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Abstract
This paper demonstrates how the global vector autoregressive (GVAR) modelling framework can be
used for producing conditional forecasts of global fossil fuel consumption and CO2 emissions, as well
as for conducting counterfactual analysis related to carbon pricing, conditional on alternative GDP
scenarios. The choice of the conditioning variable does not limit the generality of the approach.
The proposed analysis can be useful in guiding and informing policy making as illustrated by our
application, which conditions on two-year horizon GDP forecast trajectories by the International
Monetary Fund. These trajectories are associated with the global economic shock due to the
COVID-19 pandemic. Our model makes use of a unique quarterly data set of coal, natural gas, and
oil consumption, output and exchange rates, including global fossil fuel prices for 32 major CO2
emitting countries. The results show that fossil fuel consumption and CO2 emissions are expected
to return to their pre-crisis levels, and even exceed them, within the two-year horizon despite the
large reductions in the first quarter following the outbreak. More robust growth is anticipated for
emerging than for advanced economies. Recovery to the pre-crisis levels is expected even if another
wave of pandemic occurs within a year. Results from the counterfactual carbon pricing scenario
indicate that an increase in coal prices is expected to have a smaller impact on GDP than on fossil
fuel consumption. Thus, the COVID-19 pandemic would not provide countries with a strong reason
to delay climate change mitigation efforts.
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Scenario 0

Scenario 1

Scenario 2

Figure 1: Three GDP scenarios with and without the global economic shock from COVID-19
We implement conditional forecasting based on the growth rate paths of GDP indicated by the
above scenarios. Technical details of this undertaking are explained in the next sub-section. In
particular, we compute the eight-quarter GDP trajectories corresponding to the above Scenarios 0-2
for each country of our model starting from the 2014Q4 GDP values, by applying the implied GDP
changes of these scenarios, which are different for advanced and emerging economies.
A few remarks are warranted on this method of constructing the conditioning GDP scenarios.
First, due to the availability of our data set ending at 2014Q4 and not 2019Q4, the estimated GDP
trend and hypothesised GDP trend in the advanced and emerging groups may be slightly different.6
Second, even though the GDP growth rates would differ across individual countries, we assume a
common GDP growth trend across countries within each of the two groups following the available
published IMF forecasts. This assumption may be innocuous to the extent that our primary aim
is to evaluate the outcomes related to the alternative GDP scenarios by comparing the conditional
forecasts under Scenario 0 to those under Scenarios 1 and 2. We partially address this concern by
further comparing the conditional forecasts with the unconditional forecasts from the GVAR model
(1) in Appendix C.1.7

4.1

Conditional forecasting: method

Consider the estimated GVAR(3) model given by
yt = ĉ0 + ĉ1 t + Ĉ1 yt−1 + Ĉ2 yt−2 +Ĉ3 yt−3 + ε̂t ,

(8)

t = 1, ..., T . Note that the estimation sample ends at 2014Q4. We produce conditional forecasts from
model (8) for each quarter T + h, for h = 1, 2, ..., 8 conditional on the IMF forecasted GDP growth
paths of 2020Q1-2021Q4 implied by each of the Scenarios 0-2.
The GDP growth paths are applied to the gdp variable of all countries in model (8) starting from
the last quarterly observation of our sample, T . This results in eight quarterly values for the gdp
variable for every country: namely, gdpi,T +j , j = 1, ..., H(= 8) (two different sets of values for the
advanced and emerging economies). These can be written compactly as
SyT +j = gT +j , j = 1, 2, ..., H,

(9)

where S is a suitably defined (N +1)×(k +3) matrix with 1 in the position of gdpi,T +j for each country
i, 0 elsewhere; gT +j is a (N + 1) × 1 vector that contains the values for the gdp variable corresponding
to quarter T + j for a given scenario; and H denotes the conditioning horizon, which is equal to
6

As an alternative the GDP trend of 2014Q4 could be used.
The revised GDP forecasts published on 24 June 2020 (IMF, 2020c; Figure 1), display a larger drop in 2020Q2 for
both the advanced and emerging groups compared to the April 2020 forecasts (IMF, 2020b). Unlike the April 2020
forecasts, given that the revised quarterly forecast figures are not publicly available as mentioned earlier, we could not
update our exercise. However, because the IMF’s (2020c) revised GDP forecast falls between our Scenario 1 and Scenario
2 forecasts, it is likely that the forecasts of fossil fuel consumption and CO2 emissions under this revised Scenario 1 would
be lower than those under our entertained (IMF, 2020b) Scenario 1 but higher than those under Scenario 2. Therefore,
the general results in this paper would still hold with the revised scenario in IMF (2020c).
7
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Figure 2: Forecasts of consumption of coal, natural gas, and oil by country group (annualised, in
Mtoe)

