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A B S T R A C T   

In recent years, the international community has been increasing its efforts to reduce the human footprint on air 
pollution and global warming. Total carbon dioxide (CO2) releases are a crucial component of global greenhouse 
gas emissions, and as such, they are closely monitored at the national and supranational levels. This study 
presents different models to forecast energy CO2 emissions for the US in the period 1972–2021, using quarterly 
observations. In an in-sample and out-of-sample analysis, the study assesses the accuracy of thirteen forecasting 
models (and their combinations), considering an extensive set of potential predictors (more than 260) that 
include macroeconomic, nature-related factors and different survey data and compares them to traditional 
benchmarks. To reduce the high-dimensionality of the potential predictors, the study uses a new class of factor 
models in addition to the classical principal component analysis. The results show that economic variables, 
market sentiment and nature-related indicators, especially drought and Antarctic wind indicators, help forecast 
short/medium-term CO2 emissions. In addition, some combinations of models tend to improve out-of-sample 
predictions.   

1. Introduction 

Global warming and climate change are vital challenges that society 
is currently facing. Over the recent decades, economies worldwide have 
recognized (at various scales) the importance of implementing coordi
nated policies to reduce the anthropogenic influence on climate and 
preserve ecosystems, the environment, and human health. More than 
190 parties have thus ratified the Paris Agreement and signed the 
Agenda 2030 to save the planet. The issue of pollutant reduction is very 
complex, but it requires a prompt response, even if the transition to
wards greener production is not immediate and needs time. Arguably, as 
most global economic activities are strongly carbon-based, carbon di
oxide (CO2) emissions are among the pivotal factors linking climate 
change and human activity (UNEP, 2022). A sharp rise in CO2 emissions 
reinforces the greenhouse effect, strengthening the ongoing global 
average temperature increase. Greenhouse gas (GHG) emissions are 
expected to peak by 2025 (Intergovernmental Panel on Climate Change, 
IPCC, 2022); however, if policies beyond those implemented by the end 
of 2020 would not strengthen, the GHG concentrations will rise signif
icantly above the current IPCC projections, causing a median global 

warming of 3.2◦C by 2100. Given the relevance of climate change pol
icies and their connection with carbon emissions, empirical science is 
called upon to deliver theoretical and empirical models that monitor and 
forecast carbon dioxide releases, the main contributor to GHG emis
sions. Indeed, CO2 emissions represent nearly 75% of total GHG (Ding 
et al., 2023) and marginal changes of CO2 concentrations are crucial in 
determining policy interventions to mitigate the social cost of carbon 
dioxide, namely the dollar value of climate change damages following a 
marginal increase in CO2 emissions (Rode et al., 2021). 

We feed the ongoing debate by focusing on the forecasting of energy 
CO2 emissions1 for the US, the world’s largest per-capita CO2 emitter 
(UNEP, 2022) and address a problem that arises, for instance, in the 
annual update of the Global Carbon Budget, i.e. the need for statistical 
models able to capture the cumulative effects of economic activity on 
CO2 emissions and that can reliably be used for forecasting purposes. 
Indeed, an accurate assessment of CO2 concentrations and their redis
tribution among the atmosphere, ocean, and terrestrial biosphere in a 
changing climate is extremely important to better understand the global 
carbon cycle, support the development of climate policies, and project 
future climate change (Friedlingstein et al., 2022). We investigate to 

* Corresponding author. University of Calabria, Department of Economics, Statistics and Finance, Ponte Bucci, Rende, CS, 87036, Italy. 
E-mail addresses: b.algieri@unical.it (B. Algieri), leonardo.iania@uclouvain.be (L. Iania), arturo.leccadito@unical.it (A. Leccadito).   

1 Unless explicitly stated, for the rest of the study we use the terms ‘energy CO2 emissions’ and ‘CO2 emissions’ interchangeably. 
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what extent an ample group of potential drivers contribute to improving 
the predictive power of different forecasting models. For this purpose, 
we use three large datasets that include measures of anthropogenic ac
tivity (arising from various human activities) as potential determinants 
of CO2 releases, namely (i) the McCracken and Ng (2020) database of 
macroeconomic variables; (ii) the University of Michigan’s Surveys of 
Consumers and the Survey of Professional Forecasts series and (iii) 
energy-related indicators. We further augment the dataset with a rich 
group of nature-related data, the so-called local and global interannual 
variability (IAV) indicators. These indicators comprise information 
regarding, for instance, oceans/land surface temperature, local extreme 
weather events, and local droughts. 

Previous studies have stressed the importance of macro variables or 
climate factors in explaining/forecasting the evolution of atmospheric 
CO2 emissions (e.g. Luo and Keenan, 2022; Betts et al., 2016). These 
types of variables have been considered separately. We propose to adopt 
a more comprehensive approach that evaluates the performance of a 
greater variety of data sources, including professional forecasts of eco
nomic activity and nature-related factors, in predicting energy CO2 
emissions. Our study fills the gap in the literature by using more than 
260 anthropogenic and nature-related potential determinants and new 
methodological features thus providing important information to poli
cymakers on what factors impact and could help predicting changes in 
CO2 emissions. 

In particular, for each group of variables, we first use dimensionality 
reduction techniques based on the Principal Component Analysis (PCA)2 

and the novel Quantile Factor (QF) Models introduced by Chen et al. 
(2021). These authors point out that, being a linear conditional mean 
model, PCA might be too restrictive in summarizing the information 
embedded in the joint distribution of the original variables. This might 
result in a loss of precious information in a forecasting or modelling 
setting. Instead, the extraction of the quantile factors, including those 
affecting the mean of the considered variables, could ameliorate the 
information traditionally provided by PCA. Further, Quantile Factor 
estimators present some robustness properties in the presence of outliers 
and heavy-tailed distributions, which would impair PCA. We build up 
thirteen models from our group of anthropogenic and local/global 
interannual variability predictors and then employ a series of point 
forecasting methods to assess their predictive power against the classical 
benchmarks. We consider each forecasting model separately and in 
combination, i.e. presenting model averaging prediction schemes. We 
perform both an in- and out-of-sample analysis using quarterly data for 
the period 1972Q1-2021Q3 and target different forecasting horizons 
ranging from one quarter to two years. Finally, we compare forecasting 
performance across models and methods and investigate if common 
factors, extracted with PCA and a novel technique from an extensive 
panel of macroeconomic variables, professional forecasts and 
nature-related factors, have predictive power over the rate of change in 
CO2 emissions. This comprehensive approach is new in the empirical 
forecasting literature. 

The remainder of the study is organised as follows. Section 2 reviews 
the literature on the topic. Section 3 presents our methodology and 
Section 4 describes the data. Section 5 shows and discusses the results of 
the in-sample and out-of-sample analyses. Section 6 concludes. 

2. Review of the literature 

The literature on predicting CO2 emissions can be divided into 
different strands. The first strand has stressed the importance of 
anthropogenic variables in explaining, forecasting, and projecting the 
evolution of atmospheric CO2 emissions. These anthropogenic factors 

include, for instance, economic growth (e.g. Filimonova et al., 2021; 
Ozturk, 2010; Raupach et al., 2007), trade (e.g. Olaizola and Die
tzenbacher, 2014; Helm et al., 2012; Munksgaard and Pedersen, 2001), 
and tourism (e.g. Wang and Wu, 2022; Işik et al., 2017; Peeters and 
Dubois, 2010). Popular settings linking economic variables to CO2 
emissions range from the applied quantitative frameworks, such as the 
STIRPAT model and its extensions (e.g. Algieri et al., 2022), the system 
dynamics and the grey predictions (e.g. Ren and Long, 2021; Gao et al., 
2021), to the calibration-based settings, such as the integrated assess
ment models (e.g. Wang et al., 2017). Recently, Fosten (2019) and 
Bennedsen et al. (2021) have scrutinised the potential macroeconomic 
determinants of US CO2 emissions via wavelet techniques combined 
with dynamic factor models and structural dynamic factor models, 
respectively. The former study found that economic activity and emis
sions have strong linkages from one to three years, while the latter 
highlights that CO2 emissions are best explained by industrial produc
tion indices linked to manufacturing and residential utilities. 

