time or across forecast horizons. Nevertheless, this
performance instability can be exploited by combining projections of different models into one forecast
that delivers a more accurate forecast and stable performance when oil price dynamics change. In this
paper, we propose an equally-weighted four-model forecast combination for quarterly Brent oil price
forecasting consisting of Brent oil futures, risk-adjusted futures, a BVAR and DSGE model of the oil
market. This combination predicts Brent oil prices more accurately in real time and out-of-sample
compared to the futures and the random walk up to 11 quarters ahead, with MSPE gains reaching 23%
at the 11 quarter-ahead horizon relative to the futures. In addition, the four-model combination
generates a forecast whose performance is remarkably robust over time, outperforming the futures on
average in periods of stable, upwardly trending or rapidly falling oil prices. Moreover, the model
combination reduces the forecast bias and predicts the direction of oil price changes more accurately
than a random guess with a directional accuracy of 70% on average. Similar gains in forecast
performance are found using this four-model combination for predicting WTI oil prices. In addition, the
four-model combination (with time-varying weights) outperforms all individual models also when taking
the full probability distribution of the forecasts into account.
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Figure 1. Real Brent oil price over time
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Source: Energy Information Administration and FRED economic data
Notes: Monthly data, the nominal Brent oil price in USD per barrel has been backcasted with the growth rate of the refiner's
acquisition cost of imported crude oil up to May 1987 and has been made real using US CPI, index 1982-84=100.
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Figure 2. Recursive MSPE over 6-year rolling window of different Brent crude oil forecasting methods
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Figure 2 continued. Recursive MSPE over 6-year rolling window of different Brent crude oil forecasting methods
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Figure 3. Forecast evaluation of different forecast combinations relative to futures
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Notes: this chart shows the average forecast performance over the sample 1995Q1 — 2015Q2 of different forecasting models relative to
the futures.The alternative models whose performance is compared to the futures are listed on the X-axis; 2m, 3m, 4m,5m and 9m indicate
that the alternative model is a forecast combination consisting of respectively 2,3,4,5 and 9 individual models. The triangles represent the
percentage times that the alternative model outperforms the futures (shown on the left Y-axis); a value of 0.60 for example indicates that a
specific model combination outperforms the futures 60% of the time over the complete evaluation period. The squares indicate the MSPE
improvement of the alternative model relative to the futures, which has been averaged over the different forecast horizons (shown on the
right Y-axis). A MSPE improvement higher than zero indicates that the alternative model outperforms the futures in average MSPE sense; a
value of 0.10 means that the alternative model has an MSPE 10% lower than that of the futures.




Figure 4. Predictive densities of quarterly real Brent oil price at the 3-quarter-ahead horizon
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Figure 5. A measure of the uncertainty level around the median forecast densities at the 3-quarter ahead horizon for real Brent oil price
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Figure 6. Time-varying weights without learning of the 4-model combination
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Table 1. MSPE of real quarterly Brent oil price forecasts: complete forecast evaluation period

PANEL A: relative to the futures forecast

Horizon : 1995-2015
(Quarters) | VAR VAR No-  Non-oil '\ 2GDP DSGE  BVAR Adjusted-futures - model
levels differences change index combination
1 0.86 0.83 0.80 0.69 0.77 1.30 0.78 1.02 0.89
2 1.03 1.06 0.96 1.01 0.91 0.99 0.90 1.03 0.93
3 1.11 1.21 1.04 1.18 1.06 0.91 1.02 1.01 0.93
4 1.23 1.36 1.11 1.17 1.15 0.96 1.08 0.97 0.93
5 1.38 1.51 1.16 1.22 1.26 0.95 1.14 0.94 0.91
6 1.48 1.56 1.17 1.39 1.37 0.94 1.17 0.90 0.88
7 1.43 1.44 1.15 1.62 1.38 0.92 1.13 0.90 0.83
8 1.37 1.34 1.09 1.76 1.32 0.89 1.08 0.95 0.81
9 1.32 1.28 1.08 1.94 1.27 0.90 1.07 1.04 0.80
10 1.29 1.23 1.05 1.90 1.26 0.88 1.05 1.16 0.80
11 1.24 1.13 0.99 1.76 1.23 0.87 0.99 1.23 0.77
PANEL B: relative to the no-change forecast
Horizon : 1995-2015
(Quarters) | VAR VAR ures MO \apGDp  DsGE  BVAR  Adjusted-futures  +model
levels differences index combination
1 1.06 1.04 1.24 0.86 0.95 1.61 0.97 1.27 1.11
2 1.07 1.10 1.04 1.05 0.94 1.03 0.94 1.06 0.96
3 1.07 1.16 0.96 1.13 1.01 0.87 0.98 0.97 0.89
4 1.11 1.23 0.90 1.06 1.04 0.87 0.98 0.88 0.84
5 1.19 1.30 0.86 1.06 1.09 0.82 0.98 0.81 0.79
6 1.27 1.34 0.85 1.18 1.17 0.81 1.00 0.77 0.75
7 1.24 1.25 0.87 1.41 1.20 0.80 0.98 0.78 0.73
8 1.26 1.23 0.92 1.61 1.21 0.82 0.99 0.87 0.74
9 1.22 1.19 0.93 1.80 1.18 0.83 0.99 0.96 0.74
10 1.23 1.17 0.95 1.81 1.20 0.84 1.00 1.10 0.76
11 1.26 1.15 1.01 1.78 1.24 0.88 1.00 1.24 0.78

Notes: The tables show the mean squared prediction errors (MSPE) relative to the futures (Panel A) and no-change forecast (Panel B) over the total sample period 1995Q1 — 2015Q2 for various individual forecasting
methods and the forecast combination (in the grey column). A value lower than one - indicated in bold - means that the method outperforms the benchmark on average over the sample period. The forecast combination
consists of the futures, the risk-adjusted futures, the BVAR and the DSGE model. See Section 2 and 4 for the model explanations.