4.2.2

CO2 emissions

Based on the forecasted energy consumption levels, we estimate the amount of emissions due to fossil
fuel combustion. We use the simple emission factors which were used in the BP report. Specifically,
a tonne of oil equivalent (toe) coal, natural gas and oil is converted to 3.96, 2.35 and 3.07 tonnes of
CO2 .8
As expected, the emissions forecasts are qualitatively similar to the consumption forecasts as the
8

We found that this simple method produces larger emission estimates compared to the BP estimates by 8.0%-10.1%,
which is in line with BP’s note. See Appendix A.3 for the comparison of our estimates with BP’s and related details.
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Figure 3: Difference in CO2 emissions (annualised in MtCO2 )

Table 2: Changes in CO2 emissions under Scenerios 1 and 2

Horizon
1
2
3
4
5
6
7
8
Average

EU+
-18.9%
-1.1%
12.6%
-1.3%
4.5%
-6.7%
-5.2%
0.6%
-1.9%

Scenario 1 to 0
Advanced Emerging
-5.8%
-3.5%
2.6%
2.4%
-5.4%
2.0%
-3.3%
3.5%
0.8%
2.3%
-3.3%
2.0%
-3.3%
2.4%
-2.8%
2.8%
-2.6%
1.7%

World
-4.5%
2.5%
-1.3%
0.5%
1.6%
-0.3%
0.0%
0.5%
-0.1%

EU+
-19.1%
-0.5%
15.1%
-0.1%
-2.5%
-9.7%
-1.6%
-0.3%
-2.3%

Scenario 2 to 0
Advanced Emerging
-5.6%
-3.7%
2.6%
2.0%
-5.2%
1.0%
-2.0%
2.7%
-1.8%
-1.7%
-3.0%
0.0%
-6.7%
-0.3%
-3.8%
0.3%
-3.2%
0.0%

World
-4.6%
2.3%
-1.7%
0.6%
-1.7%
-1.3%
-3.0%
-1.4%
-1.4%

on the fuel prices as seen in equation (7). The conditional forecast of prices using the GDP shock
scenarios are given in Figure 4. As this figure indicates (and as the evidence partially supports), under
Scenario 1 the prices of coal and oil first increase then drop sharply, and exhibit a gradual recovery
thereafter. The drop of the natural gas price starts in the third quarter. Under Scenario 2, over the
first three quarters the prices move similarly to those under Scenario 1, but from the fourth quarter
onwards coal and natural gas prices exhibit a sharp rise-and-drop. Importantly, the exogenous shocks
can change the relative prices of coal, natural gas and oil, which would affect the future consumption
of these fuels.
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Figure 4: Conditional forecasts of fossil fuel prices conditional on GDP scenarios after the COVID-19
spread

5

The effect of changes in the fossil fuel prices on fuel consumption
and output

Our analysis so far indicates that the effect of COVID-19 on the global CO2 emissions would be close
to zero over the two-year time horizon though the fossil fuel prices are expected to have sizeable
fluctuations (5% or more) during this period. In particular, it shows that (i) an exogenous shock can
change the relative prices of fossil fuels; and (ii) COVID-19 will not alleviate the urgency to reduce
more CO2 emissions globally. In this section, we investigate the effect of changes in the relative prices
of coal, natural gas and oil, due to carbon pricing, on fuel consumption and output by applying
conditional forecasting to our GVAR model.
Since coal is the most carbon intensive among the three fossil fuels, we implement a counterfactual
experiment that raises the coal price. We use the unconditional forecast prices as the benchmark. We
can regard this experiment as one of investigating the effect of the introduction of carbon pricing to
coal or the effect of a coal price increase due to market forces, or a mix of the two. For this purpose we
restrict the GVAR model so that contemporaneous and lagged feedback from the domestic variables
(energy consumption, GDP and exchange rates) to the fossil fuel equation are shut off and do not
confound the interpretation of the experiment. Under this restriction, given the value of the prices,
forecasts are produced from the following model
xt = b̂0 + b̂1 t + F̂1 xt−1 + F̂2 xt−2 + F̂3 xt−3 + Υ̂0 dt + Υ̂1 dt−1 + Υ̂2 dt−2 + v̂t ,