Another strand of the literature has highlighted how local and global 
climate variables (such as temperatures) affect CO2 emission directly or 
indirectly via production, conversion, delivery, and energy use (Ren and 
Long, 2021). Building on the observation that terrestrial carbon sinks 
absorb up to 30% of anthropogenic CO2 emissions, Luo and Keenan 
(2022) compare a battery of nine linear models to pinpoint the direct 
nexus between the global atmospheric CO2 growth rate variability and 
extreme drought conditions in tropical areas. In relation to the latter 
channel, Zhou et al. (2013) assess the impact of climate change uncer
tainty on heating and cooling requirements by constructing an inte
grated assessment modelling framework. Coupling three different global 
climate model outputs with three scenarios of gridded population dis
tribution, the study identifies to which extent the residential and 
building sector’s energy consumption and CO2 emissions of the US and 
China will respond to climate change. 

A final strand of the literature has performed CO2 emissions pro
jections, using only the information included in the stochastic process 
underlying the baseline data, meaning that a univariate analysis has 
been carried out. In particular, Belbute and Pereira (2020) provide 
forecasts for CO2 emissions in Portugal based on long memory Autore
gressive Fractionally Integrated Moving Average (ARFIMA) approach 
and predict a reduction of 17.5% in carbon dioxide emissions by 2050 
relative to the level recorded in 2010. 

Our contribution to the current literature and policy debate is 
manifold. First, we highlight the importance of accounting for a broader 
range of anthropogenic and nature-related variables, both local and 
international, to improve the forecasting accuracy of CO2 for different 
time horizons. Our results indicate that macro factors obtained from 
McCracken and Ng (2020), survey data that mirrors market sentiments 
and nature-related factors, notably drought indicators and Arctic 
anomalies, have strong in-sample and out-of-sample predicting power 
for future growth rates of CO2 emissions. In some cases, superior pre
dictions compared to the benchmarks can be obtained by combining 
forecasting models. These results might have policy implications as they 
indicate that, for example, policymakers should ponder among several 
sources of information when assessing and forecasting the evolution of 
CO2 emissions, including weather anomalies like extreme drought epi
sodes. To the best of our knowledge, this set of results is novel in the 
literature. Fosten (2019) and Bennedsen et al. (2021) look exclusively at 
macroeconomic determinants of US CO2 emissions. Luo and Keenan 
(2022) link the global atmospheric CO2 growth rate variability to 
extreme droughts conditions in tropical areas, while Betts et al. (2016) 
show that El Nĩno events have contributed to the rise in CO2 emissions. 
Second, in contrast to previous methodological approaches, we use a 
direct forecasting setting with a new variable reduction technique, 
namely Quantile Factor Models, and we use a finer data frequency than 
the annual forecasting analysis conducted by Bennedsen et al. (2021). 
Finally, we point out that in monitoring and predicting CO2 emissions, it 
might be advisable to strike a good balance between the type of IAV and 

2 The PCA is one of the oldest and most widely used methods to shrink the 
dimensionality of one or more datasets while preserving as much statistical 
information (‘variability’) as possible. 
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anthropogenic indicators and their combination. For example, we find 
that a combination of IAV and anthropogenic factors based on simple 
in-sample criteria such as the AIC/BIC criteria might deliver superior 
forecasting results. 

3. Methodology 

To set notation, we define the quarterly observation of the h-period 
growth rate of total CO2 emissions as: 

gCO2
t→t+h = log(Et+h) − log(Et), (1)  

where {Et}t=1,…,T is the level of carbon dioxide emissions. 
With the objective to forecast CO2 releases and assess the role of a 

group of potential drivers, we link gCO2
t→t+h to the last p quarter-on-quarter 

growth rates and a set of determinants at time t, Xt: 

gCO2
t→t+h = β0 +

∑p

j=1
βjg

CO2
t− j→t+1− j + γ’Xt + εt,

t = p + 1, p + 2,…, T − h.

(2)  

where εt is the classical idiosyncratic disturbance at time t. The linear 

model (2) is particularly suited for forecasting purposes, as it allows to 
directly forecast the growth rate of CO2 emissions over h periods, i.e. 
from time T to time T + h, conditional on the information up to time T. 
The explanatory variables in (2) might be connected to anthropogenic 
determinants and nature-related factors. 

In addition to the linear model (2), we follow Taylor (2007) and Lima 
et al. (2020) and implement robust forecast of CO2 emissions growth 
rates based on linear combinations of quantiles. In particular, we 
consider the following quantile combinations.  

● Trimean 

̂gCO2
T→T+h = 0.25Q0.25

(
gCO2

T→T+h|F T
)
+ 0.5Q0.5

(
gCO2

T→T+h|F T
)

+0.25Q0.75
(
gCO2

T→T+h|F T
)

● Gastwirth: 

̂gCO2
T→T+h = 0.3Q1/3

(
gCO2

T→T+h|F T
)
+ 0.4Q0.5

(
gCO2

T→T+h|F T
)

+0.3Q2/3
(
gCO2

T→T+h|F T
)

● 5-quantile: 

Fig. 2. Volatility of growth rates of total Energy CO2 
emissions 
Fig. 2: Note: CO2 emissions are seasonally adjusted 
using the X-13ARIMA-SEATS filter. The Figure plots 
the volatility of the growth of CO2 emissions over 
one, (left column), (middle column) quarter, and one 
year (right column). Each volatility series has been 
extracted by a simple GARCH(1,1) model, see Bol
lerslev (1986). The shaded areas refer to US re
cessions (top row), oil crises (middle row) and severe 
drought periods (bottom row). The US recession dates 
are from the National Bureau of Economics and 
Research. The oil episodes periods are from Hamilton 
(2011), with the addition of the 2010s oil glut. The 
severe drought periods are those that, according to 
the National Centers for Environmental Information, 
have caused more than 3 billion dollars in damages.   

Fig. 1. Growth rates of total Energy CO2 emissions 
Fig. 1: Note: CO2 emissions are seasonally adjusted 
using the X-13ARIMA-SEATS filter. The Figure plots 
the growth of CO2 emissions over one quarter (left 
column), one year (middle column) and two years 
(right column). The shaded areas refer to US re
cessions (top row), oil crises (middle row) and severe 
drought periods (bottom row). The US recession dates 
are from the National Bureau of Economics and 
Research. The oil episode periods are from Hamilton 
(2011), with the addition of the 2010s oil glut. The 
severe drought periods are those that, according to 
the National Centers for Environmental Information 
have caused more than 3 billion dollars in damages.   
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● 99-quantile: 

̂gCO2
T→T+h =

1
99

∑99

i=1
Q0.01×i

(
gCO2

T→T+h|F T
)

The conditional quantiles of gCO2
t→t+h, appearing in the four linear 

combinations described above are obtained from the following quantile 
regression3 based on the same explanatory variables of the linear model 
(2): 

Qτ
(
gCO2

t→t+h|F t
)
= β0

τ +
∑p

j=1
βj,τg

CO2
t− j→t+1− j + γ’

τXt,

t = p + 1, p + 2,…, T − h

(3)  

where τ ∈ (0, 1) is the probability level, Qτ
(
gCO2

t→t+h|F t
)

is the τ-quantile 
of gCO2

t→t+h and F t denotes the information set available up to time t. Using 
a model like the above for conditional quantile of the growth rate over h 
periods is particularly useful since iterative forecasts (i.e. forecasts ob
tained from a one-period ahead model, iterated forward for h periods, as 
explained in Marcellino et al., 2006) are not available for quantiles. 
Indeed, quantiles cannot be easily temporally aggregated (Ghysels, 
2014). 

