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Abstract: Natural gas consumption in Europe has undergone substantial changes in recent
years, driven by geopolitical tensions, economic dynamics, and the continent’s ongoing
transition towards cleaner energy sources. Furthermore, as noted in the International
Energy Agency’s Gas Market Report 2025, natural gas demand is becoming increasingly
sensitive to fluctuations in weather patterns, including cold snaps and heatwaves. These
factors make the task of forecasting future annual consumption particularly challenging
from a statistical perspective and underscore the importance of accurately quantifying
the uncertainty surrounding predictions. In this paper, we propose a simple yet flexible
approach to issuing dynamic probabilistic forecasts based on an additive time series model.
To capture long-term trends, the model incorporates a deterministic component based on
the Guseo—Guidolin innovation diffusion framework. In addition, a stochastic innovation
term governed by an ARIMAX process is used to describe year-over-year fluctuations,
helping to account for the potential presence of variance nonstationarity over time. The pro-
posed methodology is applied to forecast future annual consumption in six key European
countries: Austria, France, Germany, Italy, the Netherlands, and the United Kingdom.

Keywords: dynamic probabilistic forecasting; Guseo-Guidolin model; ARIMAX

1. Introduction

Natural gas consumption in Europe has undergone significant changes in recent
years, driven by geopolitical tensions, economic factors, and the continent’s transition
toward cleaner energy. Traditionally reliant on imports from Russia, European countries
have diversified their energy sources following the 2022 invasion of Ukraine, leading to
a sharp decline in Russian pipeline gas and a surge in liquefied natural gas imports from
the U.S., Qatar, and others. Total gas demand dropped in 2022 and 2023 due to high
prices, energy conservation efforts, and a shift towards renewables (see, e.g., [1]). The
decline was especially notable in industrial sectors, which reduced production or switched
fuels. Despite this, natural gas remains an important part of Europe’s energy mix as the
region gradually transitions to a more sustainable and energy-secure future, particularly
for heating and backup power generation.

According to the International Energy Agency Gas Market Report 2025, natural gas
demand is becoming more sensitive to changes in weather patterns, including cold snaps
and heat waves. Climate change is driving more extreme weather events; at the same
time gas-based generation plays an increasingly important backup role in markets with a
growing share of variable renewables, where it ensures security of the electricity supply at
times when wind and/or solar output is low.
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In Europe, slow wind speeds in the first half of November 2024 led to a sharp decline in
wind power output year-over-year. Gas-fired power plants played a key role in providing
backup to the power system, seeing their output increase by nearly 80% year-over-year.
Higher gas demand was primarily met through larger storage withdrawals. Even if it is
still uncertain what caused the massive blackout in Spain and Portugal at the end of April
2025, it is hypothesized that a sudden decrease in renewable energy production could have
unbalanced the electricity network, where natural gas would have ensured stability.

These events highlight the need for a careful assessment of investment in the assets
that enable the secure delivery of gas, including gas storage, as well as the development of
mechanisms that allow for greater supply flexibility. In order to inform effective industrial
planning and investments, it becomes critically important from a statistical perspective
to forecast annual consumption levels for the coming years, with particular attention
to quantifying the degree of uncertainty associated with the predictions and accounting
for potential developments in key climatic factors such as temperature trends. Similar
considerations have been suggested in [2], Section 1.1 as well as in [3].

The scientific literature on forecasting natural gas consumption has expanded recently
as natural gas becomes an increasingly critical part of the global energy transition as well
as for reasons concerning market volatility and environmental sustainability. Forecasting
methodologies have evolved significantly over the past several decades, ranging from
statistical models to machine learning and deep learning techniques, as highlighted in [4],
for example. As outlined in [5], the development of forecasting models can be categorized
into four stages. Time series models have proven to be the best models for long-term predic-
tions, while artificial intelligence approaches show better results in short- and medium-term
forecasting. Recent studies have emphasized the importance of incorporating external
variables such as meteorological conditions [3] along with economic indicators such as
GDP and inflation [6]. When focusing on short-term time horizons, recent approaches
based on convolutional network models have been proposed to capture complex seasonal
demand patterns by applying multiple seasonal-trend decompositions in order to sepa-
rate time series into their periodic patterns and residual components; see, e.g., [7]. On a
regional level, hybrid models have been proposed to address nonlinear trends, particularly
in the European Union’s short-term monthly demand forecasts [8]. On the other hand,
comprehensive reviews and scenario-based forecasting frameworks highlight the growing
necessity of integrating environmental and sustainability factors into long-term demand
modeling; see [9,10]. In particular, [10] observed that most long-term gas prediction studies
fail to adequately consider environmental aspects; the authors stressed the importance
of considering these influencing factors when forecasting gas demand from national and
global perspectives.

The evolving landscape of natural gas demand reflects the need for new approaches
that can inform strategic energy planning and policy-making in an era of rapid change.
Embracing this perspective, we take a long-term perspective in this paper by modeling
the annual consumption of natural gas in a selected number of European countries while
accounting for the possible effect exerted by the change in temperatures. In particular, our
modeling approach builds upon a well-accepted methodology to capture nonlinear trends
in annual energy consumption data, then proposes a subsequent forecasting procedure for
proper management of the residual variability observed in the data.

The most comprehensive and suitable form of forecasting in this context is probabilistic,
relying on the construction of entire predictive distributions for the quantities of interest;
see, e.g., [11-13]. However, this approach presents several challenges due to the dynamic
structure of the forecasting task within a time-dependent framework and the limited
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availability of data, which renders non- and semi-parametric methods impractical; see,
e.g., [14], Ch. 12.7.

Therefore, an effective solution for probabilistic forecasting of annual consumption
levels requires models with a moderate number of parameters as well as sufficient flex-
ibility to account for the variability in temperature patterns and accurately capture the
evolving dynamics of gas consumption. In this work, we propose a dynamic forecasting
method based on an additive time series model that addresses such desiderata. The latter
incorporates a deterministic component based on the Guseo—Guidolin model (GGM) [15]
to capture long-term trends alongside a stochastic innovation term governed by an au-
toregressive integrated moving average process with explanatory variables (ARIMAX) to
describe annual fluctuations. This approach accounts for both mean drifts and potential
variance nonstationarity over time of gas consumption levels. In particular, including mean
surface air temperature (yearly average) as a covariate allows us to track consumption
variations spurred by fluctuations in climate conditions.

Methodologically, our procedure consists of two steps: first, the parameters of the
GGM are estimated using the original series of consumption levels and the resulting trend
estimate is used to filter the series; second, an ARIMAX model is fitted to the residual
component using a Bayesian approach, which is well-suited for estimating the distribution
of the (unobservable) innovations through the posterior predictive distribution. Afterwards,
a predictive distribution for k-years-ahead gas consumption levels is obtained by shifting
this estimate using the GGM projected trend. The proposed methodology is applied to
forecast future consumption in six key European countries: Austria, France, Germany, Italy,
the Netherlands, and the United Kingdom. We emphasize that our focus is on developing
a procedure that reliably captures historical consumption trends across different countries
and on using prediction intervals to offer plausible and dependable ranges for future
gas consumption.

The rest of this paper is outlined as follows: in Section 2, we describe the gas con-
sumption data and covariates used to train the forecasting methods across countries; in
Section 3, we discuss the considered statistical models and predictive tools; in Section 4, we
present the results of our analysis, which forecasts a reduction in gas consumption levels
in the coming years up to 2028; finally, Section 5 briefly discusses possible directions for
future work.