Table 2. Bias and success ratio of real quarterly Brent oil price forecasts: complete forecast evaluation period

PANEL A: Forecast bias

. 1995-2015
Horizon - -
(Quarters) | N VAR VAR o iures VOOl yaRGDp  psge  pvap Adiusted- 4-Model
change levels differences index futures = Combination

1 -0.22 -0.66 -0.02 -0.07 -0.16 -0.71 0.07 -0.25 0.10 -0.04

2 -0.38 -1.59 0.01 -0.73 -0.11 -1.56 0.25 -0.33 -0.10 -0.23

3 -0.56 -2.18 0.01 -1.32 -0.03 -2.19 0.35 -0.56 -0.30 -0.46

4 -0.95 -2.88 -0.31 -2.15 -0.22 -3.18 0.36 -1.01 -0.77 -0.89

5 -1.42 -3.74 -0.77 -2.99 -0.46 -4.28 0.37 -1.46 -1.22 -1.33

6 -1.88 -4.47 -1.14 -3.80 -0.65 -5.05 0.40 -1.87 -1.75 -1.76

7 -2.36 -5.37 -1.82 -4.62 -0.81 -5.73 0.46 -2.41 -2.55 -2.28

8 -2.85 -6.22 -2.52 -5.37 -0.88 -6.39 0.52 -2.91 -3.40 -2.79

9 -3.28 -6.94 -3.04 -6.10 -0.78 -6.95 0.63 -3.33 -4.17 -3.24

10 -3.78 -7.59 -3.55 -6.82 -0.87 -7.51 0.67 -3.83 -4.94 -3.73

11 -4.33 -8.30 -4.21 -7.59 -1.30 -8.14 0.70 -4.41 -5.54 -4.21

PANEL B: Success ratio
Horizon 1995-2015
No- VAR VAR Non-oil Adjusted-  4-Model
(Quarters) . Futures . VARGDP DSGE BVAR ..
change levels differences index futures Combination

1 0.60 0.70 0.70 0.60 0.66 0.66 0.54 0.66 0.66 0.70

2 0.63 0.60 0.62 0.58 0.62 0.60 0.58 0.63 0.69 0.62

3 0.63 0.54 0.60 0.63 0.66 0.63 0.64 0.61 0.64 0.64

4 0.63 0.63 0.59 0.68 0.65 0.63 0.68 0.57 0.70 0.73

5 0.55 0.58 0.53 0.64 0.59 0.59 0.69 0.53 0.67 0.76

6 0.52 0.60 0.49 0.65 0.57 0.58 0.75 0.49 0.62 0.78

7 0.51 0.59 0.46 0.59 0.53 0.57 0.76 0.50 0.55 0.76

8 0.49 0.56 0.45 0.60 0.49 0.53 0.75 0.48 0.57 0.72

9 0.47 0.61 0.45 0.59 0.38 0.59 0.74 0.47 0.61 0.70

10 0.49 0.56 0.44 0.62 0.36 0.56 0.71 0.49 0.62 0.68

11 0.53 0.57 0.47 0.57 0.33 0.54 0.75 0.53 0.53 0.61

Notes: The tables show the forecast bias (Panel A) and the success ratio (Panel B) over the total sample period 1995Q1 —2015Q2 for various forecasting methods including the forecast combination (in the grey column). A
negative number for the bias indicates and underprediction of actual oil prices on average and vice versa. The success ratio gives the probability of predicting the correct change in the oil price. A value higher than 0.5
denotes a higher directional accuracy than at random. For the reason that the quarterly no-change forecast is calculated as the last monthly observation for the real price of oil following Baumeister and Kilian (2014), the
success ratio for the no-change can differ from 0.5 as we are comparing a monthly price forecast to an average realized quarterly oil price.The forecast combination consists of the futures, the risk-adjusted futures, the
BVAR and the DSGE model. See Section 2 and 4 for the model explanations.
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Table 3. MSPE of real quarterly Brent oil price forecasts: different subsamples

