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Abstract: We tackle the issue of producing point, sign, and density forecasts for the monthly

real price of carbon within the European carbon market, EU ETS. We show that a Bayesian

Vector Autoregressive (BVAR) model, augmented with factors based on macroeconomic and

financial variables, yields accuracy gains over a set of benchmark forecasts in both point

and density forecasts. We also provide a qualitative comparison of model-based forecasts

with survey expectations and forecasts released by data providers. Moreover, we consider

verified emissions and demonstrate that adding stochastic volatility can further improve the

forecasting performance of a single-factor BVAR model. Lastly, we rely on forecasts to build

market monitoring tools that track demand and price pressure in the EU ETS.
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1 Introduction

Climate change is one of the greatest challenges currently addressed by governments, central

banks, and other national and supranational regulators. The size and complexity of the call

to fight climate change are evident, even when – setting aside its environmental consequences

– we focus solely on its direct socio-economic impacts (Carleton and Hsiang, 2016). The

literature has highlighted a multitude of effects and transmission channels that connect the

environmental influences of climate change to various economic aggregates (Dell et al., 2014;

Ciccarelli and Marotta, 2024; Liu et al., 2025). Moreover, when designing mitigation and

adaptation policies, a trade-off emerges between the stringency of measures and the undesired

outcomes that these might induce (Fullerton and Muehlegger, 2019; Hsiang et al., 2019).

Among the policy measures implemented to achieve the target of net-zero emissions

by 2050 – as laid down in the 2015 Paris Agreement – carbon taxes and carbon pricing

have received a lot of attention from academics and policymakers interested in quantifying

the desired and unintended macroeconomic effects of putting a price on carbon (see e.g.

European Central Bank, 2021a; Parry et al., 2021; Pan et al., 2024). Given this literature

and the need to incorporate climate and carbon market modules into macroeconomic models

used by central banks to produce scenarios, having access to reliable short- and medium-term

forecasts of the real price of carbon is becoming increasingly important (European Central

Bank, 2021b; NGFS, 2022).

This paper produces point, directional, and density forecasts of the real price of carbon

at monthly frequency in the world’s largest carbon market, the EU Emission Trading Scheme

(EU ETS), over horizons from one to twelve months ahead. Extending the horizon to one

year aligns with the annual compliance cycle of the EU ETS, under which regulated entities

must report and certify their greenhouse gas emissions each year. We focus on the real

price of carbon – a natural choice in empirical and theoretical macroeconomic models (e.g.

Baumeister et al., 2022; Baumeister and Kilian, 2014; Bjørnland et al., 2023; Issler et al.,

2014; Kilian and Vigfusson, 2011; Van der Ploeg and Rezai, 2021; Wang and Cheung, 2023) –

which allows us to incorporate real monthly macroeconomic aggregates as predictors. Since

practitioners often refer to the nominal price (International Carbon Action Partnership,
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2023; Marcu et al., 2023), we also forecast the nominal price and compare our forecasts

with expert and survey expectations. We further extend the forecasting exercise to verified

emissions – a topic that has received essentially no attention in the academic literature1 – and

use model-based predictive distributions to construct real-time indices of demand pressure

and price pressure for the EU ETS market.

The paper makes three contributions to the literature on carbon price forecasting (see

Chevallier, 2012; Pan et al., 2024, for a survey). First, we build a Bayesian forecasting frame-

work for the real monthly price of carbon that incorporates macroeconomic and financial

predictors via factor augmentation and models time-varying volatility through Stochastic

Volatility (SV) dynamics. The existing forecasting literature relies predominantly on fre-

quentist methods applied to daily or weekly nominal data (see e.g. Chevallier, 2011; Lei

et al., 2022; Tan et al., 2022): the only paper to use Bayesian methods is Koop and Tole

(2013), which works at daily frequency. Working at monthly frequency with real prices allows

us to include real macroeconomic aggregates as predictors. The most closely related paper

at monthly frequency is Bjørnland et al. (2023), who estimate a Bayesian structural VAR to

identify the demand and supply shocks driving carbon prices and emissions. Their goal is

structural identification, not forecasting. We take their baseline VAR as a starting point and

show that augmenting it with factors extracted from a broad panel of 20 predictors delivers

systematic out-of-sample accuracy gains – a question that their analysis does not address.

Second, we provide a broad and externally relevant evaluation of predictive accuracy.

We assess point forecasts (RMSFE), directional accuracy (Success Ratio), and density fore-

casts (quantile-weighted CRPS, Gneiting and Ranjan 2011), separately for the center and

both tails of the predictive distribution, over horizons from one month to one year. We

forecast both the real price – the natural object of the macroeconomic analysis – and the

nominal price, on which market participants and data providers report. This dual focus

lets us benchmark our forecasts not only against standard time-series competitors, but also

against the forecasts practitioners actually use: the expert point forecasts and the market

surveys produced by the Carbon Team at the London Stock Exchange Group (LSEG). To

1A few papers address forecasting of total CO2 emissions. Auffhammer and Steinhauser (2012) and
Bennedsen et al. (2021) analyse US CO2 emissions; de Juan et al. (2025) focuses on Spain.
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our knowledge, such a comparison with expert and survey expectations has not previously

been undertaken in the carbon price forecasting literature, and it is what makes the eval-

uation relevant beyond an internal model comparison. This breadth is absent from Koop

and Tole (2013), which considers neither macroeconomic predictors, directional accuracy,

nor tail forecasting. Density forecasts are directly relevant for policy institutions that em-

bed carbon price trajectories into macroeconomic scenarios (European Central Bank, 2021b;

NGFS, 2022).

Third, we extend the forecasting exercise beyond prices. We produce, to our knowledge

for the first time, out-of-sample forecasts of verified emissions at monthly frequency – directly

relevant for compliance planning, since entities’ verified emissions net of free allowances

represent their net demand for permits and hence a key driver of prices. We further use

model-based predictive distributions to construct real-time indices of demand pressure and

price pressure for the EU ETS, providing a market monitoring tool with no precedent in this

literature.

Our main findings are as follows. A BVAR model augmented with one factor – cap-

turing a combination of macroeconomic demand conditions and energy market pressures

– delivers accuracy gains over a broad set of benchmarks, including the random walk, at

horizons beyond two months. At the one-year horizon, factor-augmented models reduce

RMSFE by 5.5–6.1% and correctly predict the direction of price movements 79.3% of the

time. Forecasting performance is time-varying: factor models outperform benchmarks dur-

ing the COVID-19 recession and the 2021–2022 energy crisis, while their relative accuracy

deteriorates in the subsequent period of lower volatility. Pooling parsimonious models yields

only marginal gains: a simple equal-weight average beats the random walk from the six-

month horizon onward, but does not improve on the best individual specifications nor offset

the documented instability. The comparison with LSEG expert and survey forecasts con-

firms this time variation: during the 2021–2022 run-up the factor model tracks the sharp

increase in nominal prices more closely than survey and expert forecasts, and realized prices

fall in the right tail of the model’s predictive density. Incorporating SV does not improve

forecasts of the real price of carbon, but it improves both point and density forecasts of

verified emissions, reducing their RMSFE at the one-year horizon by 6.5–7.1%. Finally, the
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demand and price pressure indices constructed from model forecasts track the major turning

points in the EU ETS over the evaluation sample.

The rest of the paper is organized as follows. Section 2 offers an overview of the EU

ETS; data and details of the forecasting exercise are illustrated in Section 3. Main results

and sensitivity checks are presented in Section 4, while extensions and further results are

reported in Section 5. Section 6 concludes. A Supplement completes the paper.

2 The EU Emissions Trading System

The EU ETS is a cap and trade system that started in 2005 intending to reduce carbon

emissions. In this system, the maximum quantity of emissions (the cap) is set through

unit permits (European Unit Allowances, EUA), which allow the owner of the permit to

produce 1 ton of CO2 or an equivalent quantity of other greenhouse gases. The European

Commission sets a yearly cap on the total greenhouse gas emissions that can be produced by

actors participating in the system. Since the aim is to decrease emissions over time, every

year the cap is lower than the year before, and consequently, the maximum allocation of

EUA is reduced.

The EU ETS system is a financial market where actors can acquire EUA on the primary

market through an auctioning system, and trade derivatives on the secondary market. A

certain amount of permits is originally granted for free each year according to the needs of

specific sector emissions, although the remaining amount of available allowances is allocated

on the primary market through uniform price auctions with single rounds and sealed bids,

conducted daily by the European Energy Exchange (EEX). Since EUA have been classified as

financial instruments, the associated derivatives - such as spot, futures, options, and forward

contracts - can be traded on secondary markets, both on exchange and over the counter.

While auctions take place on the EEX, trading takes place also on the Intercontinental

Exchange (ICE).

EUA are distributed to the market through a system of benchmark-based allocation or

auctions. If emissions at the end of the year prove to be lower than the cap set for each

installation participating in the market, permits can be traded among actors for an economic
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Figure 1: Allocated and verified emissions for all stationary installations in EU-27 countries
(excluding the aviation sector).
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value to be determined on the secondary market. In case emissions exceed the threshold,

sanctions are applied to economic agents participating in the market.

Actors participating in the EU ETS market entail industries belonging to high emis-

sions sectors: electricity and heat generation, energy-intensive industry sectors (including

oil refineries, steel works, and production of iron, aluminum, metals, paper, etc.), aviation

within the European Economic Area (EEA) and, starting from 2024, maritime transport.

Participation in the EU ETS is mandatory for companies in the covered sectors; however,

for some sectors only production plants above a minimum size threshold are included.

Historically, the EU ETS evolution went through four phases. To meet the objectives

set by the European Commission in terms of emissions reduction, each phase aims to reduce

the number of EUA granted to each participating sector. The cap can be lowered by setting

a decreasing number of allowances to be allocated each year or by establishing a yearly

linear reduction factor, e.g. a linear reduction of 1.74% and 2.2% of the baseline 2008-

2012 emissions have been set respectively from 2013 and 2021 onwards, with no end date,

resulting in a year-on-year reduction of up to 43 million allowances (International Carbon
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Action Partnership, 2023).