2. Data

Our statistical analysis aims to predict gas consumption while accounting for tem-
perature, which is known to significantly influence gas demand (e.g., [16]). Data on
gas consumption from 1965 to 2023 were taken from the Energy Institute (see https:
/ /www.energyinst.org/statistical-review, accessed on 18 May 2025) on a yearly time
interval. The consumption amounts exclude natural gas converted to liquid fuels but
include derivatives of coal and natural gas consumed during gas-to-liquid transformation.
Consumption in exajoules for Austria, France, Germany, Italy, and the UK from 1965 to
2023 is plotted in Figure 1. These countries were selected due to their being the largest
consumers of natural gas in Europe (France, Germany, Italy, Netherlands, UK) in order to
provide a general overview of the European landscape in terms of gas consumption. In
contrast, Austria was selected as an example of a small country in order to test our model’s
applicability to less central market contexts.

Following a sustained upward trend, a downward shift emerges across all six of
these countries in the second decade of the 2000s. In particular, a strong year-over-year
decline is visible in all countries in 2022, when natural gas demand in the European
Union fell by 13.2%. This decline was concurrent with an increase in variability, making
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the prediction of consumption particularly difficult. We consider the observed annual
average mean surface air temperature in centigrade degrees an explanatory variable. These
data are publicly available from the World Bank through the Climate Change Knowledge
Portal (see https://www.worldbank.org/en/topic/climatechange, accessed on 18
May 2025) and are reported in Figure 2 for the time window ranging from 1965 to 2023.
With rising temperatures, all six countries are deemed vulnerable to climate change; in
particular, an increasing risk of heat waves is reported for France and Germany, while an
upward trend in extreme temperatures is recorded for Italy. As temperatures rise due to
climate change, natural gas usage for heating is anticipated to decline. At the same time,
electricity consumption for cooling is projected to increase, as recently highlighted for other
geographic areas, e.g., by [17]. The ultimate goal of this work is to formalize this uptake in
rigorous statistical terms using predictive distributions and prediction intervals.
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Figure 1. Yearly gas consumption (dotted lines) by country from 1965 to 2023.
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Figure 2. Annual average mean surface air temperature (dotted lines) by country from 1965 to 2023.

3. Methods

This section illustrates the adopted statistical models and predictive inference tech-
niques. We model gas consumption at time ¢ in an additive fashion:

Gr =g(1;9) +Yi @

where g(+;9) is a deterministic function of time depending on unknown parameters ¢
and where (Y}) is a stochastic non-observable time series. In particular, g(-; #) describes
the long-run trend of gas consumption, while the time series (Y;) captures the annual
fluctuations around the trend, accounting for possible short-range dependence across years.
In practice, our statistical methodology is based on preliminary estimation of parameters
¥ based on a finite stretch (Gt)tT:T0 of gas consumption of length n = T — Ty + 1. From
this, we obtain fitted values of gas consumption Ct(") = g(t;9,), from which residuals
Yt(”) = Gt — ét(T) are then obtained. As illustrated in the next subsections, we model
g(t;9) through a diffusion equation, notably via GGM, and analyze residuals through
ARIMAX time series models. By combining these two steps, k-steps-ahead point forecasts
and predictive regions for future gas consumption can be produced.
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3.1. GGM

Innovation diffusion models have been proven to be especially suitable in modeling the
consumption dynamics of both nonrenewable and renewable energy sources. The literature
on innovation diffusion models applied in the energy context expanded in the 2000s due
to these models’ ability to effectively capture the nonlinear and evolutionary nature of
energy consumption processes. Building on seminal works by [18,19], which suggested
that innovation dynamics in energy systems are similar to those in other commercial
sectors because new forms of energy need to be integrated into society, a growing body
of contributions has studied the spread of energy technologies. This approach considers
new energy technologies as new products that need to gain market acceptance through
collective decisions and market mechanisms such as incentives, tariffs, and price changes,
which are well captured by models such as the Bass model [20] and its extensions. A recent
line of research has focused on the dominant role of nonrenewable energy technologies
in the energy transition, leading to the development of multivariate models such as those
employed in the works of [21-23]. For recent reviews on the use of innovation diffusion
models in energy markets, see, e.g., [24-26].

The Guseo-Guidolin model (GGM) [15] was developed to provide a flexible extension
to the basic Bass model that ensures greater predictive ability.

Following [15,25], this generalization of the BM considers a dynamic market potential
m(t), which can be formulated as

Z'(t) = m(t) {p + q;((tt))} {1 - ;((tt))} +m'(t) ;((tt)), t > 0. )
Equation (2) describes instantaneous adoptions z’'(t) using a BM with m(t) plus a factor
m'(t)z(t)/m(t) that assigns z'(t) a portion of the variation of the market potential m/(t),
which is the growth rate z(t) /m(t). In Equation (2), the variation of the market potential
m’(t) has an effect on instantaneous adoptions z'(t), which may be either positive and
reinforcing (if m(t) is increasing) or negative (if m(t) is decreasing). This expresses the
idea that a product’s adoption gains an extra benefit from an expanding market potential,
whereas a declining market weakens the process. Equation (2) can be conveniently re-
arranged as follows:

2 (t)m(t) —z()m'(t) _ {z(t) ]’ _ [p+qz(t):| {1 z(t)} 3)

m2(t) (t) m(t)

Equation (3) provides a useful representation, which by setting y(t) = z(t)/m(t) yields

m(t) ]’

y(t) =p+ayt)(1—y(t)),

that is, the standard BM. The generalization of the BM, where m(t) is time-dependent, has
following closed-form solution:

1 — e~ (p+a)t
1+ %ef(pﬂ)f'

z(t) = m(t) (4)

Equation (4) clearly shows that m(t) is a free function which multiplies the dynamics of the
diffusion process expressed by parameters p and g. The function m(t) may take several
structures depending on the hypotheses about the market potential development.

In [15], a suitable specification for m(t) was proposed by adopting the hypothesis that
the development of the market potential depends on a communication process about the
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new product or technology, which typically precedes the adoption phase and serves the
purpose of building the market.

In particular, the dynamic market potential m(t) is defined according to a
BM-like structure:

1 — = (petge)t

m(t) =K W. (5)
In Equation (5), the parameters p. and g, govern the communication process. The param-
eter p. describes the behavior of innovative consumers who start to talk about the new
product, whereas g, represents those forces spreading the word after they have received
the information, making it “viral”. The K parameter indicates the asymptotic behavior of
m(t), when all informed consumers will eventually become adopters.
The GGM has the following cumulative structure:

1—e=(Petae)t 1 — o= (pstaot
£ =K .
2(t) 1+ Ee (i 14 Eo Gbadt’ 17 0 (6)

In Equation (6), cumulative adoptions z(t) are described as the product of two separate and
distinct phases: the communication process, with parameters p, and 4., and the adoption
process, with parameters ps and gs. Note that the BM may be seen as a special case of the
GGM in which the spread of information is so fast that a set of potential adopters are ready
to purchase as soon as the product enters the market, i.e., m(t) = K.

The rationale for using the GGM in analyzing energy consumption dynamics while
accounting for the two phases of communication and adoption is that energy sources can
be considered as technologies that require acceptance by markets and social communi-
ties. This process implies the need to build consensus regarding their use and benefits,
which is best described through a two-phase diffusion process, as explained in [24]. More-
over, the GGM shows greater flexibility in fitting the data, as it is able to capture local
phases of growth, slowdowns, and resumptions in the data within a parsimonious and
interpretable framework.

The results of applying the GGM to the selected countries are reported in Table 1,
while the fitted values are shown in Figure 3. By inspecting the predicted trajectories in
Figure 3, it can be seen that the GGM is able to capture the mean nonlinear behavior of the
data in a quite satisfactory way; the accuracy gain over the simpler Bass model in terms of
residuals sum of squares is further illustrated in Appendix A .4.1. The residual variability is
handled using the methodology illustrated in Sections 3.2 and 4.

Table 1. Estimated GGM parameters ¢ (bold) with lower and upper bounds of 0.95-confidence intervals.