(12)

where the estimated coefficients embody the internal and external linkages and dynamics resulting
from the estimation of the country-specific models in Section 3.1 (for further details see Section B.2
of the Appendix). What we define as the unconditional forecast in what follows refers to the forecasts
from the above model for xt , with the given global prices obtained as forecasts from the estimated
VAR(3) representation of model (4) that includes the error-correction term given in (5). Under the
counterfactual scenario, the forecasts for xt are obtained subject to an added hike to the coal price.
In order to describe long-run effects, we consider forecasts over forty quarters.
Figure 5 reports the unconditional and conditional forecasts. Each panel displays average per
capita log fuel consumption and per capita log GDP for each country group. The solid lines are
the unconditional forecasts and the dashed lines are conditional on (12.5%) higher coal prices. The
first panel shows that coal consumption in the advanced economies declines over the horizon, whereas
it increases in the emerging economies. The second panel indicates that natural gas consumption
increases worldwide, but much faster in the emerging economies. The third panel shows that oil
consumption in the advanced economies stays almost constant over 10 years while it increases rapidly
in the emerging economies. Finally, GDP grows faster in the emerging economies than in the advanced
economies as illustrated in the last panel. These trajectories are remarkably similar under the scenario
with higher coal prices. However, the negative effects of the higher coal price appear to be larger for
EU+ and the advanced economies than for the emerging ones.
In order to assess the effect of the higher coal price more clearly, we report the difference in
consumption and GDP with and without the 12.5% coal price increase in Figure 6. The properties
12
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Figure 5: Forecasts of fuel consumption and GDP for benchmark and higher coal price cases
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Advanced
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Figure 6: Difference in forecasts of fuel consumption and GDP between benchmark and higher coal
price cases

of the differences in consumption and GDP for the baseline and for the higher coal price are similar
for EU+ and the advanced economies, but the former group is more sensitive to the coal price hike.
Eventually the higher coal price decreases energy consumption and GDP and the gap under the
two scenarios widens. While natural gas consumption increases in the initial two years, it decreases
thereafter.
Table 3 reports the ‘elasticity’ of fossil fuel consumption and GDP per capita due to a 100%
increase in the price of coal. The elasticities are small across the board. For example, the estimated
13

The analysis based on data for 32 countries, which generate 81% of the global CO2 emissions due
to fossil fuel use, indicates that the negative economic impact due to COVID-19 on global fossil fuel
consumption, and hence CO2 emissions, is large in the first quarter but limited over the two-year
horizon. The global shock to the economy from COVID-19 negatively affects the world economy in
the first quarter after the pandemic occurs, but it is expected to recover in about a year. The advanced
economies will struggle to restore their energy consumption growth by the end of the two years to
the level under the counterfactual scenario without COVID-19. On the other hand, the emerging
economies may recover from the drop in early 2020 rather quickly and consume more energy than for
the case of no COVID-19 outbreak. Consequently, total emissions in the world during 2020-2021 may
not be affected much by the COVID-19 shock. However, if the world economy is further negatively
affected, such as by a second wave of the coronavirus, energy consumption in advanced and emerging
economies will further go down, and emissions could be much less than in the case of no COVID-19
shock.
What will happen if these economies adopt carbon pricing, which increases the relative price
of coal? Our conditional forecast analysis reveals that higher coal prices lead to lower fossil fuel
consumption with less-than-proportional decreases in GDP. In particular, the impacts on fossil fuel
consumption and GDP are smaller for the emerging economies.
Overall, our GVAR analysis indicates that the pandemic and the resulting economic shut down
will not lead to a sizeable reduction in CO2 emissions over a two-year time horizon. Thus COVID-19
would not provide countries with a reason to delay climate-change mitigation efforts. Fossil fuel price
increases due to carbon pricing will slow down GDP growth. However, our conditional forecast analysis
with a higher coal price demonstrates that the effect on GDP is limited compared to its impact on
fossil fuel consumption.
Due to lower output under the pandemic and scaled-down industrial activities, the EUETS Allowance price dropped sharply in mid March 2020 though in the last three months since then it has
been increasing to recover to the pre-crisis level. Our analysis implies that continued efforts to reduce
CO2 emissions, through an expanded introduction of carbon pricing in other countries, may not be
too costly in terms of the size of the GDP impacts. As the effects on GDP are expected to be more
limited in the emerging than in advanced economies, global application of carbon pricing may not lead
to concerning distributional impacts across countries with different income levels.
With regard to the impact of the economic shock from COVID-19 on the advanced versus emerging
economies, which is revealed by our analysis, the following caveats are in order: our analysis does
not study the effects on each country separately; and stringent financing restrictions in emerging
economies may drag down their recovery from the pandemic’s negative economic effects (IMF, 2020b).
Considering a global model that can reflect differences in sovereign credits across countries is left for
future research.
Our analysis also demonstrates differential impacts of slower GDP growth due to COVID-19 on
different fossil fuel sources in different parts of the world. The simulation associated with a higher
coal price also indicated different effects on natural gas and oil consumption. In the context of climate
change mitigation, it would be useful to consider the impact on renewable energy integration, which
this paper does not address due to data availability. Future research could address how COVID-19’s
negative economic shocks influence the speed of renewables integration.

