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This article analyses the extent of forward-looking
information contained in various sources of information
about the trajectory of crude oil prices. Our vesults show
that qualitative information, such as the forecasts avalable
firom the Survey of Professional Fovecasters (SPF), tends
to outperform the futuves prices. The forecast accuracy
of futures prices improves once we account for trends in
real economic activity, such as capacity utilisation in key
0il consumer economies. Also, our vesults indicate that
forecast accuracy tends to improve for all forecasts methods
including, naive fovecast, futuves prices, adjusted futures
prices, SPE, and those provided by US-Energy Information
Administration (ELA), when the futures trajectory is lower
than the curvent price (backwardation), highlighting the
role of market conditions in shaping forecast accuracy.

I. Introduction

Understanding the dynamics of crude oil markets
and assessing the likely trajectory of prices in the
future are important for policymakers for a number
of reasons. For central banks, especially those with
a mandate for inflation targeting, making reliable
and robust inflation forecasts is paramount for both
‘anchoring’ inflation expectations and also for its own
‘credibility’ (Baumeister & Kilian, 2014b; Garga et al.,
2022). Given India’s large share of food and fuel in
overall consumption, coming up with the best possible
forecasts for these supply-side drivers of inflation is
critical. In India, crude oil prices significantly impact
inflation through their direct and indirect effects on

" The authors are from the Department of Economic and Policy Research.
The views expressed in this article are those of the authors and not of the
Reserve Bank of India.
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prices of goods and services that use crude oil and
its products as inputs (John et al., 2020). Given this,
crude oil price outlook is an essential input for the
Monetary Policy Committee's (MPC's) deliberations
on inflation projections.

Although the dependency of economic activity
on crude oil has fallen steadily over the last thirty
years with a shift towards cleaner and renewable
sources of energy, crude oil continues to play a
critical role in the economy (Blanchard & Gali,
2007; Pagano & Pisani, 2009). Crude oil is crucial
for producing a wide range of goods and services,
especially transportation. Higher oil prices raise the
cost of inputs, and when they are passed through to
output prices, they contribute to inflation. If these
cost increases can't be passed on to consumers,
profit margins of firms could be impacted, denting
the growth and investment outlook. Conversely, a
drop in oil prices can stimulate economic growth
by reducing production costs and encouraging
production (Ahmad et al, 2022; da Silva Souza
& de Mattos, 2023; Sadath & Acharya, 2021). If
administered prices suppress the inflation impact of
high oil prices, it could lead to fiscal strain, as the
subsidy burden would increase. Further, higher oil
prices widen the current account deficit (CAD), given
the high import dependency. As crude oil prices
influence a host of these macroeconomic variables,
their forecasts play an essential role in setting the
outlook for these variables.

This article examines the alternate sources of
information - including naive forecasts', futures
prices?, adjusted futures prices, US Energy Information
Administration (EIA) and the Survey of Professional
Forecasters (SPF) of the Reserve Bank of India (RBI)

1 In naive forecasting, it is assumed that the price of crude oil at time
t+1 is equal to the same at time t (current price). In other words, it is a
no-change forecast.

2 Futures (plural) is being used to refer to futures contract based price,
while future (singular) is used to refer to future as tense.
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forecast for crude oil prices - on the future trajectory
of oil prices and attempts to assess their usefulness
for arriving at a realistic outlook for the oil price
trajectory. Specifically, the article contributes to the
literature by providing a comprehensive analysis of
various sources of information on oil price outlook
and comparing their forecast accuracy. Also, our
methodology of adjusting for demand conditions
adds a different dimension to using oil prices for
forecasting. Moreover, this article also compares
the forecast performance across different market
conditions as characterized by the market conditions,
i.e., whether the futures prices are higher or lower
than current prices.