As a next step, we move from the five forecasting methods imple
mented separately (i.e. one linear and four quantile-based) to the com
binations of forecasts by adopting the Akaike Information Criterion 
(AIC) and Bayesian Information Criterion (BIC) model averaging.4 

Given M models and their predictions {ŷ}m=1,…,M for the mean of 
CO2 emissions growth rates, we obtain the predictions from model 
averaging based on information criteria as 

∑M

m=1
wm ŷm (4)  

where the weights are calculated as 

wm =
exp

(
− 1

2 ICm
)

∑M

j=1exp
(
− 1

2 ICj
)

and the Information Criterion (IC) can be either AIC or BIC. 
For some of the considered models, we reduce the dimension of the 

explanatory variables adopting the Principal Component or the Quantile 
Factor Analysis (QFA) method. Both techniques allow us to extract the 
most relevant common factors from a sizeable set of variables. However, 
while PCA does not capture hidden factors that may shift characteristics 
(quantiles or moments) of the variable distributions other than their 
means, QFA seizes a larger amount of information, including those 
affecting the means and is robust to outliers and eventual heavy tails 

(Chen et al., 2021). For the QFA method, we assume that for τ ∈ (0, 1) 
the observed explanatory variable Zi,t, with i = 1, …, N and t = 1, …, T 
can be decomposed as 

Zi,t = λ
′

i(τ)ft(τ) + ei,t(τ)

where the error term ei,t(τ) satisfies the quantile restriction 

P
(
ei,t(τ) ≤ 0ft(τ)

)
= τ almost ​ surely,

and where for r(τ) ≪ N, ft(τ) is an r(τ) × 1 vector of random common 
factors, and λi(τ) is an r(τ) × 1 vector of non-random factor loadings, that 
represent the contributions of the variable Zi to the common factor (ft) of 
dimension r(τ) × 1. Factors and loadings are estimated by minimizing 

1
NT

∑N

i=1

∑T

t=1
ρτ(Zi,t − λ

′

i(τ)ft(τ)) (5)  

where ρτ(u) = u ⋅ (τ − I(u < 0)). Eq. (5) is minimized under the 
restrictions 

1
T

∑T

t=1
ft(τ)f ’

t (τ) = Ir(τ)

​
1
N

∑N

i=1
λi(τ)λ’

i(τ) is ​ diagonal ​ with ​ non − increasing ​ diagonal ​ elements.

Here Is denotes the identity matrix of dimension s. Contrary to PCA, 
however, it is not possible to obtain in closed form estimators of factors 
and loadings that minimize function (5). Hence, we follow the compu
tationally efficient algorithm proposed by Chen et al. (2021), i.e. the 
Iterative Quantile Regression (IQR), that enables to efficiently identify 
the stationary points of the object function (5). The optimal number of 
factors, r*(τ), is chosen by rank-minimization (see Section 3.2.1. of Chen 
et al., 2021). Once factors and loadings have been extracted from the set 
of observed explanatory variables Zi,t via IQR, we use the r*(τ) factors 
ft(τ) in equations (2) and (3) as explanatory variables, Xt. We follow a 
similar approach in the case of PCA. 

4. Data 

4.1. CO2 emission rates 

Our measure of CO2 emission, Et, is the seasonally-adjusted US Total 
Energy CO2 Emissions (TETCEUS) retrieved from the US Energy Infor
mation Administration and spanning from Q1 1972 to Q3 2021. The 
seasonal adjustment is performed using the X-13ARIMA-SEATS method 
of the US Census Bureau.5 

Fig. 1 sketches the CO2 growth rate, gCO2
t→t+h, over one quarter (left 

column), one year (middle column) and two years (right column). To 
gain some insight into the potential links between CO2 emissions growth 
and natural and anthropogenic episodes, the figure also reports periods 
in which severe nature-related and economic events took place. In 

̂gCO2
T→T+h = 0.05Q0.1

(
gCO2

T→T+h|F T
)
+ 0.25Q0.25

(
gCO2

T→T+h|F T
)
+ 0.4Q0.5

(
gCO2

T→T+h|F T
)

+0.25Q0.75
(
gCO2

T→T+h|F T
)
+ 0.05Q0.9

(
gCO2

T→T+h|F T
)

3 Quantile regression is a valuable generalization of median regression 
(Koenker and Bassett, 1978) when the interest is not limited to the analysis of 
the average relationship between a specific variable and its predictors, but it 
involves the local behaviour of this linkage at different quantiles of the 
distribution.  

4 See Moral-Benito (2015) for an overview of the topic. 5 See: https://www.census.gov/data/software/x13as.html. 
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detail, the shaded areas in the top row of Fig. 1 highlight periods of 
severe drought, defined as episodes that have caused losses of more than 
$3 billion, according to the Centers for Environmental Information.6 The 
middle row reports periods of oil crises, as detected by Hamilton (2011), 
plus the 2010s oil glut. Finally, the bottom row presents phases of 
economic recessions in the US as identified by the National Bureau of 
Economics and Research.7 

The visual inspection of the top rows of Fig. 1 suggests that recession 
episodes are generally associated with drops in CO2 emissions, both over 
short-term (one quarter) and medium-term (two years) horizons. For 
example, five out of the seven largest drops in yearly CO2 emissions were 
associated with recession periods, particularly the early ’80s, early ’90s, 
early ’00s, the period 2007-08 and the Covid-19 crisis. Turning to oil 
episodes, the subplots in the middle row of Fig. 1 show that oil crises 
(glut) were followed by a decrease (increase) in CO2 emissions. The 
intuition behind this pattern might be that major oil crises were often 
followed by recessions, which caused reductions in anthropogenic ac
tivities and hence in CO2 emissions. 

Finally, the bottom-left panel of Fig. 1 seems to highlight that 
drought episodes were linked to an increase in one-quarter growth rate 
of CO2 emissions. For example, CO2 emissions increased during the 
short-term drought of the ’70s, the Northern Plains drought of 1989, the 
drought in 1991, the drought and heat wave of 2000, and the drought 
and heat wave of 2012. The reason can be ascribed to the fact that when 
soils dry out due to droughts, plants breathe less and reduce their 
photosynthesis; hence, they can no longer seize carbon dioxide from the 
surrounding air, and more CO2 pollutant stagnates (Humphrey et al., 
2018; ETH Zurich, 2018; Betts et al., 2016). Thus, forests and trees have 
the ability to absorb and store carbon dioxide (Halsey, 2022; Ren and 
Long, 2021). 

To gain further insights into the potential relationships between CO2 
emissions, droughts and economic episodes, we compute the conditional 
volatility8 of CO2 growth rates and observe its dynamics over time. In 
particular, Fig. 2 reports the time-varying CO2 growth volatility over one 
(left column), two (middle column) and four (right column) quarters. 
Focusing on the three plots on the bottom row, where there are severe 
drought periods, two points are worth noticing. First, volatility episodes 

tend to spike in times of drought. Second, as drought frequency in
tensifies, so does the volatility of short-term growth CO2 emissions. A 
similar nexus between CO2 volatility and extreme tropical droughts has 
been recently pointed out by Luo and Keenan (2022). Overall, these 
simple graphical exercises suggest that the growth rate of CO2 emissions 
is potentially linked to anthropogenic and natural determinants. The 
following sections lay out the dataset we use in our analysis. 

4.2. Anthropogenic determinants: economic data, sentiment and energy 
factors 

We trace the US-based historical evolution of economic activities 
that can influence the amount of CO2 in the atmosphere by considering 
the large-scale dataset of McCracken and Ng (2020), available at the 
Federal Reserve of Saint Louis website. The dataset consists of 248 
quarterly series classified into 14 groups ranging from financial and 
nominal variables, such as interest rates and prices, to output data, such 
as industrial production.9 To reduce the dimensionality of the dataset, 
we work with two types of factors: (i) X70%

M,t , i.e. the set of principal 
components that explain up to 70% of the variation of all the original 
series10, and (ii) QM,t, namely the set of 1%, 10%, 90% and 99% quantile 
factors of all the series. 