The pilot phase (2005-2007) aimed to verify rules, regulations, emission detection sys-

tems, as well as the regulatory framework. In this phase, the allocation system was grand-

fathering : all EUA were allocated freely to industries, up to the cap set for each regulated

sector. The second phase, which lasted from 2008 to 2012, was characterized by the intro-

duction of the allocation of permits employing an auctioning system. In this phase, roughly

2 to 5% of the total permits were allocated through auctions. This share increased to reach

54% in the third phase, which lasted from 2013 to 2020, and it includes more sectors and

gases. Lastly, the fourth phase (2021-2030) has the aim of reducing net emissions by at least

55% by 2030 compared to 1990, as set in the European Climate Law, by further lowering

the cap and targeting the carbon leakage phenomenon.

In July 2021, the European Commission adopted a series of legislative proposals regard-

ing EU ETS aimed at increasing the pace of emissions cuts. These include, among others,

covering more sectors and gases, gradually lowering the number of emission allowances each

year, and reinforcing the Market Stability Reserve (MSR), which aims at reducing the sur-

plus of allowances in the market. An excessive allowances surplus would lead to lower carbon

prices, thereby weakening the incentives of regulated entities to reduce their emissions. The

MSR is automatically applied when the total number of allowances on the market exceeds

a certain threshold. In Phase IV, the free EUA allocation system was granted a ten-year

extension, and specific measures have been taken for sectors exposed to a higher risk of

carbon leaking.

The way allowance allocation has evolved throughout the years is described in Figure

1. In Phase II, auctions were introduced, but between 95% and 97% of allowances were still

distributed for free. This changed completely during Phase III, where auctions became the

predominant allocation method for most sectors, covering between 40% and 55% of the total

allocated permits. Phase III also needed to deal with the aftermath of an excessive surplus

of unused EUA in Phase II. The number of allocated EUA decreased in 2014, leading to

an increase in the price of allowances and a reduction in the number of verified emissions

and unused EUA (Bjørnland et al., 2023). In Phase IV, auctions remain the main allocation

method on the primary market. Figure 1 also shows verified emissions. These data, available
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on an annual basis, refer to the actual amount of greenhouse gas emissions produced by a

company or entity, as reported in its emissions report and verified by an accredited verifier

by 31 March of the following year. Based on verified emissions, companies must surrender

a corresponding number of emission allowances by the end of April of that year. If a com-

pany’s verified emissions exceed the number of allowances it holds, it may need to purchase

additional allowances from the market to cover the excess emissions. Figure 1 highlights

that Phases I and II are characterized by an over-allocation of permits, with verified emis-

sions being systematically lower than allocated emissions. The cap on emissions has become

tighter during Phases III and IV when verified emissions exceed allocated emissions for most

of the sample period.

3 Data and methods

3.1 Data

Following Bjørnland et al. (2023), we focus on forecasting the one-month ahead futures

contract traded on ICE that represents the most closely watched series by practitioners. We

deflate the nominal futures price – computed as the monthly average of daily prices – by

using the Euro area Harmonized Index of Consumer Prices (HICP) (see the left panel of

Figure 2).

As for the predictors, we follow the approach of Boivin and Ng (2006) and Baumeister

et al. (2022). Therefore, instead of collecting a large number of series, we carefully select

20 predictors that capture demand and supply-side forces driving the price of carbon. More

precisely, we concentrate on macroeconomic, energy market, and financial variables within

the following categories:

• Economic activity (7 series): we collect data on aggregate industrial production (IP)

for the 19 Eurozone countries (EU-19 area), as well as indices for sectors covered by

the EU ETS (i.e. electricity, gas, steam, and air conditioning supply, basic metals,

manufacture of paper and its products, coke and refined petroleum products, chemical

products, non-metallic mineral products) from Eurostat.
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• Real energy prices (7 series): we consider the prices of Brent crude oil, TTF natural

gas (front-month and front-year), ARA API-2 coal (front-year), German power price

(front-year), clean dark, and clean spark spreads (front month). These variables are

sourced from Refinitiv Eikon and deflated using the Euro Area HICP.

• Technical and financial indicators (4 series): we select some of the variables that prac-

titioners use to track the functioning of the EU ETS market (Marcu et al., 2023). The

auction coverage ratio, defined as the total number of bids in an auction divided by

the number of available EUA, is a proxy for the actual auction demand relative to

supply on the primary market. As a rule of thumb, a value greater (lower) than two

indicates a high (low) auction demand relative to supply. The auction clearing price

(deflated using the Euro Area HICP), and a volatility proxy based on the monthly

auction price range. These variables are sourced from the EUA Primary Market Auc-

tion Report maintained by EEX. Moreover, we consider the Euro Stoxx 50 stock price

index, sourced from Refinitiv Eikon and deflated using the Euro Area HICP.

• Weather conditions (2 series): temperature and precipitation anomalies for EU-19

countries are constructed as differences from long-term moving averages using data

sourced from the Weather for Energy Tracker maintained by the International Energy

Agency (IEA).

Figure 2: Real EU ETS price (left), actual and interpolated verified emissions for EU-19
countries (right) from March 2005 to September 2023.
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Moreover, we also collect information on annual verified emissions for all stationary instal-

lations in six sectors covered by the EU ETS in the EU-19 countries. Following Bjørnland

et al. (2023) and Känzig (2023), we temporally disaggregate annual data with the Chow and

Lin (1971) method.2 Annual and interpolated monthly verified emissions are shown in the

right panel of Figure 2.

3.2 The forecasting framework

The forecasting exercise is based on data spanning from June 2012 to September 2023,

comprising a total of 136 monthly observations. The start date of the sample is dictated

by the availability of data on auctions, which are particularly relevant for explaining the

allocation mechanism of emission allowances during Phases III and IV of the EU ETS (see

Figure 1). Forecasts are generated using an expanding window approach: each time a new

forecast is produced, the estimation sample is updated by adding a new observation. The first

estimation sample ends in December 2017, and the last forecast is issued in September 2022.

We analyze forecast horizons ranging from one month to one year ahead. The evaluation

sample is consistent across all horizons, covering December 2018 to September 2023, which

includes the late part of Phase III and the beginning of Phase IV of the EU ETS.

We denote the level of the real price of carbon in month t as Rt and the log price as

rt = logRt. Models are estimated using the first difference of the logarithm of the real

price of carbon, ∆rt, and forecasts are constructed iteratively from the estimated models

2We consider IP indices and emissions for all EU ETS sectors (except aviation) and construct an emission-
weighted IP index to interpolate annual verified emissions via the Chow and Lin (1971) method, implemented
using the MATLAB library of Quilis (2013). Aviation is excluded because it joined the EU ETS only in
2012, whereas our interpolation starts in 2006; the 2022 value is used for 2023, as the latest verified emissions
were unavailable at the time of writing. An alternative proxy for demand-side pressure would be Eurostat’s
Quarterly Greenhouse Gas Emissions Accounts, but this presents several drawbacks: they rely on temporal
disaggregation of annual Air Emissions Accounts, cover total national emissions rather than ETS-verified
ones, and are quarterly rather than monthly, so the mixed-frequency and look-ahead problems would remain.
That said, as shown in Supplement S.4.2, the two emission measures are highly correlated (≈ 0.95) and react
similarly to key events – such as COVID-19 – confirming that our results are not sensitive to this choice.
Higher-frequency alternatives exist, such as daily EU CO2 emission tracker maintained by the Center for
Research on Energy and Clean Air (CREA) estimates, which are available with a one-week delay but these
also rely on indicator-based extrapolation rather than verified data.
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and converted into levels as follows:

R̂t+h|t = exp

(
rt +

h∑
ℓ=1

∆r̂t+ℓ|t

)
,

where ∆r̂t+ℓ|t is the ℓ-step-ahead forecasted value (for ease of notation, we omit the super-

script s referring to the draw). Point forecasts are obtained as the posterior mean of R̂T+h|T

across draws. The evaluation of point forecasts relies on the relative Root Mean Squared

Forecast Error (RMSFE) that represents the ratio of the RMSFE of a model to the RMSFE

of the benchmark, such as the Random Walk (RW). Therefore, a relative RMSFE lower than

unity is taken as evidence that a certain model is more accurate than the benchmark.

Sign, or direction-of-change forecasts, are defined as: sign
(
R̂t+h|t −Rt

)
, where sign(x)

equals -1 if x < 0, 0 if x = 0, and 1 if x > 0. We use the Success Ratio (SR), defined as

the proportion of correctly predicted signs, to gauge the directional accuracy. A SR greater

than 0.5 indicates a gain in accuracy relative to the RW model, which implies a no-change

forecast.

Density forecasts are obtained from the empirical distribution of the draws of R̂T+h|T ,

which integrates over parameter uncertainty and forecast innovations at all horizons h =

1, . . . , H. As an additional measure of predictive performance, we use the quantile-based

continuous ranked probability score (qCRPS) of Gneiting and Ranjan (2011), a proper scor-

ing rule for evaluating density forecasts, denoted by

Q̂St =
1

J − 1

J−1∑
j=1

Q̂S
αj

t =
1

J − 1

J−1∑
j=1

2
[
I
(
Rt+h ≤ q̂

αj

t+h|t

)
− αj

]
×
(
q̂
αj

t+h|t −Rt+h

)
, (1)

where I(·) denotes the indicator function and q̂
αj

t+h|t is the h-step ahead quantile forecast

for Rt+h at level αj = j/J with J = 20, which corresponds to αj = 0.05, 0.10, . . . , 0.95.

We construct weighted versions of the qCRPS, where the weights are selected to emphasize
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specific regions, such as the center or one of the tails of the distribution:

ŵQSt =
1

J − 1

J−1∑
j=1

ν(αj)Q̂S
αj

t , with ν(αj) =


αj(1− αj) (center),

α2
j (right tail),

(1− αj)
2 (left tail).