We first provide an overview of the forecasting
methods used to project oil prices. Specifically, we
analyse the assessment of the US EIA and the SPF of
the RBIL. Thereafter, we analyse the extent to which
forward-looking information is contained in the oil
futures prices and empirically assess whether explicitly
accounting for demand factors can help improve the
predictive power of futures prices. Thereafter, we look
at the forecast performance of these alternate sources
across different market conditions and their policy

implications.
I1. Approaches to Forecasting Oil Prices

The oil price forecasting methods can be broadly
classified into two categories. The first category,
qualitative forecasting, uses traditional methods that
rely on estimates provided by professional forecasters
and industry experts, focusing on assessing the
impact of infrequent events such as wars and natural
disasters on oil prices (Alquist et al, 2011). More
recently, qualitative information is also analysed in
a more structured manner. Machine learning and
Artificial Intelligence (Al)-based techniques® which
leverage on advanced computational tools to analyse
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vast amounts of information and extract valuable
insights for predicting oil prices are also being
increasingly used (Bashiri et al., 2013).

On the other hand, the second -category,

quantitative forecasting, relies on econometric
methods that employ statistical techniques to
model and predict oil prices. Time series models
play a crucial role in this category by utilising
historical data to identify systematic patterns, such
as autocorrelation, to make projections for crude
oil prices (Frey et al, 2009). They are particularly
well-suited for crude oil prices, as the data exhibits
recurring patterns. Additionally, financial market
models explore the intricate relationship between
spot and futures prices, shedding light on how they
influence one another. Meanwhile, structural models
delve into the impact of specific economic factors
and the behaviour of economic agents on the future
spot crude oil prices, offering valuable insights into
the underlying mechanisms driving price movements.
Furthermore, non-standard models such as Artificial
Neural Networks (ANN) and Support Vector Machines
(SVM) provide alternative approaches that leverage
advanced computational techniques to enhance oil
price forecasts beyond the capabilities of traditional
econometric methods. These models represent a
dynamic and evolving field in research on oil price

forecasting.
Traditional Qualitative Forecasts

Estimates provided by professional forecasters
and industry experts can be considered under the
category of qualitative forecasts as they often are based
on the qualitative judgments of the forecasters who
employ their overall understanding and experience to
provide a forecast, especially in case of estimating the
impact of infrequent events such as wars and natural
disasters.* We look at two such sources in detail.

3 These encompass methodologies like the Delphi method, belief
networks, fuzzy logic, expert systems, and web text mining,
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4 These forecasters also use econometric as well as structural models as
inputs for making their assessments, but do not solely rely on them.
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First is the information from the U.S. Energy
Information Administration (EIA), which provides
monthly forecasts for up to 2 years ahead. The EIA
forecast is based on analysts’ judgments using
different variables as guides. These include (1) price
forecasts from the pooled and regression models, (2)
the previous month's price forecast, and (3) futures
prices. The pooling model utilises an average of five
separate models based on historical economic and oil
market activity data utilizing different quantitative
techniques. These include a vector autoregressive
(VAR) model, a model based on the spread between oil
futures prices and the spot price of oil, a model using
non-oil industrial commodity prices, a model with a
time-varying parameter representing the relationship
between the spreads between the U.S spot prices of
gasoline and heating oil and the spot price of crude
oil, and a model based on the cumulative change in
U.S. crude oil inventory levels. Another input utilised
by EIA is a linear regression model based on inputs
from the Short-term Economic Outlook (STEO) global
oil market forecast. It considers month-to-month
changes in US petroleum inventory levels, global GDP,
and petroleum inventory levels in Organisation for
Economic Co-operation and Development (OECD)
countries. As inventory levels can reflect short-term
market imbalances, they are seen to capture better the
cumulative effect of demand and supply side factors
(EIA US, 2020).

The second source we analyse in detail is the
Reserve Bank of India (RBI)'s Survey of Professional
Forecasters (SPF) which provides aggregated results
from a bi-monthly survey of professional forecasters.
The survey elucidates the participants’ forecast for
crude oil price for the coming quarters. The SPF was
initiated as a quarterly survey in the second quarter
of 2007-08, and the crude price forecast has been
published since 2008-09:Q4 round (7 round), which
provides a forecast for 2009-10:01. In order to align
with the monetary policy cycle, the SPF was shifted
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to a bi-monthly frequency from the 28" round. The
SPF in a way is also a combination forecast as it takes
the median forecast price predicted by different
professional forecasters all of whom may have used
different forecasting techniques and models.