Fig. 3 and Table 1 report the macro factors (in total eleven principal 
components plus seven quantile factors) extracted over the whole 
sample period and their correlation with the growth rate of CO2 emis
sion over 1, 2, 4, 6, and 8 quarters, respectively. Several quantile and 
macro factors are correlated with future CO2 emissions evolution. 
Quarterly growth rates significantly correlate to the first principal 
component and quantile factors 1 and 2 (Table 1). In particular, the 
longer-term CO2 emission growth, i.e. over 4 and 8 quarters, has the 
strongest link with macro factors 1 and 2 and quantile factor 1 at 
different τ levels. The shorter-term CO2 emission growth, i.e. over 1 and 
2 quarters, displays the strongest correlation with macro factor 1 and 
quantile factor 2 at 10% and 90% τ levels. Fig. 3 shows the dynamics of 

Fig. 3. Macro factors and quantiles. 
Fig. 3: Note: Shaded areas refer to the US recession 
periods, as indicated by the National Bureau of Eco
nomics and Research. The Figure plots the first eleven 
principal components of the McCracken and Ng 
(2020) quarterly series, which explain 70% of the 
variation of the whole series. The rest of the series are 
the 1%, 10%, 90% and 99% quantile factors of the 
same dataset. The PCs and quantile factors are 
computed over the whole period, Q1 1972 to Q3 
2021.   

6 See: https://www.ncei.noaa.gov/access/billions/events/US/1980-2021.  
7 See: https://www.nber.org/research/data/us-business-cycle-expansions 

-and-contractions.  
8 Each volatility series derive from a generalized autoregressive conditional 

heteroskedasticity model, GARCH(1,1), following Bollerslev (1986). 

9 We use the data and data-transformation proposed by McCracken and Ng 
(2020) at the Federal Reserve of Saint Louis website: https://research.stlouisfed 
.org/econ/mccracken/fred-databases/with two exceptions. First, from this 
database, we remove the series with ID: 32, 128, 129, 130, 194 as we included 
them in a larger energy-related database. Second, for nominal prices, we use the 
first differences of the log indexes instead of the second; using the proposed 
transformation by McCracken and Ng (2020) does not alter the results.  
10 We follow the common practice of selecting principal components that 

explain 70% of the total variance (Jolliffe and Cadima, 2016). 
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the extracted factors. 
In addition to the historical macroeconomic data, we consider (po

tential) future tendencies on economic activity and consumption by 
using a set of consumer spending and saving indicators retrieved from 
the University of Michigan’s Surveys of Consumers,11 from which we 
extracted X70%

MSC,t via PCA. We further include the one-year ahead average 
forecast of the US real gross domestic product made by the Survey of 
Professional Forecasters (SPF), XSPF,t. Data from surveys could be rele
vant because they provide ‘soft’ information, such as household per
ceptions and expectations about economic development, thereby 
reflecting market sentiments. These types of data have been exploited at 
the moment to a limited extent but could be very important to track 
human behaviour concerning decisions on saving, spending, prices, 
output, investment, finance, preferences and reactions to economic 
policies. Table 2 lists the data used and their sources. 

Our last set of anthropogenic variables derives from the energy 
market. Table 3 shows the 15 energy-related variables we employ, 
which refer to (i) energy consumption, (ii) energy production, export, 
and import, (iii) energy prices, and (iv) the temperature-related mea
sures of energy demand across the contiguous 48 States plus the District 
of Columbia. The latter indicator refers to the Residential Energy De
mand Temperature Index (REDTI), a population-weighted heating and 
cooling degree days index tracing residential energy demand for air 
conditioning and heating. The index is correlated with daily tempera
tures: it increases when the number of heating and cooling degree days 
rises and decreases when the number of heating and cooling degree days 
falls (Heim et al., 2003). We summarize the information contained in 
these 15 variables using X70%

E,t , and QE,t, both obtained with the same 
procedure adopted for the macro variables. 

Fig. 4 and Table 4 report X70%
MSC,t , XSPF,t, X70%

E,t and QE,t, and their 

correlation with the growth rate of CO2 emissions over 1, 2, 4, 6, and 8 
quarters, respectively. 

Table 4 indicates that the first energy factor and the 10% quantile 
factor (i.e. X1

E,t and Q10
E,t) have strong correlations with the growth of CO2 

emissions. In addition, there are also significant correlations between 
the growth of CO2 releases and the second Consumer Survey factor, i.e. 
X2

MSC,t . 

4.3. Nature-related determinants: Interannual variability drivers 

Our potential determinants of CO2 emissions related to nature hinges 

Table 1 
Correlation table: macro factors.  

Correlation with the growth of CO2 emissions  

h = 1 h = 2 h = 4 h = 6 h = 8 

X1
M − 0.327*** 0.428*** 0.393*** − 0.448*** 0.408*** 

X2
M 0.091 0.052 0.032 − 0.043 − 0.061 

X3
M 0.033 0.060 − 0.261*** 0.271*** 0.339*** 

X4
M 0.003 0.002 0.079 − 0.054 0.090 

X5
M 0.051 0.038 0.033 0.177** 0.192*** 

X6
M − 0.051 0.046 0.080 0.141 * 0.209*** 

X7
M − 0.024 − 0.034 − 0.064 0.128 * − 0.049 

X8
M 0.006 − 0.071 − 0.178** 0.028 − 0.084 

X9
M − 0.050 − 0.024 0.196*** 0.045 0.005 

X10
M − 0.042 0.091 0.026 − 0.142* − 0.155** 

X11
M 0.123 * 0.042 0.045 − 0.149** 0.093 

Q01
1M − 0.197*** 0.358*** 0.502*** − 0.458*** 0.460*** 

Q10
1M 0.236*** − 0.444*** − 0.526*** 0.493*** − 0.471*** 

Q10
2M − 0.312*** − 0.359*** − 0.309*** 0.281*** 0.237*** 

Q90
1M 0.093 0.070 0.247*** − 0.144** 0.100 

Q90
2M − 0.325*** 0.395*** 0.386*** − 0.324*** − 0.357*** 

Q90
3M 0.033 − 0.052 0.038 0.330*** 0.256*** 

Q99
1M 0.034 − 0.254*** − 0.395*** 0.340*** − 0.277*** 

Note: Table 1 reports the correlation between the macro factors/quantile and 
the growth rate of CO2 emissions over 1, 2, 4, 6 and 8 quarters. h stands for the 
time horizon (quarters). ***, **, and * indicate 1, 5 and 10% significance levels, 
respectively. 

Table 2 
Surveys of consumers and professional forecasters.  

University of Michigan’s Survey of Consumers 

Current Financial Situation Compared with a Year Ago 
Expected Change in Financial Situation in a Year 
Annual Trend in Past and Expected Household Financial Situation 
News Heard of Recent Changes in Business Conditions 
Current Business Conditions Compared with a Year Ago 
Expected Change in Business Conditions in a Year 
Business Conditions Expected During the Next Year 
Business Conditions Expected During the Next 5 Years 
Expected Change in Unemployment During the Next Year 
Expected Change in Interest Rates During the Next Year 
Buying Conditions for Large Household Durables Vehicles 
Buying Conditions for Vehicles  

Surveys of Professional Forecasters 
Real Gross National Product/Gross Domestic Product 

Note: The Surveys of Consumers are retrieved from the University of Michigan 
website, where a full description of each series is available: https://data.sca.isr. 
umich.edu/tables.php<https://data.sca.isr.umich.edu/tables.php%7D%7Bhttp 
s://data.sca.isr.umich.edu/tables.php>. The surveys of professional forecasters 
are from the Philadelphia Federal Reserve website, where a full description of 
each series is available: https://www.philadelphiafed.org/surveys-and-data/d 
ata-files.<https://www.philadelphiafed.org/surveys-and-data/data-files%7D% 
7Bhttps://www.philadelphiafed.org/surveys-and-data/data-files%7D.%7D>. 

Table 3 
Energy related variables.  