(2)

In a pairwise comparison, the model with the lowest score is ranked as the most accurate.

3.3 VAR models of the EU ETS carbon market

To link the real price of carbon to its determinants, a natural starting point is a small-scale

VAR(p) model of the EU ETS market:

yt = a+

p∑
j=1

Ajyt−j + ut, (3)

where a is a n× 1 vector of intercepts, Aj are n× n matrices of coefficients for j = 1, . . . , p,

and ut is an n × 1 vector of zero-mean innovations Normally distributed with covariance

matrix Σ. Following Bjørnland et al. (2023), we consider a baseline VAR specification in

which yt is a 3 × 1 vector including ∆rt (or alternatively, rt), the first difference of the

logarithm of interpolated verified emissions, emist, and first difference of the logarithm of

aggregate industrial production for EU-19 countries, ∆ipt.

The baseline model excludes several predictors that are closely monitored by practition-

ers, including energy prices, technical and financial indicators related to EU ETS allowance

auctions, and weather anomalies that may affect electricity and gas demand. We also extend

the information set relative to Bjørnland et al. (2023) in two directions. First, we include

the Euro Stoxx stock price index as an additional financial variable. Second, we broaden

the measure of real economic activity by adding IP indices for the main sectors covered by

the EU ETS, with the aim of better capturing demand-side pressures on the real price of

carbon.

We exploit this enlarged information set in two ways.3 First, we estimate factor-

3Before the analysis, all variables are transformed to induce stationarity. IP indices, the Euro Stoxx price
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augmented VAR models, replacing the aggregate EU-19 IP index in the baseline VAR with

up to three factors extracted from the 20 predictors. The factors are obtained by principal

component analysis and are re-estimated recursively at each forecast origin using only the

available estimation sample. Second, we estimate a large BVAR that includes the 20 pre-

dictors individually, after standardizing them to have zero mean and unit variance at each

forecast origin.

All Bayesian models are estimated under a Normal-inverse-Wishart prior with a Minnesota-

style specification. The prior shrinks coefficients toward a parsimonious autoregressive

benchmark while allowing relatively diffuse beliefs on the intercepts. The posterior is sim-

ulated using 5,200 draws, with the first 200 discarded as burn-in. Full details on the prior

specification, posterior distribution, factor extraction, data transformations, and estimation

algorithm are provided in Supplement S.1.1.

Economic interpretation of factors. The first three factors explain 22.0%, 17.8%, and

8.6% of the total variance of the 20 predictors, respectively, for a cumulative share of about

48%. Although this share is moderate, the forecasting results below show that a BVAR(1)

augmented with a single factor performs well in predicting both the real price of carbon and

verified emissions, and generally outperforms less parsimonious alternatives.4

Our framework does not give the factors a structural interpretation. Nevertheless, it

is informative to characterize the variables underlying their dynamics by examining their

correlations with observable predictors, as is commonly done in the literature (see, e.g.,

Baumeister et al., 2022; Bjørnland and Skretting, 2024). Figure 3 shows the evolution of the

first factor over time, together with bars representing the contribution of different predictors

grouped by class: economic activity, energy prices, technical and financial indicators, and

weather anomalies.

The variables underlying movements in the first factor change over time, but its dynamics

index, real energy prices, and the real auction price are transformed into monthly growth rates, computed as
first differences of logarithms. Clean dark and clean spark spreads are first-differenced, while the monthly real
auction price range is log-transformed. No transformation is applied to the auction cover ratio, temperature
anomalies, or precipitation anomalies. We also carry out a preliminary screening for outliers. Since only
a few extreme observations, defined as observations exceeding 20 times the interquartile range from the
median, are detected during the COVID-19 pandemic, we retain them in the sample.

4See Supplement S.3 for more detailed results.
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Figure 3: Contribution of predictors to Factor 1
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(https://eabcn.org).

are consistently dominated by proxies for economic activity and energy prices. By contrast,

technical and financial indicators and weather anomalies play a more limited role. Measures

of real economic activity account for most of the downward movement of the factor in 2020,

when European economies contracted sharply during the COVID-19 lockdowns, and for the

subsequent recovery. The upward movement of the factor in 2022, followed by its decline in

2023, instead reflects pressures related to the war in Ukraine and the subsequent easing of

conditions in European energy markets.

Consistent with this interpretation, the first factor is strongly correlated with IP growth,

with a correlation of 0.77, and with TTF natural gas price growth, with a correlation

of 0.74. It therefore tracks both the European business cycle and energy-market condi-

tions closely. This interpretation is in line with the structural VAR literature on carbon

markets: Bjørnland et al. (2023) identify macroeconomic demand shocks as the primary

driver of carbon-price dynamics, and our first factor captures this channel in reduced form.

More broadly, this result connects to the literature on global commodity-price co-movement

14
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(Alquist et al., 2020; Delle Chiaie et al., 2022), which shows that demand-driven fluctuations

in economic activity account for a large share of co-movement across commodity prices. It is

also consistent with Baumeister et al. (2022), who show that indicators of global economic

activity contain substantial information about energy demand and prices.

4 Forecasting the real price of carbon

4.1 Univariate time series models

Before turning to the multivariate forecasting results, we discuss the choice of the univari-

ate benchmark used in the forecast evaluation. We compare the RW with several standard

univariate alternatives: the RW with drift, an Unobserved Component model, and three Au-

toregressive Integrated Moving Average (ARIMA) specifications, namely an ARIMA(1,1,1),

an ARIMA(0,1,1), and an ARIMA(1,0,1). The first two ARIMA models impose a unit root,

while the third is estimated on the log real carbon price, rt. Moreover, the RW is also com-

pared to Bayesian AR (BAR) models with lag order p ∈ {1, 3, 12} and AIC-based selection,

estimated on both ∆rt and rt. The comparison, reported in Section S.4.1 of the Supplement,

shows that no univariate specification systematically improves upon the RW across forecast

horizons. We therefore retain the RW as the main benchmark. This choice is also in line

with the commodity-price forecasting literature – and with crude-oil forecasting in particular

– where the RW is commonly used as the main benchmark.

4.2 Can VAR models forecast the real price of carbon?

We then evaluate Bayesian multivariate forecasting models for the real carbon price. We

consider the baseline Bayesian VAR (BVAR) specification of Bjørnland et al. (2023), factor-

augmented VAR models, and a large BVAR including all 20 predictors used to extract the

factors. All specifications reported in Table 1 are estimated using the first difference of log

real carbon prices, ∆rt.
5

5In this and in the remaining sections of the paper, we focus on selected forecast horizons, h =
1, 2, 3, 6, 9, 12. Supplement S.4.2 reports the full set of results for all horizons from one to twelve months
ahead.
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Table 1 reports the forecasting performance of selected specifications. The first two

model columns report the baseline BVARs with one and three lags; the next six columns

report factor-augmented BVARs with one, two, and three factors, estimated with either

one or three lags; and the last two columns report large BVARs that include the full set

of predictors individually. Panel (a) shows that Bayesian multivariate models provide little

improvement over the RW at very short horizons. At horizons of one to three months,

relative RMSFEs are generally above one, indicating that the no-change benchmark remains

hard to beat.

Forecast gains emerge more clearly at medium and long horizons. At six and nine months

ahead, the one-factor BFAVAR with one lag delivers the lowest RMSFE, reducing forecast

errors relative to the RW by about 0.8% and 3.9%, respectively. At the one-year horizon,

however, the baseline BVAR(1) becomes the best-performing point-forecast model, with a

relative RMSFE of 0.9372, corresponding to a reduction of about 6.3% relative to the RW.

The one-factor BFAVAR(1) remains very close, with a relative RMSFE of 0.9416. The results

therefore suggest that factor augmentation can be useful, but mainly when the information

set is summarized parsimoniously. Adding a second or third factor does not systematically

improve performance and often deteriorates accuracy, especially in specifications with three

lags. The large BVARs, reported in the last two columns, perform particularly poorly in

terms of RMSFE: their relative RMSFEs are above one at all horizons, suggesting that

including all predictors individually adds estimation noise that is not offset by additional

predictive information.

Panel (b) shows a more balanced picture for directional accuracy. Success ratios are

above 0.5 for most models and increase with the forecast horizon. At medium and long hori-

zons, BVAR(1) and the one-lag BFAVAR specifications often share the highest success ratio.

At six, nine, and twelve months ahead, for example, BVAR(1) and the one-lag BFAVARs all

attain the best success ratio in the table. Large BVARs also predict the direction of price

changes better than chance at most horizons, but they rarely match the best parsimonious

specifications and are clearly dominated in terms of point forecast accuracy.

Overall, the evidence favours parsimonious Bayesian specifications estimated on ∆rt.

The choice between the baseline BVAR(1) and the one-factor BFAVAR(1) is horizon-dependent:

16



the factor-augmented model performs best at medium horizons, while the baseline BVAR(1)

is marginally more accurate at the one-year horizon. By contrast, increasing the number of

factors or estimating a large BVAR with all predictors does not improve forecast accuracy.

Sensitivity checks. We assess the sensitivity of these findings along several dimensions in

Section S.4.2 of the Supplement. First, models estimated on the log level of the real carbon

price, rt, perform poorly relative to models based on ∆rt, supporting our use of differenced log

prices in the main analysis. Second, VAR(12) specifications, commonly used with monthly

data, do not improve forecasting performance. Third, specifications that recursively select

the VAR lag order using the Akaike information criterion also fail to deliver systematic gains.

These checks confirm that the main results are not driven by the specific lag choices reported

in Table 1, and reinforce the conclusion that parsimonious Bayesian models provide the most

reliable forecasting performance.

We also allow the number of factors in the BFAVAR to vary over time, selecting it

recursively using the Bai and Ng (2002) information criteria. The resulting Bai–Ng-based

BFAVARs do not improve upon the fixed-factor specifications, suggesting that simple fixed-

factor models capture the relevant forecasting gains more effectively.