Structural Models

In structural models, the crude oil price forecast is
modelled to be dependent on a group of fundamental
with
variables being OPEC output commitments, inventory

economic variables, standard explanatory
levels in major oil consumers, oil consumption and
production of major economies, and other macro-
economic variables like GDP growth rate, interest
rate, exchange rate, and other commodity prices.
Yang et al,, (2002) utilises an error correction model
(ECM) to estimate the demand equation and related
elasticities. It includes the impact of income effect
and resultant demand shift for crude oil and supply
side structure by including OPEC market structure and
its attempt at cartelization. Further, simple models to
forecast short-term WTI crude oil spot prices by using
OECD petroleum inventories have been attempted
in literature (Merino & Alvaro Ortiz, 2005; Ye et al.,
2002, 2005). Merino & Alvaro Ortiz (2005) attempts to
estimate if other variables, including the oil market,
financial market, and commodity prices, apart from
inventory levels, improve the original model, but that
non-oil market variables do not improve the model
and only oil market variables like speculation and
OPEC spare capacity improve the overall explanatory
power. Vector autoregressive (VAR) and Structural VAR
(SVAR) models to forecast crude oil prices have gained
significant attention in the literature, as these models
allow for endogenizing the price of oil instead of
assuming exogenous oil prices. Kilian (2009) creates a
global real economic activity index, which decomposes
the oil price shocks into three components: oil supply
shock, global demand shock for all industrial activities,
and a specific demand shock for oil. Baumeister &
Kilian (2012) finds that the real-time forecasts made
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using the VAR model based on global oil market
variables are more accurate than the no-change
forecast and even Autoregressive (AR), Autoregressive
moving-average (ARMA), and futures prices-based
forecast, especially for horizons up to one year. VAR
models can also be used to evaluate the sensitivity of
the baseline forecast to alternative forecast scenarios,
which may involve shocks to demand and supply of
oil (Baumeister & Kilian, 2014a). Wang et al., (2015)
employed a model which included variables such as
futures price, global oil production, global economic
activity, and changes in oil inventory, among other
variables, to forecast crude oil prices. They found the
model to have superior performance than a no-change
model.

Futures Prices

Another category of quantitative forecasting
model is based on financial market data. These
models investigate if futures prices can be used to
obtain unbiased and efficient forecasts of crude oil
prices. If the crude oil futures markets are efficient,
then futures prices should reflect all presently
available information which may drive the crude
oil prices in future, making them a helpful tool for
predicting crude oil prices (Gulen, 1998). Futures
prices may be useful in predicting crude oil prices,
particularly in the short term. On an evaluation of the
predictive accuracy of 1, 3, 6, 9, and 12 months ahead
crude oil futures prices for forecasting the crude oil
prices, Abosedra et al.,, (2004) finds that although
futures prices and naive forecasts are unbiased at all
forecast horizons, only the 1 and 12 month ahead
futures prices based forecasts outperform the naive
forecast. Therefore, given the limitations of using
futures prices alone to predict crude oil prices, even
in an efficient market, it is important to consider
other factors that can affect crude oil prices, such as
macroeconomic conditions, changes in production
and consumption patterns, and geopolitical events.
Furthermore, sudden supply disturbances, such as
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any major geo-political event, can adversely affect the
predictive accuracy of futures prices as futures prices
alsorespond to news about supply-side developments
like spot prices. Although Chinn et al, (2005)
found that futures prices are unbiased predictors
of crude oil prices and do slightly outperform time
series and random walk models in predicting crude
oil prices, they have limited predictive capacity.
Recent literature, however, find that futures price-
based forecasts can produce reasonable forecasts,
especially for short and medium-term periods. To
improve forecast performance, some have argued
for a model that imposes very little structure on
the relationship between spot and futures prices;
others have proposed the usage of the term structure
(Bredin et al., 2021; Chu et al., 2022).