K Pe qc Ps qs
199.963 0.0031  —0.270  0.0038  0.0522
Austria —20,857.74 —0.6507 —0.635  0.0037 0.0502

21,257.67 0.6568 0.094 0.0039  0.0542

483.066 0.0046 —0.1042 0.0036 0.0557
France —8941.58 —0.1804 —0.1427 0.0029 0.0464
9907.713 0.1896 0.0657 0.0043  0.0649

196.9515 0.0037 0.4163  0.00397 0.0568
Germany 193.1412 0.0018 0.3587  0.00393 0.0555
200.7619 0.0055 0.4740  0.00402 0.0582
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Table 1. Cont.
K Pc qc Ps qs
531.580 0.028 —0.417 0.0026 0.0749
Italy —32,123.15 —3.540 —2.629 0.00221 0.0733

33,186.31 3.596 1.795 0.00231 0.0766

86.895 0.00113 0.088 0.027 0.202
Netherlands 85.562 0.00109 0.086 0.023 0.178
88.228 0.00117 0.091 0.031 0.227

742.782 0.0058 —0.1197 0.0029 0.0765
UK —33,563.18 —0.5505 —0.2673 0.0018 0.0629
35,048.74 0.5622 0.028 0.0041 0.09

T T T T T T T f T T T T T T
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Figure 3. Estimated means of gas consumption (red solid lines) and actual consumption (dotted lines)
from 1965 to 2023 via frequentist estimate of GGMs based on the whole time series.

3.2. Bayesian Analysis of GGM Residuals Through ARIMAX

Autoregressive moving average models with explanatory variables (ARMAX) models
are among the most popular univariate time series models incorporating information from
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covariates (see, e.g., [27], Ch. 8). For a time series (Z¢) and associated r-dimensional
covariates (W;), an ARMAX(p, q) prescribes that

p q
Ze=p+ Y 0/(Zisi—p)+ Y pier—i e+ B W, 7)
i=1 i=1

where (¢;) is Gaussian white noise with variance 2, 8 = (B1,..., ,8,)—r is a vector of
regression coefficients, and the parameters ¢y, ..., ¢, satisfy a stationarity condition. In
cases involving time series that exhibit variance nonstationarity, the following extension
of ARMAX is frequently considered: for a time series (Y;) and associated r-dimensional
covariates (X;), an ARIMAX of order (p,d,q) (e.g., [28]) postulates that the model in
Equation (7) applies to Z; = V;Y; and Wy = (VX;4,. .., ViXir) ', where V, is the d-th
difference operator.

A Bayesian data analysis based on ARIMAX models begins by specifying a prior
distribution 77 on model parameters & := (u,0,6,¢,p), where 6 := (6y,...,6,) and
Y = (¢1,...,¢,) are the AR and MA parameters, respectively. Then, denoting the
observed realizations of the differenced time series and covariates up to time f by

Dy = (z¢,wt, 24—1, Wi—1, - - .), the posterior distribution 77( - |Dy) is defined through Bayes’

_ Jyp(DE)m(de)
J=p(DiE)m(dE)’

where B is any Borel subset of the the parameter space E and ¢ — p(D¢|¢) is the likelihood

rule via

7(B|Dy) (8)

resulting from the recursive representation in Equation (7). Notably, the posterior distribu-
tion also induces a predictive distribution for the next observation of the differenced time
series Z; 1 given covariate inputs w; 1, i.e.,

p(zt41|Dt, wiy1) :/P(Zt+1\Dt,ztﬂrg)n(d‘fmt)? )

=
el

in turn, a posterior predictive density p(y;+1|D¢, X14+1) of the next observation of the time
series Y; 1 is obtained through the relation Y;; = SdZtH, where 57 is the d-th summa-
tion operator (see, e.g., p. 97 in [29]). These considerations naturally extend to predic-
tion of the next k > 1 observations (Y;1,...,Y; k) for given covariates x;11,...,X;k;
see [30], Chapter 1.3 for a comprehensive account. Predictive distributions are a key tool
for k-steps-ahead probabilistic forecasting; among other things, they are useful for pro-
ducing predictive regions C;, j(«) for Y;,; with predefined 1 — a predictive probability,
ie, fcw P+l Dt x4 j)dyeyj = 1 —afor j = 1,..., k. Classical examples include the
highest predictive density regions and intervals of the form (Q;;(/2), Q;;(1 —a/2)),
where Q;;(+) is the quantile function associated with the j-steps-ahead predictive density
p(Yt+j|Dt, x4 ). Although posterior probabilities and predictive densities are not available
in closed form, they can be approximated through Markov chain Monte Carlo methods
(see [31,32], Ch. 6.12), after which predictive regions can be obtained accordingly.
Consider a certain ARIMAX(p,d,q) model, say, M. Given an observed stretch
from a time series (v, xt)tT:TO consisting of n = T — Tj + 1 realizations, the model’s
fit can be assessed through marginal likelihood or evidence, which is the denomina-
tor in the expression of posterior probability in Equation (8) with ¢t = T. In par-
ticular, because the n-rescaled log marginal likelihood allows for the representation
Llogplyr,) +1 ZtT:TO +11log p(yt|Di—1, x¢), the model with the highest marginal likelihood
can be interpreted as the one with the highest empirical log predictive score. Given a
candidate model M and a baseline model M, the ratio between the marginal likelihood
obtained using the former and the latter, denoted by BF(M; M), is the celebrated Bayes
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factor (e.g., [33], p. 135). Therefore, model selection by maximization of the Bayes factor
is analogous to maximization of the marginal likelihood. In our context, the illustrated
Bayesian methods based on ARIMAX models are applied to analysis of the GGM residuals
Yy = yE”) reported in Figure 4. We use the mean temperatures x; in Figure 2 as explanatory
variables, with the Bayes factor used as an initial metric to identify most suitable values
for p, d, and q. Importantly, the ability to fit an ARMAX model to the differenced residuals
series, as foreseen in ARIMAX modelling, enables the handling of variance nonstation-
arity over time when necessary. In our context this seems to be the case for some of the
data, e.g., for Germany, where residuals exhibit an increasing degree of variability in more
recent years.
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Figure 4. Residuals from GGM fit (dotted lines).

Because our ultimate interest is in the prediction of gas consumption, a simple alter-
native way to validate the one-step-ahead forecasting ability of model M is as follows:
let T; be a time instant between Ty and T; then, for t = T;,T; +1,..., Ty + T, — 1, recur-
sively fit a GGM to gas consumption levels up to time ¢, g7, ..., g:; compute residuals

(1) ()

yr,'s---Yy  wheren; =t —Ty+1,and compute a one-step-ahead predictive region for
the next residual Cy1(a); compute the GGM-predicted value for the next gas consumption

().
t+17

shifted region C; 1 = Cyy1(a) + gAEitl) By following this routine, it is ultimately possible to

level g, "/; finally, check whether the observed realization g;; is actually covered by the

compute the empirical coverage proportion, as follows:

1 T-1

T—T, t;Tl 1(gr41 € Crpa(w)). (10)

In the next section, both Bayes factors and empirical proportions are deployed as metrics to
identify the models with the best predictive fit. It is important to stress that at each step
of the above recursion we obtain not just a predictive region C;, but an entire predictive
density for G;1, which is done by shifting the predictive density for residual at time ¢ + 1,
ie., by p(gi41 — gﬁfﬁf | Dy, xt+1), for which the mean
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ﬁﬁi‘f = §ET1) + /yt+1p(yt+1|7)t, Xp41)dYis1 (11)

sets out as a point forecast for G;; 1. Note that the latter decomposes as the sum of the GGM
prediction and the predictive mean of the residual at time ¢ + 1, thereby offering a more
flexible predictor than a sole GGM point forecast.