PANEL A: relative to the futures-based forecast

Horizon 1995-2001 2002-2007 2008-2015
(Quarters) VAR A VAR No- N-Dl'|>0I| VARGDP  DSGE BVAR Adjusted- A»m.ode‘I VAR A VAR No- '\!0"-0" VARGDP  DSGE BVAR Adjusted- A-mode.I VAR A VAR No- N-Dl'|>0I| VARGDP  DSGE BVAR Adjusted- A-m.ode.I
levels  differences change index futures levels differences change index futures levels differences change index futures
1 1.04 1.03 0.97 0.86 1.02 2.14 0.82 1.02 0.99 1.06 0.98 1.00 0.94 118 1.94 1.08 0.96 1.08 0.82 0.81 0.77 0.65 0.70 1.18 0.74 1.03 0.86
2 1.06 1.09 0.89 0.93 1.02 1.67 0.86 1.05 0.92 0.83 0.65 0.88 0.65 1.07 114 0.78 0.85 0.83 1.05 1.10 0.98 1.05 0.89 0.94 0.92 1.04 0.94
3 0.80 0.90 0.80 0.93 0.71 1.82 0.76 1.07 0.86 0.89 0.73 0.88 0.81 1.24 0.75 0.87 0.74 0.75 116 1.30 1.08 1.24 1.05 0.88 1.05 1.04 0.96
4 0.84 0.97 0.89 1.09 0.74 2.10 0.86 1.17 0.89 0.58 0.56 0.71 0.48 0.91 0.54 0.68 0.62 0.61 1.38 154 1.20 131 1.23 0.94 1.18 1.02 1.00
5 1.04 1.19 1.09 134 0.90 2.19 1.06 1.24 0.91 0.60 0.60 0.65 0.41 0.83 0.45 0.63 0.63 0.56 1.65 1.81 131 1.45 1.43 0.97 1.29 1.00 1.02
6 1.15 1.26 1.16 1.40 1.01 2.50 1.14 1.25 0.91 0.55 0.54 0.60 0.33 0.70 0.42 0.58 0.67 0.55 193 2.04 1.42 1.84 1.70 0.99 1.42 0.95 1.02
7 118 134 1.24 1.52 1.08 2.96 1.21 1.40 0.92 0.58 0.59 0.59 0.37 0.67 0.38 0.59 0.83 0.56 1.96 1.95 1.47 2.36 1.84 0.99 1.44 0.88 0.99
8 132 151 1.40 1.86 1.26 3.64 1.36 1.38 0.94 0.58 0.63 0.57 0.40 0.61 0.37 0.57 1.08 0.58 191 1.80 141 2.66 1.81 0.96 1.39 0.83 0.95
9 1.46 1.67 1.56 2.29 1.40 4.67 151 1.23 0.96 0.52 0.59 0.53 0.40 0.53 0.35 0.52 134 0.60 1.92 178 1.46 3.09 1.83 0.99 1.45 0.79 0.95
10 1.47 1.67 1.55 2.51 1.44 5.65 151 1.04 0.93 0.52 0.58 0.54 0.46 0.50 0.35 0.52 161 0.64 1.99 179 1.49 3.18 1.95 1.01 151 0.75 0.93
11 1.32 1.51 1.40 2.36 1.31 6.55 1.36 0.86 0.86 0.51 0.58 0.54 0.53 0.50 0.31 0.52 1.74 0.65 2.07 1.73 1.47 3.11 2.05 1.06 1.50 0.67 0.90
PANEL B: relative to the no-change forecast
1995-2001 2002-2007 2008-2015
Horizon . N B N B N
(Quarters) | VAR VAR e Mool yapGop psee  pvar  Adiusted o dmodel VAR VAR porres MO yapepp  pse  pvap  Adiusted- | dmodel VAR VAR o Nonoll ypenp  psg  pyag  Adiusted- - d-model
levels  differences index futures combination | levels differences index futures levels index futures combination
1 1.07 1.07 1.03 0.89 1.06 2.21 0.85 1.05 1.02 1.07 0.98 1.00 0.94 118 1.94 1.09 0.96 1.08 1.06 1.04 1.29 0.85 0.91 1.53 0.96 133 111
2 1.19 1.22 112 1.04 115 1.88 0.96 118 1.03 0.95 0.74 114 0.74 121 1.30 0.88 0.97 0.95 1.08 113 1.02 1.08 0.91 0.97 0.94 1.07 0.96
3 0.99 112 1.25 117 0.89 2.28 0.95 134 1.08 1.02 0.83 114 0.93 1.42 0.85 0.99 0.84 0.85 1.08 1.20 0.93 1.15 0.97 0.81 0.98 0.96 0.89
4 0.95 1.09 112 122 0.83 2.36 0.96 131 1.00 0.82 0.79 1.41 0.67 1.28 0.76 0.95 0.88 0.85 1.15 1.29 0.83 1.09 1.03 0.79 0.98 0.85 0.83
5 0.95 1.09 0.91 1.23 0.82 2.00 0.97 1.14 0.84 0.92 0.92 1.54 0.63 1.28 0.69 0.98 0.96 0.86 1.25 1.38 0.76 1.10 1.09 0.74 0.99 0.76 0.77
6 0.99 1.09 0.87 1.21 0.87 217 0.99 1.08 0.79 0.93 0.91 1.67 0.55 1.18 0.70 0.96 1.12 0.91 1.36 1.44 0.70 1.30 1.20 0.70 1.00 0.67 0.72
7 0.95 1.08 0.81 1.23 0.87 2.39 0.97 113 0.74 0.98 0.99 1.69 0.62 114 0.65 1.00 1.40 0.94 134 133 0.68 1.61 1.25 0.68 0.98 0.60 0.67
8 0.94 1.08 0.71 1.33 0.90 2.59 0.97 0.98 0.67 1.00 1.10 1.74 0.70 1.07 0.65 1.00 1.88 1.01 136 1.28 0.71 1.89 1.28 0.68 0.99 0.59 0.67
9 0.94 1.07 0.64 1.47 0.90 3.00 0.97 0.79 0.62 0.98 1.10 1.88 0.76 1.00 0.66 0.98 2.52 112 132 1.22 0.69 2.12 1.26 0.68 0.99 0.54 0.65
10 0.95 1.08 0.64 161 0.92 3.64 0.97 0.67 0.60 0.97 1.09 1.87 0.87 0.94 0.65 0.96 3.02 1.19 134 1.20 0.67 2.14 131 0.68 1.01 0.50 0.63
11 0.95 1.08 0.72 1.69 0.94 4.69 0.98 0.62 0.62 0.96 1.09 1.87 0.98 0.93 0.58 0.97 3.25 1.22 1.40 1.18 0.68 2.11 1.39 0.72 1.02 0.46 0.61

Notes: The tables show the mean squared prediction errors (MSPE) relative to the futures (Panel A) and no-change forecast (Panel B) over different sample periods for various forecasting methods including the forecast
combination (in the grey column). A value lower than one — indicated in bold - means that the method outperforms the benchmark on average over the sample period indicated at the top of each table. The forecast

combination consists of the futures, the risk-adjusted futures, the BVAR and the DSGE model. See Section 2 and 4 for the model explanations.
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Table 4. Comparison of forecast performance over time of different model combinations relative to the futures

Panel A: total sample 1995 - 2015 Panel B: 1995 - 2001 window
1995 - 2015 2 models 3 Models 4 models 5 models 1995 - 2001 2 models 3 Models 4 models 5 models
Horizon + adj. + VAR Hori A
+DSGE +BVAR orizon +adj. + VAR
(Quarters) futures GDP (Quarters) +DSGE futures +BVAR GDP
1 1.03 1.00 0.89 0.81 T 137 I 0.95 087
2 0.96 0.97 0.93 0.89 ) 1.00 0.99 0.92 0.88
3 0.91 0.93 e 0.93 3 0.97 0.94 0.86 0.80
4 0.91 0.91 0.93 0.94 4 1.00 0.93 0.89 0.84
5 0.88 0.86 0.91 0.94 5 0.97 0.91 0.91 0.90
6 0.85 0.81 0.88 0.93 6 0.98 0.88 0.91 0.91
7 0.81 0.77 0.83 0.89 7 1.02 0.88 0.92 0.94
8 0.78 0.75 0.81 0.86 8 1.11 0.88 0.94 0.98
9 0.76 0.75 0.80 0.85 9 1.27 0.88 0.96 1.02
10 0.74 0.75 0.80 0.84 10 1.39 0.87 0.93 0.99
11 0.71 0.74 0.77 0.81 11 1.48 0.87 0.86 0.90
average 0.85 0.84 0.86 0.88 average 1.13 0.92 0.92 0.91
Panel C: 2002 - 2007 window Panel D: 2008 - 2015 window
2002 - 2007 2 models 3 Models 4 models 5 models 2008 - 2015 2 models 3 Models 4 models 5 models
. ) +adj. + VAR
Horizon +DSGE +adj. +BVAR + VAR +DSGE fut +BVAR GDP
(Quarters) futures GDP utures
1 0.99 0.98 0.86 0.78
1 131 115 1.08 1.02 2 0.95 0.98 0.94 0.90
2 0.96 0.90 0.83 0.80 3 0.93 0.95 0.96 0.95
3 0.75 0.73 0.75 0.79 4 0.96 0.96 1.00 1.01
4 0.60 0.60 0.61 0.61 5 0.97 0.95 1.02 1.05
5 0.53 0.55 0.56 0.57 6 0.97 0.92 1.02 1.08
6 0.51 0.54 0.55 0.56 7 0.97 0.88 0.99 1.07
7 0.48 0.55 0.56 0.57 0.96 0.85 0.95 103
8 0.46 0.59 0.58 0.58 8 : : ) )
9 0.44 0.63 0.60 0.58 9 0.97 0.84 0.95 1.04
10 0.43 0.69 0.64 0.60 10 0.98 0.81 0.93 1.04
11 0.41 0.70 0.65 0.62 11 1.00 0.77 0.90 1.02
average 0.63 0.69 0.67 0.66 average 0.97 0.90 0.96 1.00