Adjusted Futures Prices

Attempts have been made to correct the biases in
futures prices to improve their forecast performance.
Pagano and Pisani (2009) find that the futures prices
are not unbiased predictors of crude oil prices, as
the mean forecast error for each forecast horizon is
significantly negative, ranging from US$ 0.73, US$
1.89, and US$ 4.37 for 3-, 6- and 12-month horizon.
They used a monthly average of futures prices for
West Texas Intermediate (WTI) grade of crude oil for
different horizons. They further investigated whether
business cycle phases explained the forecast errors
and regressed the error on the US capacity utilisation
data released by the Federal Reserve every month.
They found that forecast errors and capacity utilisation
are negatively related. The slope coefficient increases
in magnitude with the increase in forecast horizon
and is also statistically significant from the 4-month
horizon onwards. Using an out-of-sample forecasting
exercise, they found that adjusted forecasts are more
precise than those obtained with unadjusted futures,
random walk, or futures adjusted for a constant
value, particularly at longer horizons (greater than six
months).
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Since our objective is to assess the relative forecast
performance of various sources of information, we also
attempt to generate an adjusted futures price series.
Following the methodology utilized by Pagano et.al,
(2009), we examine whether the futures prices are an
unbiased estimator of crude oil prices and then try to
adjust the futures prices with real sector indicators.
Our approach, however, differs on specific accounts.
We utilise the average quarterly price to generate and
evaluate the forecast to maintain comparability with
different sources. Therefore, we take the average of
the 3-month ahead futures prices for each quarter to
obtain the unadjusted futures prices-based forecast for
the subsequent quarter. Further, our analysis is based
on the Brent futures prices. Even though our objective
is to assess the trajectory of the Indian basket of crude
oil>, futures prices are not available for the Indian
basket, and Brent is the closest proxy.°

More importantly, while Pagano et.al, (2009)
used capacity utilisation (CU) for the US to adjust
for macroeconomic factors, we augment it with CU
for China. China is the second largest oil consumer,
accounting for nearly 16 per cent of global crude
oil consumption. In the early 2000s, US was the
leading consumer of crude oil, accounting for nearly
25 per cent of the global consumption of crude
oil. However, China's crude oil consumption has
increased significantly in the last two decades, rising
from less than 7 per cent in 2001 to more than 16
per cent in 2021. India has emerged as the third
largest consumer of crude oil, although its share in
global crude oil consumption is still below 5 per cent
(Table 1).

> The composition of Indian Basket of Crude represents Average of Oman
& Dubai for sour grades and Brent (Dated) for sweet grade in the ratio
of crude processed during previous financial year. The data for Indian
Basket of Crude is provided by the Petroleum Planning & Analysis Cell
(PPAC) under the Ministry of Petroleum and Natural Gas for both daily and
monthly frequencies.

6 Our assumption is that the trajectory of brent futures could adequately
capture the same of Indian basket within the forecast relevant period (one
quarter).
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Table 1: Consumption of Crude Oil
(thousand barrels per day)

Region 2002 2011 2021
United States 19625 17993 18684
China 5144 9630 15442
India 2359 3475 4878
Saudi Arabia 1810 3285 3595
Russian Federation 2544 3094 3407
Global 78210 87433 94088

Source: BP Stats Review 2022,

On the other hand, US's consumption in absolute
terms has remained broadly stable but has declined
in share of global consumption to less than 20 per
cent. Thus, in the last decade, China has become
an important player in the global crude oil price
dynamics (Chart 1). Further, the US has of late reduced
dependence on the import of crude oil and has moved
towards usage of domestically produced shale oil.

We take the quarterly average of Brent 3 months
ahead futures prices’. We first compute the forecast
error (fe;) by using the quarterly average of Brent
3-month ahead futures prices in the previous quarter®

Chart 1: Global Oil Consumption
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7 The average of daily price of Brent 3 month ahead futures in the
preceding quarter is taken as the forecast for the next quarter.

8 Unadjusted futures prices based forecast.
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(fe-1) and the actual observed prices of brent prices in
the current quarter ().

fet = fi—1—b: (1

This forecast error is the dependent variable with
CAys (average quarterly capacity utilisation for the
US) and CA (quarterly capacity utilisation for China)
as the independent variables.” The Federal Reserve
provides capacity utilisation for the US on a monthly
frequency; therefore, we take a quarterly average is
taken for this model. The National Bureau of Statistics
of China provides capacity utilisation data for China
on a quarterly basis.

ee=a+bxCAys,_, +c*CAcy,_, + € ..(2)

CAys,_, is the Capacity Utilisation for US at time
't-1' which is actually the latest quarterly available data
for it when the forecast is made for the subsequent
quarter. Similarly, CAcy,_, is the Capacity Utilisation
for China at time 't-1'. All the series, namely forecast
error, capacity utilisation of US and capacity utilisation
of China, have been found to be stationary'.