4. Results

In this section, we illustrate how a hybrid frequentist-Bayesian method allows us to
construct predictive distributions for gas consumption over time by leveraging frequentist
estimation of the trend through the GGM and accounting for short-term fluctuations
through Bayesian dynamic estimation of the GGM residuals’ distribution. The GGMs were
fitted to the data using the R package DIMORA (see [34]), while our Bayesian analysis of the
GGM residuals was performed using the R package bayesforecast (see [35]). Details on
the prior distributions and computational settings are deferred to Appendices A.1 and A.2.
We deeply investigated the predictive performance of the model class ARIMAX(p,d, q)
with values of p = 0,1,2,d = 0,1, and g = 0,1,2. Difference orders d larger than 1
were excluded following an initial inspection, revealing that very unstable forecasts are
progressively produced for these cases. Furthermore, AR and MA orders larger than 2 were
neglected because they produce models with more parameters than necessary to obtain
satisfactory results. Our findings on the best ARIMAX models in terms of Bayes factors and
predictive coverage are summarized in Table 2 and detailed below in Sections 4.1 and 4.2,
respectively. The obtained results on probabilistic forecasts of gas consumption based on
the GGM and the best-performing models for residuals are presented in Section 4.3.

Table 2. Best model for each country according to either Bayes factor or empirical coverage (and
mean interval width).

Bayes Factor Predictive Coverage

Austria ARMAX(1,2) ARIMAX(0,1,2)
France ARIMAX(0,1,0) ARIMAX(2,1,0)
Germany ARIMAX(0, 1,0) ARIMAX(1,1,0)
Italy MAX(2) ARIMAX(2,1,1)
Netherlands ARIMAX(0,1,1) ARIMAX(2,1,1)
UK ARIMAX(1, 1,0) ARIMAX(2,1,1)

4.1. Bayes Factors

To compare models in terms of the Bayes factor, we used ARIMAX(0,1,0) as the
baseline model Mj. Computation of the Bayes factor was performed through bridge
sampling (see [35], pp. 12-13). According to the Bayes factor, in the case of Austria, the
ARMAX(1,2) and MAX(2) models neatly outperform the others, with recorded values
equal to 24.907 and 22.411, respectively. For France, ARIMAX(0, 1,0) is by far the best
model, with second and third best models being ARIMAX(0,1,1) and ARIMAX(0,1,2),
with Bayes factors equal to 0.141 and 0.111, respectively. The case of Germany is similar,
with ARIMAX(0, 1,0) outperforming all other models and the second and third best models
being ARIMA(0,1,1) and ARIMAX(1,1,0), with Bayes factors equal to 0.147 and 0.111,
respectively. For Italy, the ARMAX(1,2) and the MAX(2) models achieve the best Bayes
factor, with 4.129 and 4.497, respectively. In the case of the Netherlands, the largest Bayes
factor by far is computed for ARIMAX(0, 1,1), equaling 90.909, with the second and third
best models being ARIMAX(0,1,2) and ARIMAX(1,1,1) with Bayes factors of 24.522
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and 14.804, respectively. Finally, for the UK the largest Bayes factors are obtained by
ARIMAX(1,1,0) and ARIMAX(0,1,1), with 1.904 and 1.24, respectively.

The posterior means and 0.95-credibility intervals for the parameters of the models
selected on the basis of Bayes factor are reported in Table 3. Not surprisingly, the last column
shows that the regression coefficients are significantly different from zero and negative,
highlighting how an increase in average temperatures is associated with an expected
decrease in the level of gas consumption. This can be explained by the significant fraction
of consumption attributable to heating; for example, according to the latest EUROSTAT
survey (dated 2022), the percentage of energy used by households for space heating is 63.5%
for the European Union, and specifically 60.6% in the Netherlands, 66.1% in Germany,
67.3% for France and Italy, and 68.6% for Austria. Additionally, around 14.78% of energy
consumed in the European Union is used for water heating, with this figure rising to 16.74%
in Germany and 19.04% in the Netherlands, while it drops to the still notable levels of
10.27%, 10.49%, and 14.02% for France, Italy, and Austria, respectively. The largest share
of the European Union’s final energy consumption in the residential sector is covered by
natural gas, accounting for 30.9% of the total, with peaks up to 37.97%, 49.84%, and 66.20%
for Germany, Italy, and the Netherlands, respectively.

Table 3. Posterior mean (bold) and lower and upper boundary points of 95%-credibility intervals of
ARIMAX parameters based on the whole time series of GGM residuals from 1965 to 2023 for the best
models according to Bayes factor in Table 2.

(p.d,9) I o 61 62 1 P2 B

0.0722 0.011 0.2856 — 0.5356 0.6553 —0.0104

Austria (1, 0, 2) 0.04950 0.0095 0.0558 — 0.3087 0.4591 —-0.0136
0.0950 0.0131 0.5002 — 0.7860 0.8350 —0.0071
0.0006 0.0498 — — — — —0.0942

France (0,1,0) —0.0101 0.0425 — — — — —0.1114
0.0115  0.0585 — — — — —0.0770
0.0071 0.1023 — — — — —0.1215

Germany (0,1,0) —0.0152 0.0875 — — — — —0.1503
0.0296  0.1198 — — — — —0.0926
0.6361 0.0891 — — 0.7073 0.9027 —0.0490

Italy (O, 0, 2) 0.2957  0.0756 — —  0.6062 0.7124 —-0.0769
0.9826 0.1046 — — 0.8054 0.9950 —0.0217

0.004 0.046 — — 0437 — —0.078

Netherlands (0,1,1) —0.011  0.039 - —  0.261 - —0.088
0.018 0.054 — — 0593 — —0.068
0.0107 0.1205 0.2773 — — - —0.2123

UK (1,1,0) —0.0149 0.1027 0.0868 — — — —0.2707
0.0363 0.1411 0.4671 — — — —0.1535

4.2. Empirical Coverage Proportions

To compare the models in terms of empirical proportion ¢, we split the residuals time
series into two batches: one representing the minimum training set from 1965 to 1995, and
another collecting validation data from 1996 to 2023 to be predicted in dynamic fashion
using samples of progressively increasing size. According to the notation introduced in the
previous section, we have T7 = 31 and T — T; = 27. We consider predictive intervals

Crin(@) = (Quur(@/2) + &1, Qra(1 —a/2) + 1Y),
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where n; = t —1965+1, t = 1996, ...,2023 for both the commonly used predictive
probability level 1 —a = 0.95 and the more conservative level 1 —a = 0.99. In passing,
it should be noted that because Q;1(«) is the a-quantile of the predictive distribution of
the residual at time t + 1, in view of Equation (1), §£i’l) + Q¢+1(x) provides an estimate
of the a-quantile of gas consumption Gy for any « € [0,1]. In addition to the coverage
proportion, our analysis also accounts for the mean interval width

1 2022
W= o7 Z (Qrr1(1 —a/2) = Qp1(a/2)).
t=1965

When comparing two models with similar coverage proportions, the one with the smallest
W is preferred. The findings are summarized below.

*  Austria: For Austria, the best coverage level for the 0.95-predictive intervals equals
0.893 and is achieved for ARIMAX(0,1,2), with the mean interval width equal
to 0.043. Concerning the 0.99-predictive intervals, the best registered propor-
tion is 1, which is attained by ARIMAX(0,1,0), ARIMAX(1,1,1), ARIMAX(2,1,1),
and ARIMAX(2,1,0). The second best coverage proportion is 0.964, achieved by
ARIMAX(1,1,0), ARIMAX(0,1,1), and ARIMAX(0,1,2). The mean interval widths
for all of the above models are close to each other, ranging between 0.055 and 0.057.
Because the gap between the best and second-best proportions for the 0.99-predictive
intervals lies in covering one additional realization and because all of the aforemen-
tioned models have sensibly smaller values of ¢ for the 0.95-predictive intervals than
ARIMAX(0, 1,2), the latter provides the most reasonable model selection.

e  France: For France, ARIMAX(2,1,0) provides the best results for both the 0.95- and
0.99-predictive intervals, with empirical coverage levels equal to 0.821 and 0.893 and
mean interval widths equal to 0.161 and 0.214, respectively.

e Germany: In the case of Germany, ARIMAX(1,1,0) yields ¢ equal to 0.857 and 0.893
and mean interval widths equal to 0.343 and 0.457, respectively.