As an additional sensitivity check, we re-estimate the Bayesian VAR models using the

Horseshoe prior6 The results closely confirm the baseline evidence. Forecast gains remain

concentrated among parsimonious specifications estimated on ∆rt, while models with addi-

tional factors or all predictors included individually do not deliver systematic improvements.

The one-factor BFAVAR with one lag delivers the lowest relative RMSFE at most horizons

from two months ahead onward, and directional accuracy is also robust, with success ratios

generally above 0.5 and increasing with the forecast horizon. Overall, the Horseshoe-prior

results reinforce the conclusion that real carbon price predictability is best captured by

compact Bayesian VAR specifications rather than large unrestricted predictor systems.

Finally, we assess whether the results depend on our focus on real rather than nominal

carbon prices. We therefore replicate the previous analysis in using nominal carbon prices.

The nominal-price results closely align with those based on real prices and, if anything,

6Methodological details are provided in Section S.1.
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provide even stronger support for our main findings: parsimonious specifications continue

to dominate, and the factor-augmented BVAR(1) remains the best model at intermediate

forecast horizons.

Table 1: Relative RMSFE and Success Ratio of selected Bayesian forecasting models

(a) Relative RMSFE

BVAR 1 Factor 2 Factors 3 Factors Large BVAR

h BVAR(1) BVAR(3) BVAR(1) BVAR(3) BVAR(1) BVAR(3) BVAR(1) BVAR(3) BVAR(1) BVAR(3)

1 1.0505 1.0752 1.0604 1.0739 1.0500 1.0950 1.0577 1.1239 1.2143 1.2711

2 1.0337 1.0433 1.0407 1.0562 1.0647 1.1343 1.0816 1.1643 1.1360 1.2415

3 1.0366 1.0313 1.0499 1.0605 1.0468 1.0997 1.0725 1.1151 1.3368 1.3904

6 0.9997 1.0008 0.9921 1.0106 1.0036 1.0364 1.0184 1.0435 1.2851 1.4535

9 0.9667 0.9735 0.9610 0.9904 0.9695 1.0417 0.9843 1.0428 1.2898 1.5440

12 0.9372 0.9554 0.9416 0.9808 0.9492 1.0406 0.9558 1.0463 1.2098 1.6891

(b) Success Ratio

BVAR 1 Factor 2 Factors 3 Factors Large BVAR

h BVAR(1) BVAR(3) BVAR(1) BVAR(3) BVAR(1) BVAR(3) BVAR(1) BVAR(3) BVAR(1) BVAR(3)

1 0.5517 0.5690 0.5517 0.5517 0.5517 0.6207 0.5690 0.5690 0.5690 0.6207∗

2 0.5517 0.5690 0.5517 0.5690 0.5517 0.5517 0.5517 0.5000 0.6207 0.5690

3 0.5690 0.5862 0.5517 0.5690 0.5690 0.6034 0.5517 0.5690 0.5862 0.6034

6 0.6897 0.6724 0.6897 0.6552 0.6897 0.6379 0.6897 0.6552 0.6207 0.6034

9 0.7931 0.7759 0.7931 0.7586 0.7931 0.7586 0.7931 0.7759 0.7586 0.7069

12 0.7931 0.7759 0.7931 0.7414 0.7931 0.7586 0.7931 0.7586 0.7759 0.7241

Notes: Panel (a) shows relative RMSFE (ratio to RW). Values below one in bold; best model per row underlined. ∗ (∗∗) denotes
rejection of the one-sided Diebold-Mariano test at 10% (5%). Panel (b) reports success ratios; values above 0.5 in bold; best
model per row underlined. ∗ indicates p-value of Pesaran-Timmermann (2009) test below 0.1. All models estimated in first
differences. Lag orders in parentheses.

4.3 Density forecasts and the role of stochastic volatility

To quantify the uncertainty surrounding point forecasts, and in light of evidence that stochas-

tic volatility (SV) improves density forecasts of macroeconomic aggregates (Clark and Ravaz-

zolo, 2015; Chan, 2023), we compare the performance of the baseline BVAR models with

that of otherwise identical specifications augmented with SV. We evaluate both point and

density forecasts for future values of the real price of carbon.

We augment the BVAR models with a Cholesky multivariate SV process (Chan, 2023, for

details)7. The model is estimated in a Bayesian framework using Minnesota-style shrinkage

priors for the VAR coefficients and hierarchical priors for the stochastic-volatility parameters.

Full details of the prior specification are provided in the Supplement S.1.2.

7The Cholesky-SV specification is not invariant to the ordering of the variables, since the Cholesky
decomposition imposes a recursive structure on the reduced-form covariance matrix. This issue is well
known in the literature: Arias et al. (2023) show that variable ordering can affect density and interval
forecasts in multivariate SV models, while Chan et al. (2024) discuss order-invariant alternatives. See also
Carriero et al. (2019) and Primiceri (2005).
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Point and direction-of-change forecast comparisons, together with the full tables for all

forecast horizons, are reported in Supplement S.4.3. The main message is that allowing

for SV does not improve point-forecast accuracy. For sign forecasts, the evidence is more

mixed: SV improves directional accuracy at short horizons, while from horizon six onward

differences across models become negligible, with most specifications delivering identical or

nearly identical success ratios.

We therefore focus here on density-forecast accuracy. To this end, we rely on qCRPS

(Gneiting and Ranjan, 2011), where the model with the lowest score is ranked as the most

accurate.8 Panel (a) of Table 2 focuses on the center of the predictive distribution, while

Panels (b) and (c) evaluate accuracy in the right and left tails, respectively. These tail

forecasts are relevant for assessing the probability of extreme price movements.

With very few exceptions, homoskedastic factor-augmented BVAR models – especially

the specification with one factor – are more accurate than the SV alternatives in forecasting

both the center and the tails of the predictive distribution. In Panel (a), SV delivers the

lowest qCRPS only at the one-month-ahead horizon; from horizon two onward, the best-

performing specification is always homoskedastic. A similar pattern emerges for the right

tail in Panel (b): although the BVAR-SV specification performs best at horizon two, the

lowest qCRPS is otherwise obtained by homoskedastic models, most often the one-factor

BVAR. The evidence for the left tail in Panel (c) is consistent with this conclusion. Apart

from horizons one and six, where the BVAR-SV without factors records the lowest score, the

best-performing models are again homoskedastic.

In the case of the real carbon price, incorporating SV therefore does not seem to of-

fer any meaningful advantage. As shown in Figure 2 the 2018–2023 evaluation period is

dominated by abrupt repricing episodes – the COVID-19 recession and rebound, and the

sharp increase during 2021–2022 – that are better interpreted as level adjustments driven by

policy, macroeconomic, and energy-market shocks than as persistent changes in conditional

volatility. Since SV is expected to improve density forecasts primarily when time variation

in volatility is persistent (Clark and Ravazzolo, 2015), these results suggest that most of the

8Contrary to the point-forecast tables, these numbers are not ratios to a benchmark but are expressed in
the same scale as real prices.
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predictable variation in this sample is already captured by the mean equation, especially

once common information from the larger predictor set is summarized through factors. This

leaves limited scope for SV to further improve the forecast density.

Table 2: Quantile-weighted Continuous Ranked Probability Score (qCRPS)

(a) Quantile-weighted CRPS: center

1 Factor 2 Factors 1 Factor 2 Factors

h BVAR(1) BVAR(1) BVAR(1) BVAR-SV(1) BVAR-SV(1) BVAR-SV(1)

1 0.5025 0.4973 0.4919 0.4900 0.4936 0.4925

2 0.7263 0.7276 0.7322 0.7277 0.7315 0.7373

3 0.9037 0.9085 0.9028 0.9173 0.9226 0.9243

6 1.2594 1.2506 1.2662 1.2703 1.2762 1.2880

9 1.6191 1.6149 1.6221 1.6503 1.6524 1.6648

12 1.9409 1.9645 1.9573 2.0465 2.0520 2.0628

(b) Quantile-weighted CRPS: right tail

1 Factor 2 Factors 1 Factor 2 Factors

h BVAR(1) BVAR(1) BVAR(1) BVAR-SV(1) BVAR-SV(1) BVAR-SV(1)

1 0.7592 0.7542 0.7410 0.7457 0.7500 0.7441

2 1.1810 1.1756 1.1829 1.1724 1.1815 1.1835

3 1.4730 1.4646 1.4662 1.4938 1.4976 1.5065

6 2.1408 2.1228 2.1487 2.1814 2.1988 2.2061

9 2.7457 2.7269 2.7309 2.8172 2.8234 2.8425

12 3.5462 3.5620 3.5432 3.7103 3.7282 3.7499

(c) Quantile-weighted CRPS: left tail

1 Factor 2 Factors 1 Factor 2 Factors

h BVAR(1) BVAR(1) BVAR(1) BVAR-SV(1) BVAR-SV(1) BVAR-SV(1)

1 0.8016 0.7983 0.7968 0.7965 0.8024 0.8033

2 1.0537 1.0667 1.0734 1.0876 1.0939 1.1067

3 1.2809 1.3010 1.2883 1.3118 1.3269 1.3230

6 1.7339 1.7304 1.7511 1.7287 1.7342 1.7498

9 2.2823 2.2821 2.2989 2.3107 2.3174 2.3185

12 2.5460 2.5767 2.5805 2.6116 2.6200 2.6258

Notes: Panel (a), (b) and (c) show quantile-weighted Continuous Ranked Probability Scores (CRPS) with weighting that
emphasizes the center and the right or the left tail of the distribution, respectively. The best forecasts, associated with the
lowest scores, are underlined.

4.4 Forecast instability and pooling

The forecast comparisons reported so far evaluate models using average losses over the

full evaluation sample. However, relative forecast accuracy may vary over time because of

parameter instability, changes in shock volatility, or shifts in the predictive content of the

regressors (Giacomini and Rossi, 2010; Rossi, 2021). This concern is particularly relevant in

our application, since the evaluation period includes the COVID-19 recession, the 2021–2022

energy crisis, and the subsequent period of lower volatility in carbon prices.