Table 2: Results: Capacity Utilisation
and Forecast Error

Analysis of Variance (ANOVA)

Degrees of | Mean Square | F statistic | Significance
freedom (MS) F
(Df)

Regression 2 4306.842 5.64657 0.007242
Residual 37 86.21908
Total 39

Coefficient | Standard t Stat P-value

Error

Intercept 87.49944 68.09937 1.284879 0.20682
CA _US 1.256385 0.609505 2.06132 0.046351
CA CN -2.41698 0.796701 -3.03374 0.0044

9 We use one period lag for capacity utilisation as the data on capacity
utilisation is available with a lag of one quarter. So, for a forecaster at time
t, only information about CU of t-I is available. Given that CU has a high
level of persistence, previous period CU is taken as a proxy.

10 Augmented Dickie Fuller (ADF) showed that the series are stationary
(Forecast error and capacity utilisation of China at 1 per cent significance
and for capacity utilisation for US at 10 per cent significance).
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From the regression results, we find that the
regression model is highly significant based on F
statistic. Further, CA_US has a positive sign and is
significant at 5 per cent level, while CA CN has a
negative sign and is highly significant at 1 per cent
level."

The coefficients from the regression model
are then used to obtain the crude oil price forecast
adjusted for real sector variables (f;) using equation

3):
fe=fi—a—bxCAys, ,—¢xCAcn,_, ..(3)

The larger magnitude for the co-efficient for
capacity utilisation for China implies that China is
playing a more significant role in global crude oil
dynamics. Any fall in the capacity utilisation for China
would lead to the adjusted Brent 3-M futures forecast
being revised downwards and vice-versa.

IV. Comparing Forecast Performance of Alternate
Models

To evaluate the forecast performance of SPF
crude oil forecast, the next quarter forecast for crude
oil prices from the 7* to 27® round is taken as they
are available with a quarterly frequency. From the
28" round, due to bi-monthly frequency, we proceed
as follows. For Q2 and Q4 of each calendar year, an
end of earlier period forecast is directly taken as they
correspond to the quarter end. In the Q1 and O3 of
each calendar year, the forecast from the February
round and August round is taken. It may be noted that
this gives the forecaster some information advantage
as they can incorporate information regarding crude
oil price behaviour in the first 15-30 days of the
forecasted quarter.

We first evaluate the forecast performance of
unadjusted 3-month Brent futures prices (Chart 2).

11 The CU for US shows up in the regression with an opposite sign than
expected which could be also indicative of the fact that futures prices, are
putting more weight on US CU whereas it is underweighting China CU
(which is reflected in the negative sign).
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Chart 2: Unadjusted 3M-Futures Price
Forecast and Error
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Sources: PPAC; Bloomberg; and Authors’ calculations.

The unadjusted Brent 3M futures prices are seen to
lag when used as a forecast measure, as they seem to
be more influenced by the current spot prices than by
futures price expectations.

First, we look at the average of forecast errors
to see if there is a positive or negative bias in the
forecast. In the period from Q2:2013 to Q1:2023, we
find that the Brent 3M futures prices-based forecast
has an average error of US$ 0.86, while for the SPF
forecast, the average forecast error is US$ 1.56 and is
US$ 0.72 for the PPAC no-change forecast and US$ 0.79
for Brent no-change forecast. It is however, the lowest
for US-EIA forecast with an average forecast error of
Us$ (-)0.07.

The upward bias in the forecast may be due to
various factors including the inability to predict sudden
collapse in crude oil prices due to some unexpected
demand collapse (as seen during COVID-19). It can
also be due to the supply conditions normalising
faster than expected or the temporary demand spike
cooling off. Also, at times higher crude oil prices are
due to collective actions of oil producers, namely
OPEC, to restrain supply and drive-up oil prices but
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the supply cuts may not be successful for longer runs,
with all producers having an incentive to increase
their individual production to garner higher revenues,
reflecting a classic game theory situation. Further,
professional forecasters, forecasters at monetary
authorities and even analysts using crude oil price
forecast as an input may also tend to be conservative
in the prediction for crude oil prices even when
they expect the prices to cool down, reflecting loss
aversion behaviour. This is because if the prices fail
to cool down to the levels forecasted by them, a larger
penalty is incurred in terms of higher inflation, thus
raising questions over the efficacy of their forecasting
prowess. On the other hand, if prices cool down more
than expected it is a positive surprise in terms of
cost and inflation, thereby escaping scrutiny. Thus,
forecasters see lower perceived cost in forecasting a
higher crude oil price and thus having an upward bias
than predicting a lower crude oil price and risking
scrutiny.