¢ Italy: For Italy, the model yielding the highest value of ¢ for the 0.95-predictive
intervals is ARIMAX(2,1,1) with 0.857. This model is also among those with the
second-best coverage proportions for the 0.99-intervals, with a level of 0.892. Although
other models have higher coverage for the 0.99-intervals (e.g., ARIMAX(1,1,1) and
ARIMAX(0,1,0) reach 0.928, with an additional covered realization), they have much
worse coverage proportions for the 0.95-intervals.

*  Netherlands: In the case of the Netherlands, the highest values of ¢ are observed
for ARIMAX(1,1,1) and ARIMAX(2,1, 1), with levels of 0.893 and 0.964 for the 0.95-
and 0.99-predictive intervals, respectively. Moreover, the mean interval widths are
essentially comparable, equaling 0.169 for both ARIMAX(1,1,1) and ARIMAX(2,1,1)
in the case of the 0.95-intervals. For the 0.99-intervals, a slightly smaller mean interval
width is registered with ARIMAX(2,1,1) than with ARIMAX(1,1,1), at 0.225 and
0.226, respectively.

e  UK: For the UK, ARIMAX(2,1,1) exhibits results of ¢ = 0.857 and ¢ = 0.892 for
the 0.95- and 0.99-predictive intervals, which are the highest for both. The same
model yields mean interval widths of 0.432 and 0.563 for the 0.95- and 0.99-predictive
intervals, respectively.

Figure 5 reports the dynamic one-step-ahead 0.95- and 0.99-predictive intervals for
the models deemed to show the best performance along with the corresponding dynamic
one-step-ahead point forecasts using Equation (11). Here, particularly difficult realizations
to cover include those for 2014, 2016, 2022, and 2023. In 2014, gas demand in the European
Union fell by over 11% as a result of warmer temperatures that reduced the need for
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heating. This year was the warmest on record in the Netherlands and Germany, following
a colder than average winter in 2013. Demand was further impacted by cheap coal and
low CO; prices, which led the power sector to favor coal over gas for electricity generation.
Additionally, an ongoing economic downturn continued to restrain gas demand and
consumption in the industrial sector. Similarly, European Union natural gas consumption
dropped by 13.2% and 7.4% in 2022 and 2023 compared to 2021 and 2022, respectively,
driven by mild weather and government policies to curb consumption; in particular, the
Council Regulation (EU) 2022 /1369, part of the REPowerEU plan to reduce European Union
reliance on Russian fossil fuels, set a 15% demand reduction target for August 2022-March
2023 compared to the average of the previous five years, driving the observed decrease in
demand. On the contrary, in 2016 EU gas consumption rose significantly, increasing by
7.4%, which was largely due to cold weather and a shift from coal to gas in the power sector.
Remarkably, the 2014 observation falls within the 0.99-predictive interval for Germany
and both the 0.95- and 0.99-predictive intervals for Italy, the Netherlands, and the UK. The
only exception is France, where the observation lies just outside the intervals. The 2016
observation is not covered in the cases of Germany and UK only. The 2022 observation
is outside of the predictive intervals for Germany, while it falls within the 0.95-predictive
intervals for all other countries. The 2023 observation is just below the lower bound of
the 0.99-interval for Austria (0.2477 versus 0.2488) and France (1.21911 versus 1.23833),
while it is covered in all other cases. Overall, the predictive intervals have reasonably good
coverage capacity.

Austria - ARIMAX(0,1,2) France - ARIMAX(2,1,0)

06

05
20

04

Consumption
3

Consumption
5

10

T T T T T T T T T T T T
1996 2000 2005 2010 2015 2020 1996 2000 2005 2010 2015 2020

year year

Germany - ARIMAX(1,1,0) Italy = ARIMAX(2,1,1)

40

Consumption
0

Consumption
5

T T T T T T T T T T T T
1996 2000 2005 2010 2015 2020 1996 2000 2005 2010 2015 2020

year year

Figure 5. Cont.
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Netherlands - ARIMAX(2,1,1) UK - ARIMAX(2,1,1)

Consumption
5
Consumption

30

25

05

T T T T T T T T T T T T
1996 2000 2005 2010 2015 2020 1996 2000 2005 2010 2015 2020

year year

Figure 5. Dynamic one-step-ahead forecasts of yearly gas consumption from 1996 to 2023 (red solid
line) and predictive intervals of 0.95 (blue dashed line) and 0.99 (light blue dashed line) levels.

4.3. Gas Consumption Forecasts

In this section, we discuss the ability of the proposed methods to reconstruct the
observed consumption trends and showcase their utility in forecasting consumption in
future years while taking into account the uncertainty associated with the predictions.
Further insights into the models’ predictive validation are reported in Appendix A.4.2.

In Figure 6, the estimated average consumption levels according to Model (1) based
on GGM parameters (in Table 1) and posterior means for residuals distribution parameters
are reported for the best ARIMAX model according to Bayes factor (blue line) and coverage
proportion (red line), with posterior estimates reported in Tables 3 and A1 in the appendix,
respectively. Compared to Figure 3, Figure 6 shows how modeling the residuals from
the GGM curve introduces a significant increase in flexibility, enhancing the ability to
capture consumption fluctuations over time. An examplary case is that of France’s gas
consumption levels between 2020 and 2021. In these years, the average mean surface tem-
perature decreased from 12.74 to 11.58 degrees; while the GGM would suggest a decrease
in consumption between these two years, as is visible in the top right panel of Figure 3,
the fitted values obtained by modeling with either ARIMAX(0,1,0) or ARIMAX(0,1,2)
GMM residuals suggest an increase in consumption between 2020 and 2021, as was actually
recorded (see the top right panel in Figure 6). Another interesting case is that of consump-
tion levels in Germany between 2014 and 2021, a period during which the GGM forecasts a
downward trend (clearly noticeable in the middle left panel of Figure 3). However, when
also accounting for the ARIMAX(0,1,0) or ARIMAX(1,1,1) fit on the GMM filtered data,
the estimated consumption means suggest an overall upward trajectory, as was observed
for actual consumption levels over those years (see the middle left panel of Figure 6).

Figures 7 and 8 report the one-step-ahead to five-steps-ahead point forecasts and
predictive intervals for gas consumption levels from 2024 to 2028, using the projections on
the yearly average mean surface air temperatures in CMIP6 as covariate. This represents the
sixth stage of global climate model compilations of the Coupled Model Inter-Comparison
Projects (CMIPs), overseen by the World Climate Research Program. Projections for four
different shared socioeconomic pathways (SSPs) are reported in the appendix in Table A4,
offering insights into future climate scenarios based on specified emissions, mitigation
strategies, and development pathways. A detailed description can also be found at https:
/ /climate-scenarios.canada.ca/?page=cmip6-overview-notes (accessed on 18 May 2025).
In short, the four considered scenarios are characterized by challenges to mitigation (aimed
at limiting temperature increase) and adaptation to an ever-changing climate, as follows:
medium for SPP1-2.6, high for SSP2-4.5, low to mitigation and high to adaptation for
SPP3-7, and high to mitigation and low to adaptation under SPP5-8.5. In all four scenarios
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and across all six countries, average surface air temperatures between 2024 and 2028 are
projected to remain below the level recorded in 2023.

Austria - ARMAX(1,2) and ARIMAX(0,1,2) France - ARIMAX(0,1,0) and ARIMAX(2,1,0)
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Figure 6. Estimated means of gas consumption levels from 1965 to 2023, summing frequentist
estimates of the GGM component and posterior means of the residuals’ expectations based on
ARIMAX model fitting and using the whole time series.