Appendix A: Further Description of the Data
A.1
A.1.1

Data Sources
Macroeconomic variables, PPP-GDP and trade data

Real GDP and the real exchange rate for all countries, as well as PPP-GDP figures and the trade data
for construction of the trade matrix (used in computing the foreign variables of the GVAR model) were
taken from the GVAR 2016 Vintage available at https://sites.google.com/site/gvarmodelling/data.
This is an updated version of the 2013 Vintage, updated by Kamiar Mohaddes and Mehdi Raissi. The
PPP-GDP data are from the World Development Indicator database of the World Bank. The trade
data is from the IMF Direction of Trade statistics constructed based on the average of Exports and
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Imports (c.i.f.) at the annual frequency. Further details including the source of the macroeconomic
variables for each country can be found there.

A.1.2

Population

Population data are from the World Bank website https://data.worldbank.org/indicator/SP.POP.TOTL
available at the annual frequency. The annual data were interpolated to obtain the quarterly values
using the approx function in R selecting the method “linear.”

A.1.3

Energy consumption

Energy consumption data were obtained from Oxford Economics (https://www.oxfordeconomics.com/)
whose provider is the International Energy Agency (IEA). The Lisman and Sandee (1964) method
was used for interpolation where required.
Data for coal consumption (domestic demand, annualised, Mtoe) for all countries are constructed
from the IEA World Energy Balances service, Summary and Extended Energy Balances database
which contains annual data. Quarterly values were interpolated from the annual series.
Data for natural gas consumption (domestic demand, annualised, Mtoe) for all OECD countries
are constructed from the IEA Natural Gas Monthly service, Natural Gas Balance database. Monthly
figures were summed to obtain the quarterly values. Quarterly data for non-OECD countries were
interpolated from annual data which were constructed from the IEA World Energy Balances service,
Summary and Extended Energy Balances database.
Data for oil consumption (domestic demand, annualised, Mtoe) for all OECD countries, and nonOECD countries over the period 1991-2014, are from the IEA Monthly Oil Service. Monthly figures
are summed to obtain the quarterly data. Quarterly values for non-OECD data for the period 1991Q12014Q4 were interpolated from the annual data of the IEA World Energy Balances service.

A.1.4

Global energy prices

The coal, natural gas and oil quarterly prices are computed from the monthly prices obtained from
the World Bank Commodity Price Data (‘Pink Sheet’ Data).

A.1.5

Temperature data

Daily temperature data from monitoring stations across the countries of interest were extracted from
the Global Historical Climatology Network- Daily (GHCN) hosted by the National Centers for Environmental Information (NCEI) of the National Oceanic and Atmospheric Administration (NOAA)
over the period 1981-2014. GHCN daily is an integrated database of daily climate summaries from
land surface stations across the globe that have been subjected to a common suite of quality assurance
reviews. It contains records from over 100,000 stations in 180 countries and territories. NCEI provides numerous daily variables, including maximum temperature (Tmin) and minimum temperature
(Tmax), total daily precipitation, snowfall, and snow depth. Both the record length and period of
record vary by station and cover intervals ranging from less than a year to more than 175 years.
For each monitoring station, all available data that fulfilled the following criteria were retained:
(i) both Tmax and Tmin were available for each day and (ii) no quality assurance or quality control
issues were identified for either Tmax or Tmin. For those countries with missing data over the period
of interest, namely Canada, Germany, Singapore and UK, data from the monitoring stations of the top
three largest metropolitan areas based on population were included. Similarly for the US, data from
the monitoring stations of the top three largest states in terms of population were included namely
California, Texas and New York.