Notes: The tables show the MSPE relative to the futures of the different model combinations starting from the futures and each time (per column) adding the model which is indicated in the second row. The 5
model combination, shown in the last two columns, starts from the 4 model combination (including the futures, the DSGE, the risk-adjusted futures and the BVAR) and adds the VAR with GDP. A value lower than
one - indicated in bold - means that the model combination outperforms the benchmark on average over the sample period considered. The forecast combination consists of the futures, the risk-adjusted futures,
the BVAR and the DSGE model. See Section 2 and 4 for the model explanations.



Table 5. Change in forecasting performance of deleting individual models from the forecast combination

PANEL A: full sample PANEL B: subsamples
Horizon | -adjusted (1995 - 2001) (2002 - 2007) (2008 - 2015)
(quarters) futures -BVAR - DSGE - futures - futures - futures - futures
1 0.98 1.13 0.97 0.99 1.04 1.04 0.98
2 0.97 1.05 1.02 0.98 1.06 0.96 0.98
3 0.99 1.00 1.05 0.99 1.06 0.94 0.99
4 1.01 0.97 1.06 1.00 1.08 0.87 1.00
5 1.03 0.95 1.08 0.99 1.10 0.84 1.01
6 1.05 0.93 1.10 0.99 1.12 0.82 1.01
7 1.05 0.92 1.13 0.98 1.14 0.83 1.01
8 1.04 0.93 1.16 0.97 1.17 0.84 1.00
9 1.02 0.94 1.18 0.97 1.23 0.85 1.00
10 1.00 0.95 1.21 0.97 1.28 0.87 1.00
11 0.98 0.96 1.24 0.96 1.37 0.88 1.00

Notes: The tables show the mean squared prediction errors (MSPE) for different model combinations relative to benchmark four-model combination over the total sample period 1995Q1 — 2015Q2. A *~’ sign indicates that

the individual projection is excluded from the four-model combination consisting of futures, the DSGE, the risk-adjusted futures and the BVAR. Panel A shows the results over the complete forecast evaluation period for all

models included and panel B over different subsamples for deleting the futures. A value lower than one - indicated in bold - means that the method outperforms the combination on average over the sample period
considered. See Section 2 and 4 for the model explanations.
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Table 6. MSPE of forecast combination with different combination weights, relative to the equal weighted four-model combination

Horizon oLs Decaying Inverse.MSPE Trimming Outperforming  OLS with constant
(Quarters) ratio
1 1.01 1.02 1.02 1.00 0.96 2.16
2 1.04 1.03 1.04 1.04 1.04 0.62
3 1.05 1.05 1.06 1.06 1.08 1.47
4 1.03 1.07 1.08 1.02 1.07 3.18
5 1.03 1.09 1.09 1.03 1.07 4.77
6 1.00 1.11 1.10 1.02 1.04 5.06
7 1.00 1.13 1.11 1.08 1.03 3.73
8 1.04 1.17 1.13 1.13 1.01 1.97
9 1.19 1.21 1.16 1.14 0.97 1.46
10 1.20 1.24 1.21 1.17 0.96 1.25
11 1.22 1.28 1.28 1.25 1.11 1.41

Notes: The table shows the mean squared prediction errors (MSPE) for different weighting schemes for the four-model combination relative to the equal-weighted benchmark combination over the total sample period
1995Q1 - 2015Q2. The different weighting schemes tried are (i) an ordinary least-squares estimate of the weights obtained by regressing the actual oil price realizations on the individual forecasts, with and without
intercept term in the regression to account for possible biases in the individual projections (respectively column ‘OLS with constant’ and column ‘OLS’), (ii) performance-based weights generated as the inverse of the MSPE
ratio, calculated as the MSPE of the individual projection over the total MSPE in the combination (column ‘Inverse MSPE ratio’), (iii) decaying weights which give more importance to recent forecasting performance
(column ‘Decaying’), (iv) a trimming approach which deletes the worst performing model from the equally-weighted forecast combination (column ‘Trimming’) and (v) an outperforming weighting scheme which sets the
weights equal to the percentage of times that an individual forecast has the minimum MSPE (column ‘Outperforming’). A value lower than one - indicated in bold - means that using the specific set of combination weights
outperforms the equal-weighted benchmark combination over that specific horizon. The forecast combination consists of the futures, the risk-adjusted futures, the BVAR and the DSGE model. See Section 2 and 4 for the
model explanations.
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Table 7. MSPE of real quarterly WTI oil price forecasts

relative to futures relative to futures relative to no-change relative to no-change
Horizon 1995-2015 1995-2001 2002-2007 2008-2015 1995-2015 1995-2001 2002-2007 2008-2015
(Quarters) i .
VAR ] VAR Futures l\!on-ml VARGDP  DSGE BVAR Adjusted- 4—m'ode.l 4-m.ode.l 4-m.ode.l 4-m.ode.l 4-model combination 4-m.ode.l 4-m.ode.l 4-m.ode.I
levels differences index futures combination | combination | combination | combination combination combination combination
1 1.03 1.01 1.04 0.87 0.91 1.71 1.59 1.78 1.19 1.18 1.21 1.19 1.15 1.36 1.25 1.13
2 1.04 1.09 1.04 1.10 0.94 1.05 1.14 1.24 1.00 0.90 0.91 1.02 0.96 1.21 0.96 0.95
3 1.10 1.22 1.10 1.27 1.07 0.93 1.21 1.20 0.99 0.84 0.81 1.03 0.91 1.11 0.96 0.89
4 1.22 1.35 1.16 1.31 1.17 0.96 1.29 1.18 1.00 0.87 0.69 1.09 0.86 1.01 1.01 0.83
5 1.37 1.49 1.21 1.43 1.27 0.94 1.36 1.18 0.98 0.89 0.62 1.13 0.81 0.87 1.02 0.77
6 1.44 1.52 1.19 1.57 1.37 0.90 1.38 1.16 0.94 0.89 0.59 1.15 0.78 0.79 1.08 0.72
7 1.34 1.36 1.12 1.72 1.31 0.86 1.31 1.20 0.89 0.90 0.60 1.12 0.79 0.75 1.10 0.71
8 1.26 1.23 1.01 1.77 1.21 0.80 1.21 1.29 0.85 0.91 0.63 1.05 0.84 0.68 1.19 0.74
9 1.19 1.14 0.94 1.77 1.12 0.78 1.16 1.41 0.83 0.89 0.64 1.04 0.88 0.60 1.31 0.75
10 1.14 1.07 0.90 1.66 1.08 0.78 1.10 1.58 0.83 0.84 0.68 1.03 0.92 0.57 1.38 0.74
11 1.06 0.99 0.84 1.57 1.01 0.76 1.02 1.64 0.81 0.75 0.69 0.99 0.96 0.57 1.39 0.74