In Figures 7 and 8, predictions obtained using the best ARIMAX model for the GGM-
filtered series are reported in blue and red according to Bayes factor and empirical coverage
proportion, respectively. Overall, across all countries, models, and scenarios we considered,
there is an initial moderate increase above 2022-2023 low levels, after which a reduction in
gas consumption is expected between 2024 and 2028, with only few exceptions. Next, we
provide highlights on a country-by-country basis.
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Austria: When modeling the GGM residuals with ARMAX(1,2), expected Austrian
gas consumption in 2024 is about 0.297 exajoules (ejs), after which it is predicted
to moderately decrease to about 0.249 ejs by 2028. According to the 0.95-predictive
intervals, however, it is not implausible to observe either a consumption drop to
0.227 ejs by 2028, recording a slight decrease with respect to 2023 level (i.e., 0.247 ejs),
or a slight increase up to 0.271 ejs. A much more significant decrease is envisaged
in the ARIMAX(0,1,2) case, wherein consumption levels are expected to decrease
between 2024 and 2028 from about 0.24 ejs to about 0.201 ejs, yielding an 18.8% drop in
consumption compared to 2023. Moreover, according to the 0.95-predictive intervals,
either a more severe drop to 0.163 ejs or a more moderate decrease to 0.24 ejs is
not implausible.

France: Concerning France, a similar decreasing trend between 2024 and 2028 is
predicted by ARIMAX(0,1,0) and ARIMAX(2,1,0), from about 1.29 ¢js to about 1.147
and 1.149 in the former and latter case, respectively, corresponding to about a 6% drop
from the 2023 level. According to the 0.95-predictive intervals, a more significant drop
between 14% and 15% cannot be excluded, nor can a slight increase of about 2.8%
from the 2023 level.

Germany: For Germany, the lowest gas consumption levels by 2028 are expected in
the SSP2-4.5 scenario (foreseeing the highest temperature), with point forecasts around
2.44 ejs (10.4% smaller than the 2023 ejs level of 2.72) and predictive intervals ranging
between 2.24 ejs (a 17.8% drop from 2023) and 2.64 ejs (a 3% decrease).

Italy: In the case of Italy, the largest expected decrease between 2023 and 2024 is
obtained using the ARIMAX(2, 1,1) model, which predicts a decrease from 2.109 ejs to
2.064 ejs with a continued fall to 1.775 ejs by 2028. This represents about a 15.8% drop
with respect to the 2023 level, which is close to the predictive mean under MAX(2)
(equal to 1.758 ejs). Accounting for the lower and upper bounds of the 0.95-predictive
interval, lower levels between 1.53 and 1.57 ejs cannot be ruled out for ARIMAX(2,1,1)
and MAX(2), respectively, nor can levels closer to that of 2023, i.e., between 1.94 and
2 gjs.

The Netherlands: Concerning the Netherlands, a slight increase in consumption is
expected from 2023 to 2024, between about 0.927 ejs and 0.96 ejs, followed by a sharp
decrease to 0.774 ejs by 2028, corresponding to a 16.6% drop from 2023 level. More
generally, according to the 0.95-predictive intervals, it seems plausible that by 2028
consumption will settle to a level below that of 2023, with a range between 0.67 and
0.87 ejs.

UK: In the UK, gas consumption in 2024 is expected to be slightly below the 2023
level of 2.286 ejs, specifically between the 2.195 predicted level under SSP5-8.5 using
ARIMAX(2,1,1) and the 2.231 ejs predicted under SSP2-4.5 using ARIMAX(1,1,0).
Significantly lower values are expected for 2028, specifically between the 1.755 ejs
predicted under SSP5-8.5 using ARIMAX(1,1.0) and the 1.809 ejs predicted under
SSP3-7 using ARIMAX(1,1,0). However, accounting for the lower bounds of the
0.95-predictive interval, 2028 consumption in the UK could also be as low as 1.483 ejs
under SSP2-4.5 and using ARIMAX(2,1,1). Considering the upper bounds of the
0.95-predictive intervals, all are between 2 and 2.08 ejs, falling below 2023 consump-
tion levels.
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Figure 7. Forecasted consumption levels from 2024 to 2028 (dashed lines) and 0.95-predictive intervals
(dotted lines) under different scenarios (SSPs) based on GGM and and ARIMAX model fitting for the
filtered series and temperature projections in Table A4.

On the whole, the models selected based on coverage proportion tend to produce

forecasts that portray more extreme scenarios as being plausible. This is to some extent

expected, as these models tend to have a greater number of parameters, which results in

a higher level of uncertainty being incorporated into the computation of the predictive

distributions. To check the robustness of the obtained predictive inferences, we repeated

the one-to-five-steps-ahead probabilistic prediction while also accounting for uncertainty in

temperature levels by statistically modeling of the latter. The newly obtained results align
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with the previous ones, although as expected the prediction intervals are slightly wider.
For the sake of brevity, their description is deferred to Appendix A.7.
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Figure 8. Forecasted consumption levels from 2024 to 2028 (dashed lines) and 0.95-predictive intervals
(dotted lines) under different scenarios (SSPs) based on GGM and and ARIMAX model fitting for the
filtered series and temperature projections in Table A4.

5. Conclusions

Energy consumption is a complex and multifaceted phenomenon that depends on
many factors, including economic, social, and demographic variables as well as political and
geopolitical aspects. All of these elements determine the strategic choices of countries when
defining their energy mix and setting their future agendas. In addition to these factors,
climate change and global warming are increasingly influencing both energy demand
and energy policies, for instance according to scenarios proposed in the IEA’s World
Energy Outlook 2024 (see https://www.iea.org/reports/world-energy-outlook-2024,
accessed on 18 May 2025). In this complex and uncertain context, the forecasting task poses
several challenges in terms of accuracy, adaptability, and policy relevance. Energy demand
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forecasting is essential for ensuring energy security and efficiency and supporting the
global transition towards sustainable and low-carbon energy systems. Developing flexible
yet parsimonious forecasting methods represents a priority for researchers, governments,
companies, and international organizations seeking to manage the vulnerability of today’s
energy markets and ensure energy security.

This work shows how combining innovation diffusion models—particularly the
GGM—with ARIMAX provides a flexible framework for forecasting future gas consump-
tion. This approach accounts for different temperature evolution scenarios and quantifies
forecast uncertainty. As a general remark, we may say that our findings agree with the
projected scenarios proposed by the IEA, according to which natural gas consumption is
peaking and will decline in the future.

We have decided to focus on the major natural gas consumers in the European Union,
considering them as paradigmatic examples of the complexity of energy markets. As
reported in the IEA’s World Energy Outlook 2024, the European Union represents 6% of the
world’s population and accounts for approximately 10% of global energy demand. The EU
continues to be a clean energy leader; energy-related CO, emissions are declining, driven
by increased electricity production from renewables, hydro, and nuclear power recovery,
reduced industry emissions, and milder temperatures.

As a first step, we used the GGM to model the mean evolution of gas consumption
in all of the selected countries, capturing the declining trend observed across all series.
This modeling approach offered a parsimonious and interpretable way to describe the
structural dynamics underlying gas consumption, where the observed decline may derive
from policy-driven changes such as those promoted by the Fit for 55 package and the
REPowerEU plan.

Additional policy initiatives have focused on enhancing the resilience of European
gas markets, promoting solidarity, and mitigating extreme price spikes; for example, in
July 2022 the EU adopted the European Gas Demand Reduction Plan, which provides
best practices and guidance for reducing regional gas demand. These efforts include
transitioning from gas use and towards renewables and cleaner energy sources in the
industrial, power, and heating sectors.