Next, we look at the forecast accuracy by evaluating
the root mean square of error (RMSE). The Brent 3M
futures prices show only a marginal improvement in
the root mean square of error (RMSE) score over the
Brent no-change forecast, highlighting the limitations
of using unadjusted futures prices as a forecast. On the
other hand, the SPF forecast significantly outperforms
it in RMSE (Table 3). Further, the errors from futures

Table 3: Performance of Different Forecast
Methods (Q2:2013-01:2023)

Forecast Method Average Forecast Error | RMSE
Brent 3M Futures Unadjusted* 0.86 8.09
US — EIA Next Quarter* -0.07 7.57
Brent No-change Forecast* 0.79 8.27
SPF — Next Quarter 1.56 5.62
PPAC No-change Forecast 0.72 8.11

Note: Brent 3M Futures Unadjusted, US-EIA Next Quarter and Brent No
Change Forecast have been compared to Brent Spot Prices, while others
have been compared with the Indian Crude Oil Basket Price provided by
PPAC. Further, the Brent Spot Price and the Indian Crude Oil Basket Price
are highly correlated with a correlation coefficient of 0.99.

Source: Authors’ calculations.
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Chart 3: Adjusted and Unadjusted Table 4: Performance of Different Forecast
3M-Futures Price Forecast Methods (01:2013 - Q1: 2023)
120 Forecast Method Average of Forecast RMSE
Error
Brent 3M Futures Unadjusted* 0.86 8.09
© Brent 3M Futures Adjusted* -N 6.89
_§ US — EIA Next Quarter* -0.07 7.57
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Sources: PPAC; Bloomberg; and Authors' Calculations.

prices are substantial during periods where there is
a secular increase or decline in crude oil prices, as
highlighted in the literature.

The comparison of the adjusted forecast vis-a-
vis the unadjusted forecast shows that the adjusted
forecast was able to better predict the fall in crude
price during periods of a sudden drop in industrial
activity like during the outbreak of COVID in 2020-
21:01 and pickup in crude prices due to revival in
industrial demand activity since 2020-21:02.

The improvement in prediction power of the
adjusted Brent 3M futures prices forecast is reflected
in its lower RMSE score of 6.89 down from 8.09 for
the unadjusted forecast. This reflects a marked
improvement over the no-change forecast. However,
the SPF forecast continues to outperform, highlighting
the advantage of using a combination of forecasts.

A snapshot view of the properties and merits and
demerits of relying on all the above discussed sources
of information are presented in Annex 1.

A critical factor in determining the predictive
power of futures prices is the nature of the market in
terms of whether the futures curve indicate a decline
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*Compared with Brent Spot Crude Prices.

"~ The average forecast error for Brent 3M Futures Adjusted is not
presented here, as by design we have adjusted the forecast error obtained
from unadjusted futures prices for capacity utilisation levels, thereby
making them incomparable with other forecast methods.

Source: Authors’ Calculations.

or an increase in prices going ahead. Therefore, in the
next step, we identify the period of backwardation
(the spot price of the asset is higher than the futures
price) and contango (the spot price of the asset is
lower than the futures price) and compare the forecast
performance of various sources during these periods
separately. Many plausible reasons for backwardation
include short-term supply shortages, temporary
demand spikes, expectations of deflation or recession,
and convenience yield. Contango, conversely, usually
occurs when the market predicts a supply shortage
or demand spike in the future. Normal inflationary
pressures and storage costs also lead to higher futures
prices than the spot prices.