Number Variable name Tranformation 

1 Total Petroleum Consumed by the Residential Sector 1 
2 Total Petroleum Consumed by the Commercial Sector 1 
3 Total Petroleum Consumed by the Industrial Sector 1 
4 Total Petroleum Consumed by the Transportation 

Sector 
1 

5 Fraction of gasoline on total for Transportation Sector 1 
6 Total Petroleum Field Production 1 
7 Total Renewable Energy Consumption 1 
8 Petroleum Imports 1 
9 Petroleum Exports 1 
10 Petroleum Stock Change 0 
11 IP: Consumer energy products (Index, 2012 = 100) 2 
12 PPI by CFRPP: Natural Gas (1982 = 100) 2 
13 PPI by CFRPP (Domestic Production) (1982 = 100) 2 
14 Real Crude Oil Prices: WTI-CO (2012 $/b), Core PCE 

deflated 
2 

15 REDTI: Residential Energy Demand Temperature 
Index 

0 

Note: PPI by CFRPP = Producer Price Index by Commodity for Fuels and 
Related Products and Power. WTI-CO = West Texas Intermediate (WTI) - 
Cushing, Oklahoma. Transformation: 0 = no transformation, 1 = year on year 
growth rate, 2 = quarter on quarter growth rate. Sources: series 1 to 10 are from 
https://www.eia.gov/totalenergy/data/monthly/, series 11 to 14 are form htt 
ps://research.stlouisfed.org/econ/mccracken/sel/, and series 15 is available at 
https://www.ncdc.noaa.gov/societal-impacts/redti/overview. 

11 The Surveys of Consumers are nationally representative surveys based on 
repeated phone interviews with adults living in households in the conterminous 
(or contiguous) United States (i.e. 48 States plus the District of Columbia). The 
surveys capture changes in attitudes and behaviours at the aggregate and in
dividual levels. 
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upon measures of temperature and precipitation variations, drought 
indicators, and climate indices, called Interannual Variability (IAV) 
determinants and presented in Table 5. The motivation for choosing this 
set of variables stems from previous studies. For instance, Matthews 
et al. (2021); Tokarska et al. (2020); Ray et al. (2020); Kushnir et al. 
(2019) have documented that atmospheric patterns and anomalies 
related to ocean and land surface conditions are crucial triggers of the 
natural fluctuations in the climate system, which subsequently, impact 
CO2 emissions. Furthermore, Luo and Keenan (2022) and Ray et al. 
(2020) have highlighted that CO2 emission cycles are linked to the 
vegetated land surface and soil conditions, which in turn are influenced 
by natural events, such as drought, temperature heat waves, and rain
falls. Along these lines, Algieri et al. (2022) have shown that extreme 
temperatures warm up and dry lands, which result in reduced carbon 
uptake by vegetation and higher carbon dioxide releases. The authors 
show that, conversely, precipitations reduce CO2. Finally, Meangbua 
et al. (2019) have pointed out that temperature is the crucial factor 
influencing energy and CO2 requirements, with a 1◦C increase in tem
perature resulting in a 200% rise in consumption-based carbon dioxide 
emissions. 

Starting from a rich nature-related dataset, we narrow the large 
number of IAV variables to a small range of factors common to these 

potential nature-related predictors distinguished in (a) measures of 
temperature and precipitation variations, (b) drought indicators, and (c) 
climate indices. 

In detail, as regards temperature/precipitation measures, we use 
three types of data: (i) The northern/southern hemisphere anomalies 
indexes for land and ocean, from which we extracted X70%

WAI,t . (ii) The 
year-to-date temperature anomalies in the Arctic region, i.e. the area 
within the 25th and 50th latitude. We proceeded in two steps. First, we 
gridded the area by varying the latitude and the longitude by one degree 

Fig. 4. Surveys and energy factors 
Fig. 4: Note: Light-red shaded areas refer to the US 
recession periods, as indicated by the National Bureau 
of Economics and Research, while light-green shaded 
areas indicate oil episodes, which are from Hamilton 
(2011), with the addition of the 2010s oil glut. The 
Figure plots the SPF surveys, top-left panel, the first 
two principal components of the Michigan surveys, 
top-middle and top-right panels, the first five prin
cipal components of the energy dataset, all other 
panels except the bottom-right, and the first principal 
component of the 1%, 10%, 90% and 99% quantile 
factors of the energy dataset, bottom-right panel. All 
PCs are selected to explain 70% of the variation of the 
original series. The PCs and quantile factors are 
computed over the whole period, Q1 1972 to Q3 
2021. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the Web 
version of this article.)   

Table 4 
Correlation table: surveys and energy factors.  

Correlation with the growth of CO2 emissions  

h = 1 h = 2 h = 4 h = 6 h = 8 

SPF 0.034 0.002 0.029 0.045 − 0.098 
X1

MSC 0.072 0.054 − 0.044 − 0.193*** 0.173** 
X2

MSC − 0.288*** 0.327*** − 0.333*** − 0.202*** − 0.130* 
X1

E − 0.334*** 0.532*** 0.606*** − 0.584*** 0.513*** 
X2

E 0.063 0.135* 0.126* 0.038 − 0.007 
X3

E − 0.081 0.121* 0.274*** 0.267*** 0.225*** 
X4

E − 0.240*** 0.145** 0.070 − 0.044 0.037 
X5

E − 0.166** − 0.099 − 0.068 0.067 0.023 
Q01

E − 0.195*** 0.156** 0.132* 0.109 0.242** * 
Q10

E − 0.214*** 0.448*** 0.478*** − 0.374*** 0.336*** 
Q90

E − 0.113 0.083 − 0.023 0.043 − 0.083 
Q99

E − 0.058 − 0.079 − 0.166** 0.110 − 0.013 

Note: Table 4 reports the correlation between the surveys/energy factors/ 
quantile and the growth rate of CO2 emissions over 1, 2, 4, 6 and 8 quarters. h 
stands for the time horizon (quarters). ***, **, and * indicate 1, 5 and 10% 
significance levels, respectively. 

Table 5 
Nature-related determinants.  

Label Temperature 

NHLTA Northern hemisphere land temperature anomalies 
NHOTA Northern hemisphere ocean temperature anomalies 
SHLTA Southern hemisphere land temperature anomalies 
SHOTA Southern hemisphere ocean temperature anomalies 
M-ARTIC Average Arctic temperatures anomalies 
RA-ARTIC Cross sectional robust asymmetry measure of Arctic temperatures 

anomalies 
M-US Average US temperatures anomalies 
RA-US Cross sectional robust asymmetry measure of US temperatures 

anomalies 
M-US-Extreme Average US maximum and minimum temperature extremes 
M-US- 

Anomalies 
Average US maximum and minimum temperature anomalies 

D-US- 
Anomalies 

Difference of maximum and minimum US temperature anomalies   

Drought and precipitations 
PDI First principal component of the PDIs for US Lower 48 Divisions 
EP US extremes in 1-day precipitation   

Oscillation indices 
AO Arctic Oscillation index 
PNA Pacific-North America pattern 
PDO Pacific Decadal Oscillation 
NAO North Atlantic Oscillation index 
SOI Southern Oscillation Index 
ONI Oceanic Niño Index 

Note: All the data on natural determinants are from the National Centers for 
Environmental Information: https://www.ncei.noaa.gov/access/monitoring/p 
roducts/. The average and the robust asymmetry measures for the US and the 
Arctic regions were obtained by collecting data each 5 latitudes/longitudes. 
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and collected the year-to-date temperature anomalies of each gridded 
location. Afterwards, via standard principal component analysis and the 
new QFA, we extracted X70%

A,t and QA,t. (iii) Measures of extreme weather 
conditions, namely the average of the maximum and minimum contig
uous US temperature extremes, the average and the difference of the 
contiguous US maximum and minimum temperature anomalies, and the 
contiguous US extremes in 1-day precipitation. For these three sets of 
series, we use X70%

Extr,t . 
Concerning the drought conditions’ measures, we consider the 

Palmer Drought Index12 (PDI) for each of the contiguous United States 
(the so-called ‘Lower 48’). PDI indicators thus reflect local dryness 
conditions. We narrow down the 48 PDI indicators considering X70%

PDI,t and 
QPDI,t. 