Thanks to continued policy support for renewables, approximately 50 GW of wind
and solar capacity was installed in the EU in 2022, representing a record high; according
to the International Energy Agency, these additions offset the need for roughly 11 billion
cubic meters of natural gas in the power sector, constituting the single most significant
structural driver behind the EU’s recent decline in natural gas demand.

As a second step, ARIMAX modeling allowed us to produce point forecasts for Austria,
France, Germany, Italy, the Netherlands, and the UK, suggesting a gradual reduction in
consumption between 2024 and 2028. The same downward trend is generally followed
by the upper and lower bounds of the produced predictive intervals. This clear-cut trend
does not appear to stem from the smoothness of the temperature paths projected in CMIP6,
which we adopted as covariates in our analysis, despite observed temperatures prior to
2023 tending to exhibit much more irregular fluctuations.

Indeed, similar conclusions have been reached when statistically modeling tempera-
tures and using simulated paths for future temperatures from inferred models.

To extend the analysis, socioeconomic variables could be taken into account more
explicitly by including them as covariates in the model rather than implicitly accounting
for them, as in our GGM-ARIMAX framework. At the same time, one of the benefits of
our proposed framework lies in its parsimony, which would be threatened by adding other
parameters deriving from the inclusion of several covariates. Furthermore, our two-stage
methodology can be easily used and implemented on different case studies referring to
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other countries by using publicly available energy consumption and temperature data. This
potential for generalization is ensured by the basic requirements of the proposed approach
in terms of both data and modeling complexity.

From a modeling point of view, a further interesting direction for future work is to
infer both the GGM and ARIMAX model parameters in a Bayesian fashion, allowing both
components to be integrated out with respect to the posterior when computing predictive
distributions. This should ensure a more robust form of model averaging as well as
the production of predictive intervals that are underpinned by a more comprehensive
quantification of uncertainty.
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ejs Exajoules

Appendix A. Additional Details on the Data Analysis
Appendix A.1. Prior Distributions

In this section, we provide details on the prior distributions assigned to the ARIMAX
model parameters in (7). When present, the AR and MA parameters are seen as independent
and identically distributed according to a standard normal distribution. On the other hand,
the location and regression parameters y and B are assigned a Student’s t distribution
with 4 and 7 degrees of freedom, respectively. The Gaussian and Student’s t kernels are
default choices in the prior specification of these parameters in the Bayesforecast package.
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Finally, we set 0 = |0p|, where oy is assigned a Student’s t distribution with 4 degrees
of freedom.

Appendix A.2. Computational Aspects

All of the presented results based on posterior sampling are produced by generating
four chains of length 10,000 on Stan (see [35], pages 1 and 78-80) via Hamiltonian Monte
Carlo methods, discarding the first half (for a burn-in period of 5000 iterations), then
thinning one of every ten draws in the remaining sub-chains.

Appendix A.3. Posterior Estimates

Table A1 reports the posterior ARIMAX(p, d, q) parameter estimates for the model
providing the best performance according to empirical coverage proportion, as examined
in Section 4.2; see also the right column of Table 2 for a summary.

Table A1. Posterior mean (bold) and lower and upper boundary points of 95%-credibility intervals of
the ARIMAX parameters based on the whole time series of GGM residuals from 1965 to 2023 for the
best models according to empirical coverage proportion (Table 2).

(p,d,9) 14 o 01 0> 1 P B
—0.0011 0.0118 — — 0.2260 0.4573 —0.0111
Austria (O, 1, 2) —0.0056 0.0101 — — —0.0099 0.1196 —0.0149
0.0031 0.0138 — — 0.4301 0.7667 —0.0077
0.0005 0.0507 0.0069 —0.0373 — — —0.0947
France (2, 1, 0) —0.0106 0.0432 —0.1690 —0.2008 — — —0.1141
0.0116 0.0595 0.1825 0.1289 — — —0.0754
0.0072 0.1031 0.0079 — — — —0.1222
Germany (1, 1, 0) —0.0149 0.0882 —0.1656 — — — —0.1528
0.0296 0.1208 0.1811 — — — —0.0919
0.0025 0.0996 0.0616 0.1091 0.0779 — —0.1065
Italy (2, 1, 1) —0.0217 0.0848 —0.3156 —0.1097 —0.3344 — —0.1545
0.0259 0.1173 0.4379 0.3236 0.4569 — —0.0596
0.0041 0.0468 0.0984 0.0007 0.3768 — —0.0823
Netherlands (2,1,1) —0.0099 0.0398 —0.0708 —0.1424 0.1584 — —0.0956
0.018 0.0551 0.2634 0.1425 0.5731 — —0.0693
0.0105 0.1222 0.1889 0.0015 0.1311 — —0.2041
UK (2, 1, 1) —-0.0197 0.1039 —-0.1105 —-0.1871 —0.1732 — —0.2639
0.0411 0.1440 0.4651 0.1889 0.4406 — —0.1444

Appendix A.4. Model Validation
Appendix A.4.1. Comparison with Bass Model

In this section we compare the selected GGM model for long-term gas consumption
trends with the simpler Bass model (BM) based on a Riccati equation with constant coef-
ficients (equivalent to Verhulst-Pearl logistic growth). Figure A1 displays curves fitted
under both the GGM (red solid lines) and BM (green dashed lines) using the R package
DIMORA. As can be seen, the GGM allows for a closer fit to the data in the early years of
observation, except in the case of Italy, where the GGM and BM curves largely overlap.
This is reflected in a lower residual sum of squares for the GGM computed over the gas
entire consumption time series from 1965 to 2023. Table A2 reports the ratios between the
residual sum of squares for the BM and GGM, respectively; it can be seen that in almost
all cases they significantly exceed one, suggesting a considerable advantage in using the
GGM. In the case of Italy, the BM could be adopted without affecting the inference results;
however, the GGM is still retained to ensure consistency in modeling across countries.
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Figure A1. Estimated means of gas consumption levels from 1965 to 2023 via frequentist estimate of
GGM (solid red) and BM (dashed green) based on the whole time series.

Table A2. Ratios between residuals’ sum of squares under BM and GGM.

Residuals Sum Squares Ratio

Austria 1.083
France 1.388
Germany 4.485
Italy 1.003
Netherlands 4.511
UK 1.197

Appendix A.4.2. Comparison with ARIMA Models Selected by BIC

In this section, we compare the predictive ability of selected models with that of
a simpler ARIMA (p, d, q) model directly fitted to gas consumption levels via automatic
selection of orders p, d, and g by BIC. The comparison pertains to one-step-ahead forecast
performance in terms of both point forecasting accuracy through predictive means and
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probabilistic forecasting accuracy based on the entire predictive distributions. The former
is measured through the root mean squared error (RMSE)

RMSE = \l i (gm _ Vm)z, (A1)
=T

where ﬁgfl)

observations up to time ¢, which for our proposed models follows the form in (11). The
latter is measured through the mean continuous ranked probability score (MCRPS):

is the one-step-ahead predictive mean computed on the basis of the #; available

1 2
MCRPS = - tZ J(F @ -1 < g1) dg (A2)

(m)

where F;} 1 is the cumulative distribution function pertaining to the one-step-ahead pre-
dictive dlstrlbutlon of gas consumption at time f + 1 based on available previous ob-

servations 7n; up to time t, which for our proposed models is of the form Ft(jztl)( )=

S op(g— gﬁff | Dy, x14+1)dg (following the notation introduced in Section 3.2). The re-
sults for T; = 1965 and T = 2023 (such that T — T; = 27) are reported in Table A3. As can
be seen, the proposed models combining GGM and ARIMAX selected on the basis of either
the Bayes factor (BF) or the empirical predictive coverage proportion (PC) outperform the
automatically selected ARIMA models in terms of both RMSE and MCRPS across all the
countries considered in this study. In certain cases, the performance improvement over
that offered by the ARIMA model is particularly substantial; for instance, in the cases of
Germany and the Netherlands, our models achieve MCRPS reductions of over 30% and
50% and RMSE reductions of over 28% and 48%, respectively.