In the sample period considered, backwardation
broadly
phenomenon. We find the average forecast error and

and contango are equally occurring
RMSE separately for the period of backwardation and
contango.”? The forecast performance as measured
by RMSE is less satisfactory when the market prices
are in contango, with a large positive upward bias in
the forecast being found as measured by the average
of forecast error. This implies that when the futures

oil prices are trading higher; all the forecast models

12 Backwardation and Contango are estimated in the quarter the forecasts
are made.
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Table 5: Performance of Different Forecast
Methods (02:2013 Q1:2023)

Forecast Method Average of Forecast RMSE
Error
Contango |Backward- | Contango | Backward-

ation ation
Brent 3M Futures| 3.67 -1.94 9.19 7.00
Unadjusted*
Brent 3M Futures 2.07 -2.07 7.88 5.90
Adjusted*
US EIA — Next Quarter* 1.35 -1.50 7.86 7.27
Brent No-change Forecast* 1.87 -0.30 9.26 7.28
SPF — Next Quarter 2.34 0.78 5.78 5.47
PPAC No Change Forecast 1.96 -0.51 9.44 6.78

*Compared with Brent Spot Crude Prices.
Source: Authors’ calculations.

overpredict oil prices, thus leading to a substantial
upward error in forecast.

The magnitude of error in a scenario of contango
is the highest in the case of Brent's 3-month futures
price-based unadjusted forecast. This bias in prediction
is also reflected in a higher RMSE of 9.19 during the
period of contango as contrasted with an RMSE of 7.00
during the backwardation period. The adjusted Brent
3-month futures considerably reduces this bias during
the contango periods, resulting in RMSE improving to
7.88 from 9.19. This improvement can be attributed
to the inclusion of the forward-looking economic
indicators of oil demand, which helps to predict any
demand shock-induced collapse in oil prices. Similarly,
under backwardation, Brent 3-month adjusted futures
perform almost as well as the SPF forecast.

IV. Conclusion

In this article, we looked at the relative
performance of various forward-looking sources of
information of oil prices in terms of their forecast
accuracy. We find that qualitative information such as
the median forecast available from the SPF tends to
outperform futures prices; and futures prices, at best,
can match a naive forecast where we assume that
the prices would continue to remain the same at the

current level. We, however, find that the predictive
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power of futures prices improves significantly once
we account for the impact of industrial activity on
oil demand by incorporating information on capacity
utilisation for the two largest consumers of crude oil,
the US and China. Our results also indicate that the
forecast performance of all the sources analysed is
better under a backwardation period, when current
prices are higher than futures prices. These indicate
that relying upon any specific individual source of
information alone may not be the prudent approach
and an assessment of the future trajectory of oil prices
should ideally take into account all the available
information from various data sources, trends in
actual economic activity in major oil consuming
economies. Moreover, the current state of the oil
market as indicated by the shape of futures curve,
i.e., whether it is in contango or backwardation, also
provides valuable information regarding the degree of
accuracy with which crude oil prices can be forecasted.
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Annex 1 : Summary of Different Forecast Approaches

for hedging and
speculation rather
than as a forecast
for prices

any information

frequency and
more robust back
testing

Doesn't
incorporate
other real sector
information

include their
personal bias

Brent Futures Naive Brent Futures SPF US-EIA
Adjusted
Data Source Bloomberg Bloomberg/PPAC Bloomberg, RBI US EIA
Federal Reserve
Board (US),
National Bureau
of Statistics
(China)
Periodicity Daily Daily Quarterly Bi-Monthly Monthly
Bias Upward Upward Not Applicable High Upward Negligible
Historical Forecast Low Low Medium High Medium
Performance*
Advantages Low data Low data Higher accuracy Most accurate Form of
requirement requirement than futures or in terms of combination
) , naive forecast prediction forecast (literature
No assumption No assumption )
e . . says is best
regarding oil price | regarding model Considers Form of _
. o . o performing)
dynamics for oil price oil demand combination
dynamics conditions forecast (literature | Analysts can use
Based on actual , o
, says is best qualitative data
market data Easy to formulate Easier to , .
performing) and experience
comprehend
Market TR
. opposed to Limited individual
participants .
structural and ML | forecaster bias
are expected
, based models (uses average of
to Incorporate forecast value)
all available
information Forecasters can
use qualitative
data and
experience
Disadvantage Low Accuracy Low Accuracy Data availability | High upward bias Unclear
Futures are used Don't consider constralpts Forecasters may methodology_ n
prevent higher case of conflict

between different
inputs/models

High personal bias
of analyst

~ Naive forecast assumes no change in oil prices in future.
*As measured by Root Mean Square Error (RMSE).
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