Notes: The table shows the mean squared prediction errors (MSPE) relative to the futures forecast for various individual WTI forecasting methods and the forecast combination (1) over the total sample period 1995Q1 —
2015Q2 and (2) over different subsamples for the combination, and (3) relative to the no-change for the full sample . A value lower than one means that the method outperforms the benchmark on average over the
sample period.The numbers in bold indicate an improvement relative to the respective benchmark. The forecast combination consists of the futures, the risk-adjusted futures, the BVAR and the DSGE model. See Section 2
and 4 for the model explanations.
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Table 8. Average CRPS and average Logarithmic score of real quarterly Brent density forecasts produced by the

individual models and the four-model combination

PANEL A: Average CRPS

4-Model Combination

Time- Time-

(:L::::::S) chI::ge I:\f\elts difft\e/rlzl:ces Futures NI::e?(II \(:SE DSGE  BVAR A:d::::: \:,ae:;:fs \:,ae:;:i Constant
without with weights
learning _learning

1 1,71 1,90 1,71 1,93 1,80 1,85 2,18 1,71 1,96 1,35 1,56 1,94
2 3,11 3,54 3,09 3,28 3,49 3,44 3,44 3,10 3,33 2,42 2,80 3,33
3 4,28 4,70 4,17 4,37 4,89 4,45 4,32 4,15 4,35 3,16 3,67 4,33
4 4,93 5,51 4,65 5,04 5,38 5,07 4,95 4,68 4,90 3,42 3,43 4,81
5 5,48 6,10 5,31 5,61 5,97 5,77 5,34 5,18 5,48 3,50 3,51 5,23
6 5,87 NaN 5,68 5,84 6,83 NaN 5,51 5,51 5,68 3,28 3,28 5,33
7 6,09 NaN 5,77 6,01 8,00 NaN 5,82 5,59 6,08 3,07 4,16 5,50
8 6,26 NaN NaN 6,45 8,94 NaN 7,46 5,91 6,77 NaN NaN NaN
9 6,51 NaN NaN 6,78 10,05 NaN NaN 6,13 7,36 NaN NaN NaN
10 6,67 NaN NaN 6,97 10,71 NaN NaN 6,33 7,99 NaN NaN NaN
11 6,67 NaN NaN 7,06 10,86 NaN NaN 6,37 8,36 NaN NaN NaN

PANEL B: Average Logarithmic Score

4-Model Combination
Time- Time-

(Quartors| change lovels diforences UES iax  gop  DSGE BVAR “LUSCL| VAWRE AV conciony
without  with WIS
learning  learning

1 -3,85 -4,47 -2,78 -6,02 -4,24 -4,66 -4,93 -2,47 -5,40 -2,08 -2,29 -8,98
2 -3,64 -5,08 -3,46 -6,93 -9,01 -8,20 -4,08 -3,22 -6,48 -3,44 -3,84 -10,84
3 -4,11 -9,02 -4,78 -10,43 -11,21 -9,27 -4,23 -3,41 -10,59 -3,16 -3,94 -14,62
4 -3,90 -8,77 -4,83 -17,56 -11,68 -10,33 -4,21 -3,62 -17,95 -3,07 -3,08 -15,96
5 -3,89 -8,57 -5,02 -22,66 -13,03 -10,30 -4,02 -4,02 -22,84 -2,64 -2,69 -12,64
6 -3,98 NaN -3,73 -21,45 -14,24 NaN -4,48  -3,71 -23,80 -2,58 -2,48 -11,90
7 -4,00 NaN -4,71 -22,59 -17,26 NaN -4,47 -3,74 -30,60 -2,43 -3,25 -10,92
8 -4,03 NaN NaN -27,09 -15,99 NaN NaN -3,77 -36,41 NaN NaN NaN
9 -3,92 NaN NaN -25,35 -16,36 NaN NaN -3,81 -35,13 NaN NaN NaN
10 -3,92 NaN NaN -25,76 -15,35 NaN NaN -3,84 -37,60 NaN NaN NaN
11 -3,89 NaN NaN -31,17 -14,51 NaN NaN -3,80 -46,24 NaN NaN NaN

Notes: The average CRPS is computed as ZI=1(fjom(F(Zt) — Uy, <23)?dz)/T = $1_1(E, |Y: — y:| — 0.5E¢|Y; — Y;|)/T, where F() is the cdf of f(y,|l;_;) and Y; and

Y; are random draws from f(yy|1[,1). The average logarithmic score is computed as Y./—; In(f (v;| I,_;))/T where f(yy|1[,1) is a predictive density for y,constructed

using information up to time t — 1. The lower the CRPS and the higher the logarithmic score, the higher the accuracy of the predictive density. The values in bold

indicate the model with highest accuracy. A value of NaN indicates that the predictive density could not be computed for that model at that horizon. The evaluation
statistics are shown over the total sample period 1995Q1 — 2015Q2. For a description of how predictive densities are computed for each model we refer to section 6.



Forecasting the Brent Oil Price: Addressing time-variation in forecast performance
Appendix

Cristiana Belu Manescu®’ and Ine Van Robays*®

Annex 1 — Data sources

The forecasting exercise is conducted with data as available in real-time. The dataset builds on the real-time
dataset constructed by Baumeister and Kilian (2012, 2014), extended to 2015:06 and complemented with the
additional series as necessary. It consists of monthly vintages of data for the 1991:01-2015:06 period, each of
which dates back to 1973:01, as available or necessary.