In Supplement S.4.4, we investigate this issue using the fluctuation test of Giacomini and
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Rossi (2010). The results show that the relative performance of the factor-augmented BVAR

models is time-varying. In particular, the one-factor BFAVAR(1) performs well over parts

of the evaluation sample, especially at medium and long horizons and during the COVID-19

recession, but its relative accuracy deteriorates toward the end of 2022. Similar evidence

emerges when forecast performance is evaluated using density losses, including right-tail

qCRPS. Thus, the fluctuation tests indicate that factor models contain useful predictive

information, but also that their performance is not stable over time.

We therefore go beyond documenting forecast instability and ask whether it can be

mitigated in practice. Forecast averaging is a natural device in this setting because it reduces

dependence on a single specification when model rankings change over time (see e.g. Bates

and Granger, 1969; Aag et al., 2026; Baumeister and Kilian, 2015; Stock and Watson, 1999).

We implement the pooling exercise using the parsimonious lag-one specifications consid-

ered above. Here we focus on the simplest and best-performing combination, which averages

the forecasts from the AR(1), the BVAR(1), and the one-factor BFAVAR(1). We use a sim-

ple equal-weight average, which is transparent, feasible in real time, and avoids estimating

additional weights from our short evaluation sample. Additional pooling schemes, including

median combinations and pools based on BFAVAR models with one, two, and three factors,

are reported in Supplement S.4.5.

Results in Supplement S.4.5 show that pooling does not improve forecast accuracy at

very short horizons, where the RW remains difficult to beat. Forecast gains emerge from

medium horizons onward. From h = 6, the pooled forecast delivers RMSFE ratios below one,

and at horizons h = 7 and h = 10 it is the best-performing specification. At the one-year

horizon, the pooled forecast remains very close to the best individual models, preserving

most of the gains obtained by the BVAR(1) and the one-factor BFAVAR(1).

Plots of cumulative RMSFE ratios relative to the RW confirm that relative forecast

accuracy changes substantially over the evaluation sample. The one-factor BFAVAR(1)

performs well before and after the COVID-19 recession, but its cumulative performance

deteriorates around 2022. The pooled forecast does not offset this deterioration, but it

remains competitive and broadly tracks the best-performing individual specifications. Hence,

pooling in this case does not mitigate the instability documented by the fluctuation tests.
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Overall, the exercise reinforces the main message of the paper. The useful information

in the broader predictor set is concentrated in the parsimonious one-factor BFAVAR.

4.5 How important are verified emissions when forecasting prices?

Our results show that simple VAR models of the EU ETS yield sizable accuracy gains when

forecasting the real price of carbon. Since both the baseline VAR model of Bjørnland et al.

(2023) and our preferred factor-augmented specifications include verified emissions as an

endogenous variable, we might want to assess their role in forecasting real prices.

As a simple robustness check, we consider a stripped-down version of VAR models where

we omit interpolated verified emissions, with the aim of assessing whether the interpolation

process induces a look-ahead bias that artificially inflates forecast gains. We focus on density

forecasts from the baseline BVAR(1) and the BFAVAR(1) specifications with one and two

factors. Results in Supplement S.4.6 show that omitting verified emissions leaves density

forecast accuracy largely unchanged: differences in qCRPS between models with and without

emissions are small in absolute terms and if anything, models without emissions perform

marginally better at several horizons, particularly for the center and the right tail of the

predictive distribution.

This finding alleviates concerns about look-ahead bias: were the interpolation artificially

inflating forecast performance, removing emissions would be expected to worsen accuracy

rather than leave it unchanged or improve it. We therefore retain verified emissions in the

main specifications, since including them allows us to produce forecast scenarios conditional

on changes in the emissions cap, which are directly relevant for EU ETS market monitoring.

5 Further results

5.1 Expert forecasts of the nominal price of carbon

As a further step, we provide a qualitative comparison of model-based nominal price forecasts

against the fixed-event forecasts issued by the Carbon Team at the London Stock Exchange

Group (LSEG; formerly Refinitiv) and its survey forecasts, converted to a fixed-horizon basis
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following Dovern et al. (2012). Full details and figures are provided in Supplement S.4.7.

LSEG Carbon Team’s forecasts. The Carbon Team at LSEG produces forecasts of nominal

EU ETS price with an irregular cadence for the period 2014-2023 ranging from 3 to 6 times

per year, where the forecast horizon can be either the current year or several years in the

future. There are 19 one-year-ahead forecasts irregularly spaced over the period December

2018 to September 2023 that overlap with those in our evaluation period.

The comparison between LSEG, RW, and model-based forecasts indicates that forecast

performance is not stable over time. LSEG and RW forecasts are very close over most of

the sample, with a correlation of forecast errors equal to 0.95 computed over the period

January 2015 to May 2023. However, the relative performance of the different approaches

changes across market regimes. During the high-volatility period of 2021–2022, the inclusion

of macroeconomic variables improves the ability of the BFAVAR(1) model-based forecasts

to track the sharp increase in nominal EU ETS prices. By contrast, in the more stable

environment of late 2022 and 2023, LSEG forecasts appear to follow realized prices more

closely than the model-based forecasts. Overall, these results are consistent with the evidence

for the real carbon price in Section 4.4 and suggest that the relative performance of LSEG

and model-based forecasts of the nominal EU ETS price is time-varying.

Survey forecasts. Carbon Market Surveys run by LSEG each year from 2020 to 2022, con-

ducted between February and April (March in 2020), capture the market sentiment of re-

spondents from a multitude of countries who are mostly stakeholders with tangible and

financial interests in carbon markets (e.g., traders, firms covered by an ETS). Participants

who have answered the section of the survey concerning EU ETS price expectations are 60

in 2020, 119 in 2021, and 88 in 2022.

The comparison between survey and model-based density forecasts confirms that pre-

diction accuracy differs substantially across periods. In 2021 and 2022, both survey respon-

dents and the single-factor BVAR model failed to anticipate the sharp increase in nominal

EU ETS prices, reflecting the difficulty of anticipating the rapid run-up in European car-

bon prices during this period. By contrast, forecasts for 2023 are much closer to realized

nominal prices. Importantly, realized prices for 2021 and 2022 still fall in the right tail of
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the BFAVAR one-year-ahead predictive density, with the March 2021 realization being the

only case outside the 95% BFAVAR prediction interval. This evidence suggests that the in-

clusion of macroeconomic information helps to capture part of the upside risk, although the

exceptional macroeconomic conditions surrounding the COVID-19 pandemic make forecast

evaluation for 2021 and 2022 particularly challenging.

5.2 Verified emissions forecasts

Forecasts of verified emissions are as crucial as price forecasts. Entities participating in

the EU ETS need reliable emission forecasts to plan emission reduction strategies and en-

sure compliance with regulatory requirements, while environmental agencies rely on these

forecasts to assess the impact of emissions reduction initiatives. We now turn to assessing

whether the BVAR models considered in this paper can serve as a reliable tool for this

purpose.

We report full results in Supplement S.4.8. For point forecasts, no specification improves

upon the RW at horizons of one and two months, but SV models deliver systematic accuracy

gains from h = 3 onward. Among SV specifications, the one-factor BFAVAR(1)-SV performs

best at medium horizons, while the baseline BVAR(1)-SV dominates at longer ones. At

the one-year horizon – the most policy-relevant given the annual publication of verified

emissions data – SV models reduce RMSFE relative to the RW by between 6.5% and 7.1%.

The AR(1) is uniformly worse than the RW at all horizons, providing evidence against its

use as a univariate benchmark. For density forecasts, SV models also dominate for the

center of the predictive distribution, with the one-factor BFAVAR(1)-SV performing best

at short and medium horizons and the BVAR(1)-SV at longer ones. The contrast with

the real carbon price results – where SV yields no systematic gains – reflects the different

time-series properties of the two variables. Verified emissions follow a smoother path with

volatility concentrated around the COVID-19 episode; SV can identify this as a persistent

high-uncertainty regime and improve density accuracy accordingly (Clark and Ravazzolo,

2015). By contrast, real carbon prices mainly reflect abrupt policy, macroeconomic, and

energy-market repricing, largely captured by the mean equation.
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5.3 Market monitoring

Following Baumeister et al. (2022), we construct indices of demand pressure, upward, and

downward price pressure for the EU ETS market. For approximating demand pressure, we

take the difference between one-year and one-month-ahead verified emission forecasts from

the BFAVAR(1)-SV model. A negative value of the proxy signals expectations of loosening

market conditions over the next year.

Using the predictive densities delivered by Bayesian estimation of the single-factor

BVAR(1) model, upward and downward price pressure indices are defined as follows:

PP+
t =

1

12

12∑
h=1

I
[
R̂t+h|t > max (Rt, Rt−1, . . . , Rt−11)

]
, (4)

PP−
t =

1

12

12∑
h=1

I
[
R̂t+h|t < min (Rt, Rt−1, . . . , Rt−11)

]
. (5)

These proxies estimate the probability that over the next 12 months, the real price of carbon

is above (below) the maximum (minimum) value observed in the previous year.

The upper panel of Figure 4 displays the demand pressure proxy as a set of bars along

with lines representing (actual and interpolated) verified emissions. Note that, although

verified emissions are available at an annual sampling frequency, BVAR models are estimated

with monthly data; therefore, the demand pressure index allows monitoring expectations

about the EU ETS market in real time each month. The index is always negative to track

the long-term decline of verified emissions, interrupted by an increase in 2021 in the aftermath

of the COVID-19 recession.