Finally, as climate indices, we select measures covering vast global 
areas, namely: the Arctic Oscillation (AO) indicator, the Pacific-North 
America (PNA) pattern, the Pacific Decadal Oscillation (PDO) indica
tor, the North Atlantic Oscillation (NAO) index, the Southern Oscillation 
Index (SOI), and the Oceanic Niño Index13 (ONI). As with the other set of 
data, we use X70%

OSCI,t for the six climate indices. All nature-related vari
ables are reported in Table 5. 

Fig. 5 and Table 6 depict the set of IAV determinants and their cor
relation with the growth rate of CO2 emission over 1, 2, 4, 6, and 8 
quarters, respectively. Table 6 points out that drought indicators, 
especially X4

PDI,t , and Arctic temperature anomalies, X1
A,t and Q99

A,t, exhibit 
the largest significant correlations with the growth rate of CO2 
emissions. 

5. Results 

5.1. In-sample analysis 

5.1.1. Setting 
For the in-sample analysis, we build thirteen competing models from 

our set of potentially relevant anthropogenic and nature-related pre
dictors (Table 7) and compare them to the ‘baseline’ setting based on a 
direct forecasting framework with four lags of quarterly growth rates, p 
= 4: 

gCO2
t→t+h = β0 +

∑p

j=1
βjg

CO2
t− j→t+1− j + εt. (6) 

Equation (6) describes an autoregressive model with four lags (AR-4) 
and can be obtained as a particular case of eq. (2) by setting γ = 0. Our 
baseline has four lags for two reasons. First, controlling for past-year 
growth rates allows us to parsimoniously consider the potential 
medium-term correlation structure in multi-period CO2 growth rates. 
Second, from a more formal standpoint, we compare the adjusted R- 
squared of four forecasting regressions based on equation (6) with p = 1, 
2, 3, and 4. We estimate the four models for different time horizons, 
namely h = 1, 2, 4, 6, and 8 quarters, and over rolling samples of 25 
years fixed-window. 

Fig. 6 reports the evolution of the adjusted R-squared for each model 

and the five forecasting growth periods. With just a few exceptions, the 
adjusted R-squared of the baseline model with four lags (blue line) is 
consistently equal to or higher than the adjusted R-squared of the other 
AR models with one, two and three lags. 

In this in-sample exercise, the baseline AR-4 model (6) is compared 
to each of our competing models, which augment the baseline with one 
set of the control factors listed in Table 7. Note that all the explanatory 
variables enter the thirteen models with a time delay so that current or 
existing data might help the predictions of future values. 

We perform the in-sample evaluations over the whole sample (static 
setting) and via rolling estimations14 based on fixed windows of 25 years 
(dynamic setting). The choice of the window size averages out the 
window sizes of the macro-based study by Chen et al. (2021) and the 
IAV-based analysis performed by Luo and Keenan (2022), i.e. 30 and 20 
years, respectively. We consider the two approaches since, with the 
rolling window setting, the group of indicators used to predict the CO2 
growth rate and their associated coefficients could vary over time. 
Conversely, with the static setting, we account for the possibility that a 
stable set of predictors may produce less volatile forecasts. 

Fig. 7 reports the ratio between the adjusted coefficient of determi
nation of the baseline AR-4 model over that of each competing 
augmented model for the whole sample estimation. Fig. 8 displays the 
mean ratio between the adjusted R-squared of the baseline model and 
the adjusted R-squared of each competing model for the rolling windows 
estimation. Therefore, models for which the ratio is less than one (red 
scale) have better in-sample goodness of fit than the baseline model. 
Vice-versa, models with ratio larger than one (green scale) underper
form the baseline. For the rolling window analysis, we estimate equation 
(2) for the models described in Table 7 and test null H0 : γ = 0 on every 
window. For each model, we then employ the resulting p-values to 
derive the combined p-value using the method of Benjamini and 
Hochberg (1995) that controls for the family-wise error rate. 

5.1.2. Discussion 
Comparing Figs. 7 and 8, a few points stand out. First, models 

augmented with macro factors (M1 and M4), energy (M5), drought 
(M8), and Arctic factors (M11 and M12) have the strongest in-sample 
predicting power for future growth rates of CO2 emissions in all fore
casting horizons (mainly for time horizons above one quarter). For these 
models, the gains in the adjusted R-squared relative to the AR-4 baseline 
are mostly above 30%, and the null hypothesis on the coefficient γ is 
rejected with a p-value lower than 1%. These results hold both in the 
static and rolling setting, indicating that the in-sample predicting power 
is potentially robust to time variation and structural breaks. To a lesser 
extent, i.e. with lower gains in the adjusted R-squared relative to the 
benchmark, these findings hold also for models augmented with the 
University of Michigan’s Surveys of Consumers (M3) in both static and 
rolling settings and for models enhanced with the Surveys of Profes
sional Forecasters (M2) and World Anomalies Indexes (M10) in the static 
setting. Second, all models augmented with quantile factors have higher 
predictive power than the baseline within a dynamic setting. Instead, 
models enhanced with quantile factors linked to energy and drought 
(M6 and M13) show lower predictive performance in a static framework. 
Finally, models augmented with extreme events (M7) improve short-run 
predictions compared to the baseline, while the climate-oscillation 
variables (M9) outperform the benchmark only for horizons longer 
than six months. 

To the best of our knowledge, this set of results is new in the liter
ature. Differently from Fosten (2019) and Bennedsen et al. (2021) that 
point out the exclusive role of macroeconomic determinants in pre
dicting US CO2 emissions, we also stress the importance of considering a 
broader range of factors when forecasting carbon dioxide emissions. 
Those factors include nature-related drivers, such as local drought 

12 The PDI index proposed by by the meteorologist Wayne Palmer (1985) is 
computed using temperature data and a physical water balance model. As a 
result, the index is able to capture the primary effect of global warming on 
drought through changes in potential evapotranspiration.  
13 The considered climate variables track the patterns of air pressure, winds 

and sea surface temperatures. For instance, the Southern Oscillation Index 
measures the large-scale fluctuations in air pressure between the western and 
eastern tropical Pacific. The Oceanic El Niño Index measures the anomalies in 
the ocean temperatures across the equatorial Pacific Ocean. The Artic Oscilla
tion Index monitors the circulation of the winds around the Arctic. Detailed 
information can be found at the National Centers for Environmental Informa
tion https://www.ncei.noaa.gov/access/monitoring/products. 14 See Luo and Keenan (2022) for a similar approach. 
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episodes and global Arctic anomalies, and consumer and professional 
forecaster surveys that reflect market sentiment. In particular, consumer 
surveys are helpful for predictions in static and dynamic settings, while 
surveys of professional forecasters are valuable in a static environment. 
Drought and Antarctic indices are important factors for all forecasting 
horizons. Oscillation indicators and northern/southern hemisphere 
anomalies are useful for predictions in the long term but not in the short 
term. Finally, different types of quantile factors might contain relevant 
information for predicting CO2 emissions, especially within a 
rolling-dynamic setting. Thus, selecting a more comprehensive group of 
variables is crucial to improve the accuracy of CO2 forecasts since 
sharper predictions can be used to evaluate the policy effort necessary to 
achieve emissions goals to net zero by 2050 and give the world an even 

chance of limiting the global temperature rise to 1.5◦C. 

5.2. Out-of-sample analysis 

5.2.1. Setting 
In the out-of-sample analysis, we split the sample into two equal 

parts: the training sample, spanning from 1972Q1 to 1997Q4, and the 
testing sample ranging from 1998Q1 to 2021Q3. For each forecasting 
horizon, h = 1, 2, 4, 6, and 8 quarters, we consider a rolling window of 
25 years and make predictions with (i) the previous baseline AR-4 
model, eq. (6); (ii) a naïve benchmark model, i.e. the random walk 
which predicts that gCO2

T→T+h = gCO2
T− h→T; (iii) the models with macroeco

nomic, survey data and nature-related variables (see Table 7) and (iv) a 

Fig. 5. IAV factors 
Fig. 5: Note: Shaded areas refer to US drought periods. 

Table 6 
Correlation table: nature-related factors, IAV.  