Specifically, we use the following data series from the proprietary Baumeister and Kilian (2012, 2014) dataset: spot
Brent and WTI oil prices, an index of bulk dry cargo ocean shipping freight rates, world crude oil production, US
crude oil inventories, US petroleum inventories, OECD petroleum inventories, the US consumer price index for all
urban consumers. The Brent oil price is backcasted prior to mid-1987 on the basis of the US refiner's acquisition
cost for crude oil imports, similar to Baumeister and Kilian (2014). Except for Brent and WTI prices, which are
available in real time and not subject to revisions, all the other series are available with delays and are subject to
revisions. Nowcasting techniques are used to extrapolate missing date due to release delays, as documented in
Baumeister and Kilian (2012).

In addition, we also use the following series, for which, unless otherwise specified, monthly vintages of data are
constructed for the period 1991:01-2015:06, each series dating back to 1973:01:

1. Monthly Brent and WTI futures prices with maturities 1 to 33 months-ahead from Bloomberg. Monthly prices
are constructed as monthly averages of business day prices. For certain maturities for which Brent futures
prices is available later than 1990:M1, Brent futures prices are backcasted based on WTI futures prices, as
available. Moreover, owing to market illiquidity, futures prices for maturities longer than 13 months (Brent)
and 18 months (WTI) are missing in certain months. These missing data is interpolated as the average of the
previous and next available maturity, which is the approach used at the ECB to generate long-term oil
projections. All in all, Brent futures prices data are available for the 1990:01-2015:06 period at all maturities,
except those longer than 18-months ahead, for which data starts between November 1990 and April 1991.

2. Monthly US capacity utilization in manufacturing industries from the Federal Reserve Board, which is
available with one month delay and subject to revisions. A real-time dataset is constructed with monthly
vintages for the 1991:01-2015:06 period, each series going back to 1989:01. No nowcasting is required as the
series enters with a 1-month lag in the regression with futures prices.

3. Monthly averages of the industrial raw material price index from the Commodity research Bureau, available
without delays and not subject to revisions. The necessary data covers the period 1980:08-2015:06.
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4. Monthly OECD measure of a global GDP comprising the OECD member countries and the six largest non-OECD
member countries (Brazil, China, India, Indonesia, Russian Federation and South-Africa). Since April 2012, this
is the new reference series for the OECD Composite Leading Indicator (CLI) system, replacing the index of
industrial production which has been discontinued since. Monthly estimates of GDP are generated based on
the official quarterly estimates. The series is released with three months delay and is not subject to revisions.
To nowcast missing data, the monthly GDP series is extrapolated using the average growth rate of monthly
GDP up to that point in time. We have explored more complex ways of extrapolation, such as nowcasting GDP
via its relationship with e.g. US and global PMI indicators, but the simple method based on past growth rates
works equally well and offers the advantage of being easier to implement.

5. Saudi Arabian oil production is obtained from the internet version of the Monthly Energy Review of the
Energy Information Administration (consistent with the other oil data from Baumeister and Kilian, 2012).
Missing data due to release delays is nowcast based on the average rate of change in Saudi oil production up
to that point in time.

Annex 2 - Forecast error density plots and descriptive statistics

Of all possible forecasting statistics, the mean squared prediction error (MSPE) is only one measure of forecasting
performance. To look at the forecast properties of the different individual methods from a different perspective,
Figure Al shows the forecast error density plots over different horizons.” The main descriptive statistics of these
distributions (the bias, test for a zero bias, median, standard deviation, skewness and kurtosis) are also listed in
Table Al.

The forecast error density plots reveal several interesting model properties. First, the mean of the forecast error
distribution, i.e. the forecast bias, indicates that all models tend to underpredict actual oil prices whereas the DSGE
tends to overpredict oil prices (see Figure A 1 and Table Al). However, the bias typically only becomes significant
(i.e. has a value higher than 1.96) in the long run. To see this, we include the Z-test for a zero sample mean in the
second row of Table A1.%* Second, the median of the forecast error distribution is negative for most models and
horizons, indicating that the probability of underestimating actual oil prices is higher than overestimating them.
Again, the exception is the DSGE model whose median is positive at the longer term prediction horizons (see also
Panel B of Figure A1l). Third, concerning the probability to large forecast errors, as measured by the kurtosis of the
density function, the futures and the risk-adjusted futures are sensitive to making infrequent but more extreme
forecast errors at short forecast horizons, even though this characteristic weakens in the longer term (see Table
Al). The VAR in levels and the VAR with GDP generate more frequent but smaller errors in general over the
projection horizon, which is also true for the DSGE in the long term. Fourth, the forecast error distribution of most
models becomes more normally distributed with the forecast horizon. At short prediction horizons, the forecast
error distributions display a long tail to the right, or positive skewness, reflecting mainly the overestimation of oil
prices during the plunge in oil demand in 2008-09 and the mid-2014 oil price. Finally, the differences in the
forecast error distributions become more pronounced at longer horizons (see Panel B in Figure Al). In particular

* Due to similar forecasting properties of the different VAR models, we only show the VAR with GDP models to make the figure more readable.
The density plots for the other VAR models can be obtained from the authors upon request.

% A value higher than 1.96 indicates that the models’ bias is statistically different from zero at a significance level of 5%. This Z-test assumes
normality of the underlying distribution which may be questionable for the forecast error distributions at short forecasting horizons. However,
the results remain the same for the distributions of the forecast errors up to 2007Q4, which approximate the normal distribution better as the
positive skew disappears due to the exclusion of the financial crisis.
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the DSGE model and the futures display different forecasting properties compared to the other models on
average.

Concerning the four-model combination, the negative bias inherent in the forecast combination projections is
smaller than that of the futures and the no-change at every forecast horizon considered and only becomes
significant in the medium term (see Table Al and Figure Al).

Annex 3 - Forecast bias and success ratio of the real quarterly Brent oil price forecasts: different
subsamples

Table A2 shows the forecast bias and success ratio of the real quarterly Brent oil price forecasts over different
subsamples. As is clear from these results, there is also considerable instability over time in the forecast bias and
the success ratio for the individual forecasting methods. For example, although the DSGE model has the smallest
bias at almost every forecast horizon over the complete sample (see Table 2 in the paper), it is clear that this no
longer holds when looking at smaller subsamples. Panel A in Table A2 shows that in the second half of the 1990s,
the DSGE model generated the largest absolute bias of all models which was positive, whereas in the most recent
period, the bias was negative across all forecast horizons except for the 1-quarter ahead. Evidently, this averages
out when looking at the total sample. This time-variation can also be found for the other forecast approaches and
for the directional accuracy.