As shown by Bjørnland et al. (2023), the dynamics of verified emissions are elicited by

three main forces: a supply shock and two distinct demand shocks. The two demand shocks

are related to economic activity and transition demand. The first essentially depends on

the business cycle and, therefore, can be associated with positive or negative changes in the

demand pressure index. For instance, during the COVID pandemic, expectations of a future

quick recovery associated with an increase in industrial activity are captured by a rebound of

the demand pressure index. The transition-demand shock – capturing, among other things,

the increased usage of renewables – contributes to the steady decline in verified emissions
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Figure 4: Demand and price pressure indices for the EU ETS market from March 2018 to
August 2023.
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and therefore keeps the pressure index in negative territory.

The two price pressure indices, along with the evolution of the real EU ETS prices,

are shown in the middle and bottom panels of Figure 4. Given that between 2018 and

2023, the real price has steadily increased – peaking at almost 120 Euros in early 2023 –

the upward pressure index in the middle panel always signals expectations of soaring prices.
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Two exceptions are recorded in 2020 and in early 2023 when the downward price pressure

index rises temporarily, capturing expectations of price decreases.

6 Conclusions

The fact that the EU ETS regulation is strengthening over time makes further analysis of

the macroeconomic effects of carbon price shocks increasingly warranted. Indeed, the ECB

already embeds technical assumptions on carbon pricing in its projections (European Central

Bank, 2021b). Technical assumptions amount to setting the trajectory for key variables

entering the ECB’s macroeconomic models over the projection horizon and are derived in

a variety of ways, including univariate and multivariate econometric models and using the

price of futures contracts (European Central Bank, 2016).

In this paper, we have identified predictors and methodological choices that can directly

inform projections and scenario analyses of the EU ETS carbon price. Our results show that

EU ETS prices and verified emissions can be forecast with relatively simple BVAR models

estimated with monthly data to include macroeconomic predictors.

There are at least two aspects of our analysis that deserve further investigation. First,

the use of time series sampled at different frequencies. Mixed Frequency and Mixed-data

sampling (MIDAS) models could be used to further improve monthly forecasts relying on

data sampled at a higher frequency, such as weather conditions, energy prices, and financial

variables. Moreover, given that several key predictors of real carbon prices – such as the

level of verified emissions and many macroeconomic aggregates – are available only at the

lower sampling frequency, it would also be informative to exploit reverse-MIDAS approaches

(Foroni et al., 2023). Lastly, the comparison between model-based, survey, and LSEG fore-

casts could open a debate regarding the usage of tilting techniques (see e.g. Krüger et al.,

2017).
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Supplementary Materials

An online Supplement provides details on the Bayesian estimation of the models, describes

the temporal disaggregation of verified emissions data, reports descriptive statistics for the

factor models. Moreover, the Supplement shows further robustness checks on prior specifi-

cation, number of factors and nominal carbon prices, while it provides different fluctuation

tests for various models, forecast pooling and the importance of verified emissions.
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S.1 Bayesian estimation of models

S.1.1 Bayesian Estimation of AR, VAR and factor VAR models

We provide additional details about the estimation of VAR(p) models considered in the

paper. We begin by rewriting the model and establishing the notation:

yt = a+

p∑
j=1

Ajyt−j + ut, (S.1)

where a is a n× 1 vector of intercepts, Aj are n× n matrices of coefficients for j = 1, . . . , p,

and ut is an n × 1 vector of zero-mean innovations Normally distributed with covariance

matrix Σ. Let k = np + 1 be the number of regressors and nk = n2p + n the number of

coefficients.

It is useful to rewrite models (S.1) as:

Y = ZA+U (S.2)

where the dependent variables are stacked in the T × n matrix Y with t-th row being y′
t.

The T × k matrix Z collects regressors, with t-th row being x′
t =

(
1,y′

t−1, . . . ,y
′
t−p

)
. The

k × n matrix A = (a,A1, . . . ,Ap)
′ collects VAR coefficients, and U is a T × n matrix of

innovations with t-th row being u′
t.

From this representation, it follows that vec(U) ∼ N(0,Σ⊗IT ). Moreover, the likelihood

function can be written as:

p (Y |A,Σ) = (2π)−0.5Tn |Σ|−0.5T exp
{
−0.5 tr

[
Σ−1 (Y − ZA)′ (Y − ZA)

]}
(S.3)

where | · | denotes the determinant and tr(·) the trace function.

The natural conjugate prior. In all the baseline results estimation of VAR models relies on

the natural conjugate prior in which we consider a joint distribution for (vec(A),Σ). More
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precisely, we assume that Σ has the following inverse-Wishart prior:

Σ ∼ W−1(ν0,S0) (S.4)

where ν0 > 0 is a shape parameter and S0 a scale matrix. In addition we have the following

conditional multivariate Normal prior for (vec(A)|Σ):

(vec(A) | Σ) ∼ N (vec(A0),Σ⊗VA) (S.5)

Then (vec(A),Σ) has the following Normal-inverse-Wishart (NIW) prior:

(vec(A),Σ) ∼ NIW(vec(A0),VA, ν0,S0) (S.6)

The joint density function is:

p(A,Σ) ∝ |Σ|−0.5(ν0+n+k+1) exp
{
−0.5 tr

[
Σ−1S0

]}
exp

{
−0.5 tr

[
Σ−1(A−A0)

′V−1
A (A−A0)

]}
(S.7)

Selection of the hyperparameters. The hyperparameters of the NIW prior are: vec(A0),

VA, ν0, and S0. In the empirical implementation we adopt a Minnesota-style specification

embedded in the natural conjugate prior.

The prior mean A0 is set to shrink the VAR dynamics towards a parsimonious bench-

mark: the intercepts and all coefficients are centered at zero, except for the coefficients on

the own first lag. Specifically, diagonal elements of the first lag matrix are set to zero when

variables are modeled in first differences, and to unity when they are modeled in levels or

log-levels (unit-root prior). In our application, diagonal elements of the first lag matrix are

set to zero also for estimated factors. This choice reflects the fact that factors are extracted

via principal component analysis from a set of variables that have been transformed to induce

stationarity prior to estimation.

The prior covariance matrix VA is assumed to be diagonal. Diagonal elements for

coefficients associated with the j-th lag of variable r are set equal to c1/(j
2σ̂2

r) where σ̂2
r is
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the residual variance of an AR(p) model for variable r. The intercepts prior variance are set

separately to be equal to c2. The hyperparameters (c1, c2) regulate the strength of shrinkage:

smaller c1 tightens the prior around A0 (i.e. stronger regularization). The lag-decay j−2

progressively shrinks longer lags. Scaling by σ̂2
r ensures that shrinkage is comparable across

variables measured in different units. In our application, we set c1 = 0.04 and c2 = 100: the

former imposes moderate shrinkage on the autoregressive dynamics, while the latter reflects

diffuse prior beliefs about the intercepts.

The prior for the degrees of freedom parameter is ν0 = n+ 3 which implies a relatively

diffuse inverse-Wishart prior. The scale matrix S0 is diagonal with elements σ̂2
r , that is

the residual variance of an AR(p) model for variable r with lag-order p that matches the

lag-order of the VAR(p) model.

Estimation. For the derivation of the posterior distribution and the estimation, we follow

Chan (2020), whose replication code we adapt for the purposes of this paper. In all cases,

we take a total of 5200 draws, discarding the first 200 as burn-in.

The factors entering the BFAVAR models are extracted via principal component analysis

from the set of 20 predictors described in the paper. Prior to extraction, all variables are

transformed to induce stationarity and standardized. Specifically, IP indices, the Euro Stoxx

price index, energy prices, and the auction price are transformed into monthly growth rates

(first differences of logarithms). Clean dark and clean spark spreads are first-differenced,

while the monthly auction price range is log-transformed. We do not apply any transfor-

mation to the auction cover ratio, temperature, and precipitation anomalies. A preliminary

screening for outliers was also carried out; however, given that only a few extreme obser-

vations (i.e. observations exceeding 20 times the interquartile range from the median) were

detected during the COVID pandemic, we decided to keep them in the sample. At each fore-

cast origin, the principal components are re-estimated as described above on the available

sample only, so as to avoid any look-ahead bias. In the large-VAR estimated in the paper,

we include the 20 individual predictors transformed as described above. The same code is

also used for Bayesian AR models.
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S.1.1.1 The Horseshoe prior

As a robustness check, we define a global-local shrinkage prior for the vectorized matrix

of coefficients. In particular, we rely on the Horseshoe prior (HS) introduced by Carvalho

et al. (2010) and adapted to VAR by Follett and Yu (2019), which, unlike other global-local

shrinkage priors, does not require hyperparameter selection. Let us denote α = vec(A),

then the general HS prior takes the form

αj|λα
j , τ

α ∼ N (0, λα
j τ

α)

λα
j ∼ C+(0, 1),

τα ∼ C+(0, 1),

where C+(·, ·) denotes the half-Cauchy distribution, λα
j and τα are the local and global

shrinkage parameter, respectively.

Following Cross et al. (2020), we consider the scale mixture representation of the half-

Cauchy distribution as

λα
j |να

j ∼ IG
(
1

2
,
1

να
j

)
τα|ξα ∼ IG

(
1

2
,
1

ξα

)
να
j ∼ IG

(
1

2
, 1

)
ξα ∼ IG

(
1

2
, 1

)
,

where να
j and ξα are independent auxiliary random variables.

Inference for the local and global shrinkage parameters follows the one provided by Cross

et al. (2020), while inference for α and for Σ follows the same steps as in the conjugate case.
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S.1.2 Bayesian Estimation of VAR and factor VAR Models with

Stochastic Volatility

We provide additional details about the estimation of VAR(p) models with stochastic volatil-

ity considered in the paper. The BVAR model with Cholesky multivariate SV process (Chan,

2023, for details) can be represented as follows:

yt = a+

p∑
j=1

Ajyt−j + ut (S.8)

ut ∼ N(0,Σt), Σ−1
t = B′

0D
−1
t B0, (S.9)

hi,t = µi + ϕi (hi,t−1 − µi) + εi,t, εi,t ∼ N(0, σ2
εi
), (S.10)

where a is a n× 1 vector of intercepts, Aj are n× n matrices of coefficients for j = 1, . . . , p,

and ut is an n×1 vector of reduced-form idiosyncratic errors. Next, we have: B0, a lower tri-

angular matrix of size n×n with ones along the main diagonal and Dt = diag(eh1,t , . . . , ehn,t).