Correlation with the growth of CO2 emissions  

h = 1 h = 2 h = 4 h = 6 h = 8 

XExtreme 0.078 − 0.025 − 0.012 0.120 − 0.120 
X1

PDI 0.071 0.122* 0.145** 0.033 0.016 
X2

PDI − 0.065 − 0.108 − 0.089 0.114 − 0.098 
X3

PDI − 0.073 − 0.064 0.014 − 0.037 − 0.023 
X4

PDI 0.129* − 0.189*** 0.276*** − 0.258*** − 0.140* 
Q01

PDI 0.020 0.073 0.037 0.135* 0.134* 
Q10

PDI 0.022 0.080 − 0.060 0.004 − 0.026 
Q90

PDI 0.108 − 0.139* 0.167** − 0.079 − 0.086 
Q99

PDI 0.075 0.029 0.041 0.012 − 0.022 
X1

OSCI 0.020 − 0.004 0.105 0.200*** 0.183** 
X2

OSCI 0.003 − 0.118 − 0.195*** 0.088 − 0.063 
X1

WT − 0.052 − 0.110 − 0.185** − 0.177** − 0.188** 
X1

A − 0.069 − 0.120* − 0.213*** − 0.193*** − 0.187** 
X2

A 0.060 0.075 0.028 0.029 0.031 
X3

A 0.015 − 0.035 0.068 − 0.074 − 0.061 
Q01

A − 0.053 − 0.106 − 0.172** − 0.105 − 0.035 
Q10

1A 0.054 0.116 0.209*** 0.156** 0.131* 
Q10

2A 0.033 0.034 − 0.010 − 0.023 0.091 
Q90

1A 0.062 0.104 0.203*** 0.199*** 0.194*** 
Q90

2A − 0.004 − 0.013 − 0.072 − 0.034 0.045 
Q99

A − 0.073 − 0.143** − 0.208*** − 0.180** − 0.160** 

Note: Table 6 reports the correlation between the IAV factors/quantile and the 
growth rate of CO2 emissions over 1, 2, 4, 6 and 8 quarters. h stands for the time 
horizon (quarters).***, **, and * indicate 1, 5 and 10% significance levels, 
respectively. 

Table 7 
In-sample analysis: List of models.  

Benchmark 
name 

Direct forecasting 
equation  

Baseline β0 +
∑p

j=1βjg
CO2
t− j→t+1− j  

Model name Direct forecasting 
equation 

Type of control variables 

M1 Baseline + γX70%
M,t All Macro, except Oil 

M2 Baseline + γXSPF,t Survey of professional forecasters 
GDP growth 

M3 Baseline + γX70%
MSC,t Michigan surveys 

M4 Baseline + γQM,t Quantiles factors of all Macro, except 
Oil 

M5 Baseline + γX70%
E,t Energy series 

M6 Baseline + γQE,t Quantiles factors of Energy series 
M7 Baseline + γX70%

Extr,t US extreme events 
M8 Baseline + γX70%

PDI,t Palmer Drought Index 
M9 Baseline + γX70%

OSCI,t OSCI variables 
M10 Baseline + γX70%

WAI,t World Anomalies Indexes 
M11 Baseline + γX70%

A,t Arctic temperatures 
M12 Baseline + γQA,t Quantiles factors of Arctic 

temperatures 
M13 Baseline + γQPDI,t Quantiles factors of Palmer Drought 

Index 

Note: X70%
V denotes the set of principal components that explain up to 70% of the 

variation of the series V. QV is the set of 1%, 10%, 90% and 99% quantile factors 
of the series V.  
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linear combination of forecasts resulting from those latter models, which 
group all (or a part of) the predictions of the original thirteen models 
using weights obtained via the AIC or the BIC criteria as outlined in 
Section 3. The models with combined forecasts are labelled MAICX and 
MBICX, respectively, where X = 1, …, 7 refer to seven combinations of 
the original models (Table 8). The rationale for presenting combinations 
(or averages) of the models is that they could display better forecasting 
performance than individual models by smoothing out the impact of 

outlier observations. 
Model comparison is carried out using the average loss function 

based on the Root Mean Square Error (RMSE) for mean predictions. Each 
loss function is divided by the loss function of the benchmark model to 
obtain the Score Ratio (SR) 

Fig. 6. Rolling estimates of Adjusted R-squared 
Fig. 6: Note: Comparison of adjusted R-squared. The dates on the horizontal axis represent the beginning of the sample period of the 25 years window used to obtain 
the adjusted R-squared. 

Fig. 7. In-sample Analysis: Heatmap for the ratio AdjustedR2(Baseline)/AdjustedR2(i), whole sample (static setting). 
Fig. 7: Note: AdjustedR2(Baseline) is the Adjusted R2 of model (6). AdjustedR2(i) is the Adjusted R2 of model i. The stars in each cell are related to the p-values for the 
test with null H0 : γ = 0 in eq. (2). ***, **, and *, denote significance at the 1%, 5% and 10% levels, respectively. 

Fig. 8. In-sample Analysis: Heatmap for the mean of 
AdjustedR2(Baseline)/AdjustedR2(i), rolling windows 
(dynamic setting). 
Fig. 8: Note: AdjustedR2(Baseline) is the Adjusted R2 

of model (6). AdjustedR2(i) is the Adjusted R2 of 
model i. The stars in each cell are related to the p- 
value for the combined test (Benjamini and Hoch
berg, 1995) of the null hypothesis that no p-value is 
significant. The combined p-values are for the test 
with null H0 : γ = 0 in eq. (2) in all the possible 
windows. ***, **, and *, denote significance of γ at 
the 1%, 5% and 10% levels, respectively.   
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SRh
j =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑Th

T=1
(ŷT+h,j − yT+h)

2

√

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑Th

T=1
(ŷT+h,benchmark − yT+h)

2

√ (7)  

Here ŷT+h,j is the CO2 growth rate from T to T + h predicted by model j, 
yT+h the realized value, and Th the number of out-of-sample predictions. 
The measure (7) can be used to test if a model outperforms (underper
forms) its benchmark, i.e. SR¡ 1 (SR¿1), via the statistics proposed by 
Clark and West (2007). The Clark and West test is run under the null 
hypothesis of equal predictive accuracy between two competing fore
casts. The online appendix reports the detailed results. Figs. 9 and 10 
instead present the heatmaps based on the SR against the two bench
mark models. In each figure/heatmap cell, we also report the number of 
stars based on the significance of the Clark and West (2007) testing 
procedure. In particular, Fig. 9 indicates that all the considered models 
outperform the naïve benchmark. 

We have finally carried out a more robust model comparison by 
implementing the multiple testing proposed by White (2000). White’s 
test has the objective of mitigating spurious out-of-sample forecasting 
performance substantially. Indeed, White (2000) argued that when a 
‘good’ forecasting model derives from an extensive specification search, 
there is always the possibility that good performances could come not 
from its actual forecasting ability but just by chance. Therefore, he 
proposed the Reality Check test that permits avoiding data snooping (or 
mining) with some degree of confidence so that one does not mistake 
results generated by chance for genuinely good results. The null hy
pothesis is formulated as a multiple hypothesis, i.e. the intersection of l 
one-sided hypotheses, where l is the number of the considered models 
and/or methods of producing forecasts. The null hypothesis of interest is 
that the best model has no predictive superiority over the benchmark. 
Table 9 reports the bootstrap Reality Check p-values for comparing l 
models and/or methods with the AR-4 and naïve benchmarks. In each of 
the two panels of Table 9, we identify the best model based on RMSE, 
using predictions from models M1 to M13 (see Table 7) and from models 
MXYZ1 to MXYZ7 (see Table 8). We consider, for each model, pre
dictions obtained using the linear and the four quantile-based methods, 
meaning that the multiple hypothesis we test involves l = 135(= (13 + 7 
× 2) × 5) different types of predictions. Indeed, in the case of combined 
forecasts we jointly consider the five different methods together with 
in-sample combinations (XYZ = AIC or XYZ = BIC). 