Table A3. MCRPS and RMSE (Formulas (A1) and (A2), respectively) results for the additive model in
(1) with GGM and ARIMAX component selected according to either Bayes factor (BF) or predictive
coverage (PC) performance (see Table 2) and an automatically selected ARIMA model (Auto) based
on BIC. The chosen orders are (0,1,1) for Austria, France, the Netherlands, and the UK, (0, 1,0) for
Germany, and (2, 1,2) for Italy.

Model Selection

Method MCRPS RMSE

PC 0.0094 0.0154

Austria BF 0.0094 0.0154
Auto 0.0130 0.0210

PC 0.0430 0.0683

France BE 0.0431 0.0684
Auto 0.0687 0.1202

PC 0.0771 0.1463

Germany BF 0.0763 0.1449
Auto 0.1154 0.2047

PC 0.0929 0.1445

Italy BF 0.0927 0.14445

Auto 0.1003 0.1659
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Table A3. Cont.

Model Selection

Method MCRPS RMSE

PC 0.0276 0.0558

Netherlands BE 0.0277 0.0562
Auto 0.0581 0.1090

PC 0.1033 0.1772

UK BF 0.1033 0.1777
Auto 0.1225 0.2143

Appendix A.5. Autocorrelation of Residuals

Figure A2 reports the empirical autocorrelation functions for the residuals obtained by
removing the fitted values in Figure 6 from the original consumption series, suggesting
that the modeling assumption of no correlation between innovations at different times
is reasonable.

nnnnnnnnn - ARNAX(0.1,1) Nethriands - ARIAX(2..3) UK - ARIMAX(,10) K- ARMAX(2.1.3)

Figure A2. Autocorrelation functions for residuals obtained by removing the fitted values (mean
levels) in Figure 6 from the original consumption series.

Appendix A.6. Temperature Projections

Table A4 reports the temperature values used as covariates for one-step-ahead to
five-steps-ahead prediction of the future gas consumption levels in Section 4.3.
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Table A4. Average mean surface temperature projections under different scenarios.

2024 2025 2026 2027 2028

SSP1-2.6 754 778 784 752 7.59
Austria SSpP2—-4.5 731 768 788 7.65 7.82
SSpP3—-7 749 746 763 755 7.58
SSP5—-8.5 763 7.65 7.6 761  7.66
SSP1-2.6 1191 1214 1198 11.94 12
France SSpP2—-4.5 1192 1211 1226 1224 1217
SSpP3—-7 12.05 1213 12.06 1219 1197
SSP5—-8.5 1221 1212 12.08 1213 12.18
SSP1-2.6 9.83 1018 995 995 994
Germany SSpP2—-4.5 9.85 10.01 10.04 10.15 10.31
SSpP3—7 999 10.08 10.11 995 10.05
SSP5—-8.5 1024 1014 999 10.14 10.09
SSP1-2.6 13.86 141 14.04 13.81 14
Ttaly SSpP2—-4.5 13.79 139 14.06 1394 14.02
SSpP3—7 13.76 13.72 13.82 14 13.8
SSP5—-8.5 14 14.01 14 1391 14.04
SSP1-2.6 10.79 1093 10.87 10.77 10.75
Netherlands SSP2-4.5 10.73 1096 11.29 11.07 11.02
SSP3-7 10.76 1096 10.88 10.98 10.88
SSP5-8.5 1095 11.1 10.84 1099 11.02
SSP1-2.6 981 982 969 966 977
UK SSP2-4.5 9.76 994 10.05 10.01 10.05
SSP3-7 978 975 978 981 9.74
SSP5-8.5 9.86 991 9.7 9.77  9.88

Appendix A.7. Gas Prediction with Stochastic Temperature Forecasts

To account for the uncertainty of future temperatures in gas consumption forecasts, we
modeled the yearly average mean surface temperatures using ARIMA (p, d, q). Modeling
the mean surface temperatures through seasonal ARIMA has been discussed recently, e.g.,
in [36], Section 2.2. As opposed to their case, where the means were computed monthly,
our analysis is based on annual means; therefore, seasonality is not incorporated into the
statistical modeling. For each country, orders p, d, and g were chosen according to BIC with
the R package bayesforecast using the entire sequences ranging from 1965 to 2023.

For each country, the prior distributions on the parameters of the AR and MA compo-
nents are specified following Appendix A.1, postulating independence of these parameters
from those in the ARIMAX models of gas consumption GGM residuals within prior spec-
ification. Using the selected ARIMA model, 10,000 quintuplets were sampled from the
predictive distribution of the five out-of-sample temperatures for the years 2024-2028; con-
ditional on each of these, gas consumption levels were then sampled from their conditional
predictive distribution for the years 20242028, obtaining 10,000 predicted consumption
trajectories. For each year, posterior predictive means and quantiles were computed empir-
ically from the corresponding gas consumption sample draw in this manner. The results
are reported in Figure A3.
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Figure A3. Forecasted consumption levels from 2024 to 2028 (dashed lines) and 0.95-predictive
intervals (dotted lines) for randomly generated average surface temperatures based on GGM and
ARIMAX model fitting for filtered series selected according to empirical coverage (red) and Bayes
factor (blue).

Next, we briefly discuss the results, comparing the new forecasts with those presented

in Section 4.3.

Austria: When modeling GGM residuals with ARMAX(1,2), Austrian gas consump-
tion is projected to decline from about 0.291 ejs in 2024 to 0.245 ejs in 2028. There
are slightly wider 0.95-prediction intervals than those based on projected covariates
in Table A4 (first four rows), ranging from 0.216 ejs (12.5% decrease from 2023) to
0.273 ejs (10.2% increase) in 2028. Under ARIMAX(0, 1,2), a more significant decline is
expected between 2023 and 2028 (from 0.233 to 0.195 ejs), and the predictive means are
slightly lower than the conditional predictive means obtained with CMIP6 projections.
The 0.95-intervals extend from 0.156 to 0.237 ejs, and are again slightly wider than
those using the projected temperatures.

France: Regarding France, the obtained predictive means and intervals are similar
when using ARIMAX(0,1,0) and ARIMAX(2,1,0). The latter are slightly wider than
those obtained using the projected covariates (Table A4, rows 5-8), covering decreases
to 0.96 ejs as well as increases to 1.293 ejs by 2028. The predictive means are around
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1.127 ejs, which is slightly lower than the conditional predictive means for the pro-
jected temperatures.

*  Germany: For Germany, the models selected on the basis of Bayes factor and em-
pirical coverage proportion yield similar predictive means and 0.95-intervals. The
predicted mean trends settle at lower levels compared to those obtained using pro-
jected covariates (Table A4, rows 10-13), reaching 2.365 ejs by 2028. In addition, the
predictive intervals are wider, ranging from 2.089 ejs to 2.637 ejs at the end of the
considered period.

e TItaly: In the case of Italy, the forecasts obtained with the current setup are not very
dissimilar from those obtained using the projected covariates (Table A4, rows 14-17),
with slightly wider 0.95-predictive intervals for 2028 gas consumption levels (1.489,
1.886 for MAX(2) and 1.439, 1.994 for ARIMAX(2,1,1), respectively).

e  The Netherlands: In the case of the Netherlands, the forecasts obtained in the cur-
rent setup show a similar pattern to those obtained using the projected covariates
(Table A4, rows 18-21), albeit with wider prediction intervals for 2028 (between 0.586
and 0.886 ejs). The predictive means reach 0.927 ejs in 2024 and progressively decrease
to about 0.737 ejs by 2028.

e  UK: The analysis for the Netherlands also applies to the UK, with consumption
predictive intervals spanning from 1.457 ejs to about 2.1 ejs by 2028. The predictive
means decline from about 2.193 ejs in 2024 to about 1.776 ejs in 2028.
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