Annex 4 — Alternative prior specification for the BVAR

The prior specification used in this paper was found to have the highest forecast accuracy when compared to a
number of alternative prior specifications and data-transforms. Table A3 illustrates the MSPE ratio relative to the
VAR in levels specification of four different prior specifications estimated with the Giannone et al. (2015) method,
estimated during the period 1992Q1-2012Q2. Two prior specifications only impose a Minesota prior on the VAR
coefficients (Columns 1 and 2) while the other two also include cointegration priors. The Minesota-only priors
differ in the assumption made on the VAR coefficient for the log-level of the price of oil, either shrunk towards
white noise in Column 1 (i.e. the Buameister and Kilian 2012 specification), or towards a random walk in Column 2.
The prior on the other variables — all transformed to stationarity — is shrunk towards white noise in both cases. In
contrast, the priors that allow for cointegration differ only in terms of data transforms: either all data in levels in
Column 3, or all data but the oil price transformed to stationarity in Column 4 (i.e. the prior specification used in
the paper).

Results indicate that including the two cointegration priors on the VAR in level data transforms, in addition to the
Minesota prior, significantly improves the MSPE accuracy gains especially at the longer-horizons (e.g. 17% at the
11-quarters). For this reason, this particular prior specification was chosen in the paper. Interestingly, the data
transforms seem to matter in this case, as the cointegration priors applied to all data in levels actually worsen
performance relative to the VAR in levels. By contrast, imposing only a Minesota prior, irrespective of the
assumption on the oil price, does not improve relative to the classical VAR specification.
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Figure Al. Forecast error density plots for the individual forecast methods over different horizons

PANEL A: 3 quarter-ahead forecast horizon PANEL B: 11 quarter-ahead forecast horizon
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Notes: The figures show the forecast error densities of the different forecasting methods including the combination. The sample period for the individual projections is 1995Q1 — 2015Q2. The
forecast combination consists of the futures, the risk-adjusted futures, the BVAR and the DSGE model. See Section 2 and 4 of the paper for the model explanations.



Table Al. Descriptive statistics of forecast error distributions

Horizon1 | Futures VAR levels diff::::ces VAR GDP cht:;e b:::e(;" DSGE A::f;'::::' BVAR ca‘:"‘:'i::fi'on Horizon3 | Futures |Z\2:s VAR differences VAR GDP Ch’:’;’ge NI:::' DSGE A:f;’::::' BVAR co:;:'i:::'on
Mean 007 066 002 071 022 016 007 0.10 025 0,04 Mean 132 218 0.01 219 056 003 035 030 056 046
Ztestmean | -0.15 167 -0.05 491 056 045 014 0.22 064 -0.09 Ztestmean | -1.42 226 0.01 234 058 003 039 032 059 -0.50
Median | -0.59 076 -0.38 067 056 038  -0.17 -0.45 037 -0.43 Median 231 182 115 154 116 103 -0.07 -0.96 074 119
Stand. Dev | 3.95 3.59 3.61 338 353 328 450 3.99 3.48 3.72 Stand.Dev |  8.32 8.61 9.28 837 858 915 804 8.45 8.48 8.12
Skewness | 237 0.77 158 017 212 112 1.88 2.36 0.99 1.97 Skewness 2.02 123 1.96 0.57 1.74 149 059 211 1.25 1.57
Kurtosis | 12.52 6.62 8.30 485 1244 731 1331 12.44 6.27 12.49 Kurtosis 10.58 7.75 10.03 615  9.43 854 553 10.94 7.77 8.87

Horizon7 | Futures VAR levels diﬁ:’::ces VAR GDP Ch’::;;e Ni::::(" DSGE Afd ::'::: BVAR co:"":'i::tei'o" Horizon11 |  Futures I::e':s VAR differences VAR GDP ch'::'ge Ni:::(" DSGE Afd ::'::: BVAR Cofr;:'i:::'on
Mean 762 537 182 573 236 081 046 255 241 228 Mean 759 830 721 814 433 130 070 554 EVL} 721
Ztestmean | -4.72 455 138 507 203 058 043 252 2,09 232 Ztestmean | -7.23 6.98 3.04 684 340 071 054 -4.00 346 3.80
Median | -4.78 417 2.16 402 195 238 156 2,96 177 2.03 Median 631 6.25 346 710 371 517 007 3.12 361 278
Stand. Dev | 8.53 1028 11.50 986 1014 1233 932 8.85 10.05 8.58 Stand.Dev | 891 10.08 11.76 1010 1083 1551  10.93 11.76 10.82 9.40
Skewness | 0.46 0.14 0.76 055 028 054  -0.40 0.78 022 0.26 Skewness -0.08 -0.69 0.15 054 007 070 030 -0.52 001 014
Kurtosis | 3.72 2.72 414 317 324 352 245 422 3.22 327 Kurtosis 2.83 276 3.05 284 318 320 217 314 334 2.73

Notes: This table shows the descriptive statistics underlying the forecast error density plots (see also Figure A1) for the different individual forecast methods and the forecast combination (in the grey column) over the
period 1995Q1 — 2015Q2. The ‘Z-test mean’ row contains the test statistics for the null-hypothesis of a zero mean (or alternatively, a zero bias); a value higher than 1.96 indicates that the models’ bias is statistically
different from zero at a significance level of 5%. The forecast combination consists of the futures, the risk-adjusted futures, the BVAR and the DSGE model. See Section 2 and 4 of the paper for the model explanations.
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Table A2. Bias and success ratio of real quarterly Brent oil price forecasts: different subsamples