Equation (S.10) specifies an independent autoregressive volatility process for each variable

in the model for t = 2, . . . , T with initial condition hi,1 ∼ N(µi, σ
2
εi
/(1 − ϕ2

i )). The model

parameters are:

• the equation-specific VAR coefficient vectors αi = (ai,Ai,1, . . . ,Ai,p)
′ of dimension

k × 1 where k = np+ 1, for i = 1, . . . , n;

• the free below-diagonal elements βi = (B0,i,1, . . . , B0,i,i−1)
′ of B0, for i = 2, . . . , n;

• and the stochastic volatility parameters (µi, ϕi, σ
2
εi
) for i = 1, . . . , n.

Prior on VAR coefficients. We assume that the intercept and the VAR coefficients are

independent across equations and assign each αi a hierarchical Normal prior (Chan, 2023):

αi ∼ N(α0,i,Vαi
) , i = 1, . . . , n, (S.11)
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with prior mean α0,i = 0. The prior covariance Vαi
is diagonal with elements:

V (l)
αi,r

=



κ0 intercept

κ1

l2
own lag l in equation i

κ2 σ̂
2
i

l2 σ̂2
r

lag l of variable r ̸= i in equation i

(S.12)

where l = 1, . . . , p and σ̂2
r denotes the residual variance of a univariate AR(p) regression for

variable r. As in the NIW case described in Section S.1.1, scaling by σ̂2
r ensures unit-free

shrinkage across variables, and the intercept variance κ0 = 100 is diffuse.

A key feature of this specification is that κ1 and κ2 are hyperparameters controlling,

respectively, the overall shrinkage strength on own-lag and cross-variable coefficients (Chan,

2023). Both κ1 and κ2 are treated as unknown parameters to be estimated from the data.

Prior on the impact matrix. The free elements βi of B0 have an independent hierarchical

Normal prior:

βi ∼ N
(
0,Vβi

)
, i = 2, . . . , n, (S.13)

where Vβi
is diagonal with elements: Vβi,j = κ3

σ̂2
i

σ̂2
j
, j = 1, . . . , i − 1, which shrinks contem-

poraneous off-diagonal relationships toward zero. The tightness parameter κ3 is also treated

as unknown and estimated from the data.

Prior on stochastic volatility parameters. For the parameters governing the state equation

we adopt the priors below. The innovation variance σ2
εi
has an Inverse-Gamma prior:

σ2
εi
∼ IG(νσ, Sσ), νσ = 3, Sσ = 0.2, (S.14)

implying a prior mean of Sσ/(νσ − 1) = 0.1. The unconditional log-volatility mean µi has a

diffuse Normal prior:

µi ∼ N(0, 100). (S.15)

The persistence parameter ϕi is assigned a Normal prior truncated to the stationarity region
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|ϕi| < 1:

ϕi ∼ N(0.98, 0.0025) 1(|ϕi| < 1), (S.16)

In the sampler, stationarity is further enforced by retaining Metropolis–Hastings proposals

only when |ϕi| < 0.998.

Hierarchical GIG priors on shrinkage hyperparameters. The tightness parameters κ1, κ2

and κ3 are treated as latent variables and sampled within the MCMC. Each is assigned a

Generalised Inverse Gaussian (GIG) hyperprior (Chan, 2023):

κs ∼ GIG(as, bs), s = 1, 2, 3, (S.17)

The hyperparameters (as, bs) are set following Chan (2023).

Special case. To make the comparison as close as possible to models without stochastic

volatility, we consider an alternative specification of the prior for this model. Specifically,

(1) we modify Equation (S.12) so that the prior variance of the VAR coefficients is specified

exactly as in Section S.1.1. In particular, we set V
(l)
αi,r = κ1/(l

2σ̂2
r), where i = 1, . . . , n

indexes the equation (i.e., the dependent variable), r = 1, . . . , n indexes the variable whose

lag appears as a regressor, and l = 1, . . . , p denotes the lag order. Here σ̂2
r is the estimated

innovation variance of variable r, obtained from a univariate autoregression. Moreover, (2)

we do not estimate the hyperparameters κs for s ∈ {1, 3} from the data, but we set them

to: κ1 = 0.04, and κ3 = 0.04.

Estimation. Posterior inference is conducted via MCMC, using a Gibbs sampler as in Chan

(2023) whose replication code we adapt for the purposes of this paper. We take a total of

5,200 draws, discarding the first 200 as burn-in and retaining 5,000 draws. The same code

is extended to BFAVAR with SV models by augmenting yt with principal components as

described in Section S.1.1.

8



S.2 Temporal disaggregation of verified emissions data

For the temporal disaggregation process, we follow Bjørnland et al. (2023) and Känzig (2023)

in applying Chow-Lin temporal disaggregation of verified emissions from annual to monthly

data, implemented via the MATLAB library of Quilis (2013). The Chow-Lin formula

ŷ = Xβ̂ + V C ′(CV C ′)−1(Y − CXβ̂)

is applied, where Y is the vector of verified annual emissions, y denotes the unobserved

monthly emissions, X is the matrix of monthly indicators –the logarithm of the emission-

weighted IP index and the logarithm of the HICP–, C is the aggregation matrix converting

months into years and ensuring that annual totals are preserved, and V is the covariance

matrix of the monthly residuals. The procedure first estimates β̂ via Generalized Least

Squares (GLS) from the regression of annual verified emissions on the annualised monthly

indicator, computes annual residuals û = Y − CXβ̂, and recovers monthly estimates as

ŷ = Xβ̂ + V C ′(CV C ′)−1û. The term Xβ̂ provides the monthly profile driven by the IP

indicator, while the correction component distributes the annual residuals across months

according to the assumed covariance structure. By construction, Y = Cŷ.

S.3 Factor Models – Descriptive Statistics

Explained variance. Figure S.1 shows the share of the total variance explained by factors

from December 2017 to September 2023.

Economic interpretation of factors. Figure S.2 reports the R2 from regressing each factor

on individual predictors using data from June 2012 to December 2017, corresponding to

the information available at the beginning of the forecasting exercise. The first factor loads

primarily on energy prices and IP indices. The second factor loads on a combination of sev-

eral IP indices and the cover ratio, while the third factor loads mainly on financial spreads,

precipitation anomalies, and the remaining IP indices. The relative contribution of predic-

tors to the factors evolves over time, so the composition of the variables underlying factor
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Figure S.1: Percentage of total variance explained by factors 1, 2, and 3 from December
2017 to September 2023.
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movements is not constant throughout the sample.

Figure S.3 shows that the first factor closely tracks the European business cycle and the

evolution of energy prices, displaying a strong correlation with both IP growth (0.77) and the

growth of TTF natural gas prices (0.74). The first factor turns negative and falls well below

its mean during the COVID-19 recession, recovers during the subsequent expansion, and

remains elevated for most of the first half of 2022, when natural gas prices surged following

the Russian invasion of Ukraine.
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Figure S.2: Characterization of the First Three Factors: R2 from Regressing Factors on
Individual Predictors (June 2012-December 2017)

Factor	1
Economic	activity Energy	Prices Technical	&	Financial

Indicators
Weather

R
2

0

0.2

0.4

0.6

0.8

1

Factor	2
Economic	activity Energy	Prices Technical	&	Financial

Indicators
Weather

R
2

0

0.2

0.4

0.6

0.8

1

Factor	3
Economic	activity Energy	Prices Technical	&	Financial

Indicators
Weather

IP

IP	
Che

mica
ls

IP	
Cok

e	&
	O

il

IP	
Ele

ct	
&	G

as

IP	
Meta

ls

IP	
Non

meta
llic

IP	
Pa

pe
r

Clea
n	D

ark

Clea
n	S

pa
rk

Br
en

t

Gas
	(F

M)

Gas
	(F

Y)
Coa

l

Po
wer

Eu
ro	

Sto
xx

Cov
er	

Rati
o

Ran
ge

Au
cti

on
	Pr

ice

Pr
ec

ipi
tat

ion

Te
mpe

rat
ure

R
2

0

0.2

0.4

0.6

0.8

1

11



Figure S.3: Dynamics of the First Factor and Its Correlation with IP and Natural Gas Prices
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Notes: IP and TTF gas price series are standardized to have zero mean and unit variance.
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S.4 Additional results

Tables in the following subsections share a common structure. Panel (a) reports relative Root

Mean Squared Forecast Errors (RMSFE), computed as the ratio of the RMSFE of model

m over the RMSFE of the Random Walk (RW) model, for forecast horizons h = 1, . . . , 12

months ahead. Models are estimated on both the log real carbon price, rt, and its first

difference, ∆rt. Forecast evaluation is carried out on the real price in level, that is after

exponentiating the forecasts. Relative RMSFEs below one, shown in bold, indicate superior

point forecast accuracy relative to the RW. Panel (b) reports Success Ratios (SR); entries

in bold exceed 0.5, indicating that the model predicts the direction of change correctly more

than half of the time. In each table, the model yielding the lowest RMSFE or the highest

SR is underlined. Since most existing studies rely on daily or weekly nominal prices, the

choice of benchmark for monthly real carbon prices is not straightforward. Following the

commodity price forecasting literature — and crude oil forecasting in particular — we adopt

the simple RW model as the primary benchmark.

S.4.1 Univariate time series models

Table S.1 reports RMSFE and SR for the full set of univariate time series models. These

models include: the Random Walk with Drift (RWD); three ARIMA specifications —

ARIMA(1,1,1), ARIMA(0,1,1), and ARIMA(1,0,1), where the first two impose a unit root

and the third is estimated on rt; an Unobserved Component (UC) model;1 and Bayesian AR

(BAR) models with lag order p ∈ {1, 3, 12} and AIC-based selection, estimated on both ∆rt

and rt. Prior specification and estimation details are provided in Section S.1.