A.2
A.2.1

Temperature and Seasonal Adjustment
Construction of HDD and CDD

The daily temperature data were converted from degree Fahrenheit to Celsius and heating and cooling
degree days, HDDiτ d and CDDiτ d respectively, were construted for each country i and each day d of
16

Table A.2 summarises all adjustments performed to the energy consumption series for each country. It also includes information on the available HDD and CDD series for each country, with a
‘no’ indicating that the corresponding series was zero throughout the sample period 1984-2014 and
was therefore not included in the temperature adjustment procedure (if performed), yes indicating
otherwise.
Table A.2: Summary of adjustments to energy consumption of each country
Coal
Natural Gas
Oil
HDD
Argentina
original data original data
sa
yes
Australia
original data
ta & sa
ta & sa
yes
Austria
original data
ta & sa
sa
yes
Belgium
original data
ta & sa
sa
yes
Brazil
original data original data
sa
yes
Canada
original data
sa
sa
yes
Chile
original data
sa
sa
yes
China
original data original data
sa
yes
Finland
original data
ta & sa
ta & sa
yes
France
original data
ta & sa
sa
yes
Germany
original data
sa
ta & sa
yes
India
original data original data
sa
yes
Indonesia
original data original data
sa
no
Italy
original data
sa
ta & sa
yes
Japan
original data
sa
ta & sa
yes
Korea
original data
sa
yes
Malaysia
original data original data original data
no
Mexico
original data
sa
sa
yes
Netherlands
original data
sa
sa
yes
New Zealand original data
ta & sa
sa
yes
Norway
original data original data
sa
yes
Philippines
original data
sa
no
Saudi Arabia
original data
sa
yes
Singapore
original data
sa
no
South Africa original data
sa
yes
Spain
original data
sa
ta & sa
yes
Sweden
original data
ta & sa
yes
Switzerland
original data
ta & sa
sa
yes
Thailand
original data original data
sa
no
Turkey
original data
sa
yes
UK
original data
sa
ta & sa
yes
US
original data
ta & sa
ta & sa
yes

CDD
yes
yes
yes
yes
yes
yes
yes
yes
no
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
no
yes
yes
yes
yes
yes
no
yes
yes
yes
yes
yes

Note: ‘original data’ signifies that the no temperature and/or seasonal adjustment was performed on the corresponding
series. ‘ta’ and ‘sa’ signifies temperature adjusted and seasonally adjusted respectively. For the oil series any ‘ta’
and/or ‘sa’ for non-OECD countries was performed over the period 1991Q1-2014Q4 as prior to 1991 the series are
interpolated from annual data. ‘no’ for any HDD or CDD series signifies that all values for the corresponding series were
zero throughout the sample for the associated country and was therefore not included in the temperature adjustment
procedure (if performed), ‘yes’ signifies otherwise.

A.2.4

Assessing the joint significance of seasonal effects

To assess the joint significance of the seasonal components for a series y we consider its natural
logarithm denoted by log(y), and use the following procedure:
1. Let S1 , S2 , S3 and S4 be the usual seasonal dummies, such that Si , i = 1, 2, 3, 4, takes the value
of 1 in the ith quarter and zero in the remaining three quarters.
2. Construct S14 = S1 − S4 , S24 = S2 − S4 , S34 = S3 − S4 .
3. Run a regression of ∆ log(y) (where the lower case denotes the natural logarithm of the corresponding variable) on an intercept and S14 , S24 , S34 . Denote the OLS estimates of S14 , S24 and
S34 by a1 , a2 and a3 .
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Note: The vertical axis measures the probability that consumption under the conditional forecast exceeds that under
the unconditional forecast in deviation from 0.5.

Figure C.1: Conditional forecast probabilities of changes in relative consumption by country group
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Figure C.2: Forecasts of CO2 emissions due to fossil fuel use by country group (annualised in MtCO2 )
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