5.2.2. Discussion 
The findings from the out-of-sample heatmaps (Figs. 9 and 10) 

corroborate the in-sample results with a few exceptions. In particular, 
compared to the naïve model (Fig. 9), the forecasting performance of the 

augmented models always improves out-of-sample predictions. The 
reason can stem from the fact that the current values of CO2 growth 
series have little information about their future evolution, as explained 
by Elliott and Timmermann (2016) and as visible from Fig. 1. Compared 
to the AR-4 baseline (Fig. 10), the predicting power of the augmented 
models with macro (M1), energy (M5), drought (M8) and Arctic (M11) 
factors found out in the previous in-sample analysis also hold for the 
out-of-sample forecasts. The quantile factors are instead less powerful in 
the out-of-sample analysis. All the results are robust on how the point 
forecast is obtained; see Section 3. 

It is worth noting that the forecasting power of macroeconomic 
factors is in line with the results of Bennedsen et al. (2021); however, in 
contrast with their findings, we show that the predictive ability of 
macroeconomic covariates is valid for longer forecasting horizons. 
Moreover, while Bennedsen et al. (2021) compare their results to a 
constant growth model, whereby the point forecast is the historical 
mean of the CO2 growth rate up until the time of the forecast, our 
approach is a more conservative one as we use a more performing AR-4 
baseline model. 

The out-of-sample performance of energy factors and local and 
global IAV (PDI index and Arctic) is, to the best of our knowledge, a 
novel result. It indicates that augmenting the forecasting model with 
these types of indicators might result in a substantial gain in forecasting 
power. For short-term forecasting horizons (below one year), our results 
suggest employing local IAV factors, while for longer horizons (over one 
year), it is important to account for ‘teleconnection patterns’15 among 
vast global geographical areas. Thus, our findings, differently from 
Belbute and Pereira (2020), indicate that it is not only useful to consider 
the information included in the stochastic process underlying the 
baseline data but also a richer set of other information that changes over 
time. 

Furthermore, Fig. 9 shows that the combination of models/factors 
always beats the naïve model and Fig. 10 highlights that there might be 
forecasting power gains by combining together macro, sentiment and 
nature-related factors (see models from MAIC1 to MBIC2). Superior 
predictive ability is found for the combinations of forecasts MBIC1,99- 
Quantile that outperform the AR-4 benchmark for h = 2 (see online 
appendix). In some cases, the forecasting accuracy of combined pre
dictions is superior to the accuracy of predictions coming from single 
models. For instance, for the six-quarters horizon, the MAIC7 combi
nation of quantile predictions based on the 99-quantile method has a 
score ratio of 0.987 (and a p-value of 0.049 for the CW test, see online 
appendix). This value is smaller (and thus better) than the score ratios of 
the models M4 (containing macro quantile factors), M6 (including en
ergy quantile factors), M12 (containing Arctic temperature quantile 
factors), and M13 (with Palmer drought quantile factors) on which the 
MAIC7 is based. Indeed, the four models have all score ratios larger than 
one in the case of the 99-quantile method. Our results indicate that 
adding to macroeconomic drivers, nature-related and sentiment factors 
extracted from surveys is a promising route to significantly improve CO2 
forecasting accuracy. This is relevant since accurate forecasting has al
ways been at the forefront of decision-making and planning. 

Finally, the results of White’s test (Table 9) indicate that the best of 
all the models under consideration always has superior predictive ability 
over the naïve Random Walk benchmark. Compared to the AR-4 base
line (Table 9), the best of the M1-M13 models (namely the linear M1 
with macro factors, the 99-quantile M8 with drought, the 99-quantile 
M4 with quantile macro factors and the linear M5 with energy factors) 
outperforms this benchmark for longer time horizons (from h = 2 to h =
8 quarters). All in all, these results suggest that there has been no data 
snooping for the models enhanced with macro factors and models 
augmented with macro, sentiment and nature-related covariates. 

Table 8 
Out-of-sample Analysis: List of models.  

Benchmark name Direct forecasting equation 

Baseline β0 +
∑p

j=1βjg
CO2
t− j→t+1− j 

Naïve gCO2
T− h→T 

Model name Description 

M1-M13 Models in Table 7 
MXYZ1 Combination of all factors 
MXYZ2 Combination of all factors less quantiles 
MXYZ3 Combination of macro factors (M1 to M6) 
MXYZ4 Combination of macro factors less quantiles 
MXYZ5 Combination of IAV factors (M7 to M13) 
MXYZ6 Combination of IAV factors less quantiles 
MXYZ7 Combination of all quantile factors 

Note: The string XYZ can be: i) ‘AIC’, for the case when the combination is via 
AIC; or ii) ‘BIC’, for the case when the combination is via BIC. 

15 Teleconnection patterns refer to large-scale changes in the atmospheric 
wave and jet stream dynamics. 
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6. Conclusions 

Forecasting has always been a key element in decision-making and 
planning. In this study, we perform point predictions of short- and 
medium-term, i.e. up to 2-year, US energy CO2 emissions using different 
forecasting methods for the period 1972Q1-2021Q3. We consider, as 
potential predictors, large-scale series of anthropogenic and local (i.e 48 
States in the US plus the District of Columbia) and global interannual 
variability indicators and extract a small number of factors common to 
this set of variables using the classical Principal Component Analysis and 
the novel Quantile Factor Modelling Analysis. The extracted factors are 
then used as explanatory variables to predict CO2 growth rates over 
different forecast horizons. We assess the in-sample and out-of-sample 
forecasting power of the resulting models and compare them to a 
naïve (Random Walk) and baseline (with only past quarterly CO2 growth 

rates) benchmark. The results show that models augmented with 
anthropogenic and nature-related indicators outperform the naïve and 
baseline settings, thus revealing their importance in predicting carbon 
dioxide emissions. In particular, factors extracted from macroeconomics 
data, energy series, drought indexes and Arctic temperature anomalies 
improve in-sample and out-of-sample forecasting power. In addition, 
market sentiment, especially the ‘soft’ information coming from the 
University of Michigan’s Surveys of Consumers, helps to improve in- 
sample forecasts. Furthermore, we document that model combinations 
tend to ameliorate out-of-sample forecasts particularly, over a two 
month forecasting horizon. These results have important policy impli
cations. First, accurate emissions projections could derive not only from 
the information included in the stochastic process underlying the 
baseline data but also from a broader set of economic, nature-related 
and sentiment information that vary over time. Therefore 

Fig. 10. Out-of-sample Analysis: Heatmap for SR, eq. 
(7). Benchmark: baseline model. 
Fig. 10: Note: SR is the ratio between the RMSE of a 
given model and the one of the benchmark model 
(baseline model). The baseline model is given in eq. 
(6). The stars in each cell are related to the p-values 
for the null hypothesis of equal predictability (test of 
Clark and West, 2007). ***, **, and *, denote signif
icance at the 1%, 5% and 10% levels, respectively.   

Fig. 9. Out-of-sample Analysis: Heatmap for SR, eq. (7). Naïve benchmark. 
Fig. 9: Note: SR is the ratio between the RMSE of a given model and the one of the benchmark model (Random Walk). The stars in each cell are related to the p-values 
for the null hypothesis of equal predictability (test of Clark and West, 2007). ***, **, and *, denote significance at the 1%, 5% and 10% levels, respectively. 
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policymakers could ponder among several sources of information when 
assessing and forecasting the evolution of CO2 emissions, including 
climate extremes and severe drought episodes. Second, short-medium- 
term forecasts represent a relevant tool to gauge the precise nature of 
the current CO2 threats and to evaluate the policy effort involved in 
reaching the intermediate and final targets defined by IPCC for 
achieving carbon neutrality in 2050. Third, models such as the one 
proposed could provide information essential for further climate policy 
planning and subsequent negotiation agreements. Given the importance 
of monitoring pollutant emissions, future work could build on our 
approach complemented with models to forecast the probability of tail 
events, as in Algieri and Leccadito (2019), for GHG releases at a global 
level or to predict other pollutant components such as N2O and SO2. 
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