PANEL A: Forecast bias

1995-2001 2002-2007 2008-2015
Horizon . . .
(Quarters) | N VAR VAR Futures  Index  GDP psge  Bvar Adiusted- - 4-Model No- VAR | AR differences Futures Index  GDP DsGe  pvar  Adiusted- 4-Model No- VAR VAR Futures  Index  GDP psge  pyar  Adiusted- - 4-Model
Change levels differences futures = Combination | Change levels futures Combination | Change levels differences futures Combination
T 001 002 “0.03 015 015 011 088  -006 0.07 018 105 083 “0.54 106 063 097 102 088 “0.91 “0.97 025 116 041 081 020 106 019 009 0.93 0.50
2 013 002 017 076 040 021 190 015 0.7 0.20 199 184 127 218 108 207 109 174 157 164 069 288 121 046 095 237 017 062 113 0.51
3 028 008 -0.30 27 064  -038 28  -028 091 011 277 232 174 337 158 301 099  -2.61 218 2.29 096  -3.88 168 028 175 309 078 085 173 0.52
4 042 011 -0.47 477 088  -046 381 044 177 -0.04 345 293 2.50 457 212 387 071 335 2.90 2.88 061 514 157 052 181 -491 167 039 178 0.00
5 059 0.5 -0.69 219 104 053 459 061 235 -0.14 413 393 -3.67 588 299 474 029 407 -3.95 -3.55 007 647 1.48 432 202 -690 249  -0.05 1.86 -0.50
6 092 034 -1.08 259 149 071 546 091 277 -0.20 459 444 424 708 351 513 017 -451 -5.30 427 044 767 130 211 227 832 302 050 186 -0.94
7 118 058 147 283 180 -092 637  -120 321 022 528 5.00 -5.12 837 436 566 001 520 7.39 -5.24 088 -9.10 055 293 275 932 351 106 1.80 143
8 137 065 178 289 187 091 727 137 325 -0.06 590 582 -6.08 963 522 620 035 583 -0.86 -6.24 143 1045 -0.19 369 330 1038 -405  -166 167 193
9 145 059 194 28 180  -083 829  -143 298 027 647 646 -6.87 1088 615  -6.63 068 639  -1231 722 .95 1155 071 447 420 1129 452 216 155 2.40
10 154 062 211 278 164  -087 935  -151 264 0.61 724 710 -7.76 41200 750 710 079 742 -1481 -8.29 244 1240 -1.09 523 492 1208 -493 268 151 2.83
1 152 059 217 28 138 -089 1037  -150  -2.09 0.99 801 -7.80 -8.65 1296 901 773 107 794  -16.63 -9.12 308 -13.32 -1.89 616 491  -12.82 540 334 125 3.41
PANEL B: Success ratio
1995-2001 3002-2007 2008-2015
Horizon
(Quarters) | Nt VAR VAR Futwres Index  GOP DG  Bvar clusted- | dModel No- VAR | pdifferences Futures Index ~ GDP  DsGE  mvap  Adusted- - 4-Model No- - VAR VAR Futwres Index  GDP  DsGe  Bvap Adjusted- | 4-Model
Change levels differences futures  Combination | Change levels futures | Combination | Change levels differences futures | Combination
T 057 075 0.68 057 068 064 057 068 0.68 071 063 071 0.67 054 067 075 046 063 063 067 060 063 0.73 067 063 060 057 067 0.67 0.70
2 063 063 0.59 052 063 067 048 074 0.56 044 063 071 071 05 071 071 063 067 071 079 063 050 0.57 070 053 047 063 050 0.80 063
3 069 050 0.62 058 050 062 046 073 0.46 045 058 0.67 0.67 05 071 071 075 058 0.67 071 060 047 0.53 077 077 057 070 053 077 073
4 068 064 0.64 064 048 072 048 068 0.56 0.68 063 075 0.58 046 071 067 083 054 054 071 060 053 0.57 09 073 05 073 050 093 0.80
5 054 063 0.46 067 054 063 054 050 0.58 0.67 058 0.63 0.54 033 067 058 075 054 0.50 063 053 050 0.57 087 057 057 077 053 087 093
6 057 070 0.52 065 052 065 057 052 0.57 0.65 050 058 0.54 033 071 054 083 046 042 075 050 053 0.43 09 050 057 08 050 083 0.90
7 050 059 0.41 064 055 059 059 045 0.50 0.68 058 0.63 0.54 025 054 054 088 050 033 075 047 057 0.43 083 050 057 080 053 077 083
8 052 057 048 062 043 048 062 048 0.57 067 050 058 0.46 033 067 054 079 042 038 063 047 053 0.43 08 040 057 080 053 073 0383
9 040 060 0.40 065 030 050 060 045 0.70 0.70 054 058 0.46 025 058 063 079 046 033 046 047 063 0.47 083 027 063 080 050 077 0.90
10 037 058 032 068 016 047 058 042 0.74 0.63 050 058 0.50 029 058 067 075 046 033 046 057 053 0.47 083 030 05 077 057 077 090
1 028 050 0.39 067 011 044 061 033 0.72 0.61 063 075 0.50 017 042 071 088 058 017 029 060 047 0.50 083 040 047 073 060 0.70 0.87

Notes: The tables show the forecast bias (Panel A) and the success ratio (Panel B) over different sample periods for various forecasting methods including the forecast combination (in the grey column). A negative number
for the bias indicates and underprediction of actual oil prices on average and vice versa. The success ratio gives the probability of predicting the correct change in the oil price. A value higher than 0.5 - shown in bold -
denotes a higher directional accuracy than at random. The forecast combination consists of the futures, the risk-adjusted futures, the BVAR and the DSGE model. See Section 2 and 4 of the paper for the model
explanations.



Table A3. Recursive MSPE relative to the VAR in levels specification, over the period 1992Q1 -

2012Q4

No cointegration priors With cointegration priors

The price of oil VAR The price of oil VAR

All VAR coeffs are coefficientis shrunk All VAR coeffs are shrunk coefficientis shrunk

shrunk towards | towards random walk, towards random walk, all
. . . towards random walk )

Horizon white noise all others towards others towards white
(Quarters) white noise noise

oo . . Oil prices in levels

Oil prices in levels, other variables . P . !

. All datain levels other variables
stationary )
statlonary

1 0,99 0,99 1,00 1,02
2 1,00 1,00 1,03 0,99
3 1,01 1,01 1,06 0,96
4 1,02 1,02 1,07 0,91
5 1,02 1,01 1,07 0,87
6 1,01 1,00 1,07 0,84
7 1,02 1,01 1,11 0,84
8 1,02 1,02 1,13 0,85
9 1,03 1,03 1,15 0,87
10 1,03 1,02 1,15 0,86
11 1,02 1,01 1,16 0,83

Notes: A value lower than one means that, on average, the method outperforms the original VAR over the sample period.The numbers in bold

indicate an improvement relative to the VAR in levels. The highlighted column indicates the prior selected in the paper.
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