Panel (a) shows that no model improves upon the RW at h = 1 and h = 2. From

h = 3 onward, the RWD and several ARIMA and BAR specifications in first differences

generate RMSFE reductions, with gains reaching up to 5.5% at h = 10. The UC model

underperforms the RW at all horizons. BAR models in levels deteriorate monotonically with

the horizon, with RMSFE ratios well above 1.5 at h = 12, and are dominated by their first-

1We specify the UC model as rt = τt+εt with εt
iid∼ N(0, σ2

ε). The stochastic trend evolves as τt = τt−1+ηt

with ηt
iid∼ N(0, σ2

η) and cov(εt, ηs) = 0 for all t, s. Estimation follows the Markov chain Monte Carlo sampler
of Chan (2013).
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difference counterparts. Among first-difference BAR models, small fixed lag orders (p = 1, 3)

consistently outperform both p = 12 and AIC-based selection.

Panel (b) shows that the RWD displays SR above 0.5 at all horizons, exceeding 0.8

from h = 9 onward. ARIMA models in first differences and BAR models in first differences

exhibit comparable directional accuracy. The UC model performs poorly at all horizons and

is discarded as a competitor to the RW. BAR models in level show SR declining below 0.5

from h = 7 onward, confirming the unsuitability of level specifications for this series.

Since no model improves upon the RW at short horizons, the RW cannot be definitively

ruled out as a benchmark. Differences in point forecast accuracy are evaluated with the

Diebold and Mariano (1995) test, applied following Baumeister et al. (2022) and Carriero

et al. (2015) also to nested models. Possibly due to the limited evaluation sample or to

instabilities in forecasting performance, no statistically significant improvements relative to

the RW are detected. Forecast instabilities are investigated in Section S.4.4.
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S.4.2 Bayesian VAR models

Table S.2 reports the forecasting performance of the full set of Bayesian VAR specifications

considered in the analysis. Panel (a) reports relative RMSFEs, while Panel (b) reports

success ratios. The table compares four groups of models: BVARs estimated on the first

difference of log real carbon prices, ∆rt (columns 2–5); BVARs estimated on the log level,

rt (columns 6–9); BFAVAR models with one, two, and three factors (columns 10–15); and

large BVARs including the full set of predictors (columns 16–17).

Three main results emerge from Panel (a). First, estimating the baseline BVAR models

on ∆rt is clearly preferable to estimating them on rt in terms of point forecast accuracy. The

level specifications in columns 6–9 display relative RMSFEs above one at all horizons, and

their performance deteriorates markedly as the forecast horizon increases. By contrast, the

first-difference BVARs in columns 2–5 start improving upon the RW benchmark at medium

horizons, with gains becoming larger at longer horizons.

Second, focusing again on the baseline BVAR model, parsimonious lag structures per-

form best among the BVAR specifications. Within columns 2–5, BVAR(1) delivers the lowest

RMSFE at almost all horizons. The BVAR(12) specification, corresponding to the lag length

used in Bjørnland et al. (2023), is systematically less accurate than the shorter lag specifi-

cations in terms of RMSFE. The AIC-selected specification in column (5) performs close to

the short-lag models, but it does not systematically improve upon BVAR(1) or BVAR(3).

Third, factor augmentation is useful when implemented parsimoniously. The one-factor

BFAVAR specifications in columns 10–11 are among the best models at medium and long

horizons, and the BFAVAR(1) model in column 10 delivers the lowest RMSFE from horizons

six to ten. Adding more factors does not systematically improve point forecast accuracy. The

two-factor and three-factor specifications in columns 12–15 generally perform worse than the

one-factor specification, especially when combined with three lags.

The large BVARs in columns 16–17 perform poorly in terms of RMSFE: their relative

RMSFEs are above one at all horizons and are substantially larger than those of the parsimo-

nious BVAR and BFAVAR models. This suggests that including all predictors individually

adds estimation noise that is not offset by additional forecasting information.
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Panel (b) shows that the evidence on directional accuracy is more balanced. Success

ratios generally increase with the forecast horizon and are above 0.5 for most specifications.

At medium and long horizons, the best success ratios are often shared by several models,

including BVAR(1), BVAR(12), and the BFAVAR(1) specifications. Large BVARs also

deliver success ratios above 0.5 at most horizons, but they rarely match the best-performing

parsimonious specifications at medium and long horizons. Hence, while directional accuracy

does not identify a single dominant model, it broadly confirms that parsimonious BVAR and

BFAVAR specifications contain useful predictive information.

Overall, Table S.2 supports three conclusions. Forecasting performance is substantially

better when models are estimated on ∆rt rather than on rt; short lag structures dominate

longer ones in terms of point forecast accuracy; and summarizing the large information set

through a small number of factors is preferable to including all predictors individually. The

choice between BVAR(1) and the one-factor BFAVAR(1) remains horizon-dependent: the

latter performs best at medium horizons, while the former becomes marginally more accurate

at the longest horizons.

Robustness check on the number of factors. We test whether a data-driven approach

to the selection of the number of factors in the BFAVAR could further improve forecast

performance. For this purpose, we rely on the information criteria proposed by Bai and Ng

(2002). The predictors are treated as an approximate factor model,

Xit = λ′
iFt + eit,

where Xit denotes the standardized set of predictors, Ft is a vector of latent common

factors, and eit is the idiosyncratic component.

At each recursive forecast origin, the set of predictors is standardized and factors are

estimated by principal components. For each candidate number of factors k, the residual

variance is computed as

V (k) =
1

NT

∥∥∥X − X̂(k)
∥∥∥2

F
,
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where N is the number of predictors and T is the length of the estimation sample. The

number of factors is then selected by minimizing the Bai and Ng (2002) information criteria.

We consider two criteria,

ICp1(k) = log V (k) + k

(
N + T

NT

)
log

(
NT

N + T

)
,

and

ICp2(k) = log V (k) + k

(
N + T

NT

)
log (min{N, T}) .

The two criteria differ only in the penalty term for adding an additional factor, with

ICp2 being slightly more conservative.

Given the relatively small cross-sectional dimension of the predictor panel, we set the

maximum number of candidate factors to kmax = 6.

Thus, at each forecast origin and for each criterion c ∈ {ICp1, ICp2}, the number of

factors is selected by minimizing the corresponding information criterion.

The selected factors are then included together with the endogenous variables in a

BFAVAR with one lag. The forecast evaluation reports two Bai–Ng-based BFAVAR specifi-

cations, one using the number of factors selected by ICp1 and one using the number selected

by ICp2, alongside the fixed-factor BFAVAR models. Figure S.4 reports the number of fac-

tors selected by the two criteria. Consistent with expectations, ICp2 tends to select one or

two factors, while ICp1 often selects a larger number of factors. Moreover, both criteria tend

to select a larger number of factors from the onset of the COVID-19 pandemic onwards.

Table S.3 shows that relying on the Bai-Ng criteria for selecting the number of factors

does not lead to improvements with respect to the BVAR models based on a predetermined

number of factors.

Robustness check on the prior. Table S.4 reports the corresponding results when the

Minnesota prior is replaced by the Horseshoe prior. The main conclusions are unchanged. In

Panel (a), relative RMSFEs are close to those obtained under the baseline prior and remain

generally below one at medium and long horizons for the more parsimonious specifications.

18



Figure S.4: Number of factors selected by the Bai-Ng information criteria at each forecast
origin.
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The strongest point-forecast gains are obtained by the one-factor BFAVAR with one lag:

this specification delivers the lowest RMSFE at almost all horizons from h = 2 onward,

with gains relative to the RW benchmark of about 5–7 percent at longer horizons. Baseline

BVARs with short lag structures also perform well, especially from horizons four to twelve,

whereas adding more factors or using three lags within the factor-augmented models tends

to reduce forecast accuracy.

The results also confirm that including a large number of predictors individually is not

systematically beneficial. Although the large BVAR with three lags improves upon the RW

benchmark at several medium and long horizons, its performance is generally weaker than

that of the best parsimonious BVAR and BFAVAR specifications. The large BVAR with

one lag performs particularly poorly at short horizons and only becomes competitive at

longer horizons. This again suggests that shrinkage alone does not fully offset the estimation

uncertainty generated by a large predictor set, whereas extracting a small number of factors

provides a more effective way of summarizing the information contained in the data.
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Panel (b) shows that the evidence on directional accuracy is consistent with the RMSFE

results. Success ratios are above 0.5 for most specifications and increase substantially with

the forecast horizon. At longer horizons, several parsimonious models achieve success ratios

close to or above 0.8, with the BVAR(1), BVAR(12), one-factor BFAVAR(1), and two-

factor BFAVAR(1) specifications often sharing the best performance. Overall, the Horseshoe-

prior results reinforce the baseline evidence: forecast improvements are concentrated in

parsimonious BVAR and BFAVAR models, factor augmentation is useful when limited to

a small number of factors, and large unrestricted predictor sets do not deliver systematic

forecasting gains.

Nominal price forecasts. Although the use of real commodity prices is widespread in

empirical macroeconomics (Baumeister et al., 2022; Bjørnland et al., 2023; Issler et al., 2014;

Kilian and Vigfusson, 2011; Wang and Cheung, 2023), forecasts of nominal carbon prices

also deserve attention for three reasons. First, practitioners often refer to the nominal price

of carbon (International Carbon Action Partnership, 2023; Marcu et al., 2023). Second,

much of the carbon-price forecasting literature focuses on nominal prices (see, e.g., Koop

and Tole, 2013; Lei et al., 2022; Tan et al., 2022). Third, one may be concerned that the

forecasting gains documented above reflect the ability of VAR models to forecast inflation

rather than carbon-price movements (Baumeister and Kilian, 2014). This concern appears

limited, however, since most of the variability in nominal carbon prices is accounted for by

real prices rather than inflation. A bivariate regression of the first difference of log nominal

carbon prices on the first difference of inflation yields an R2 of 0.04, suggesting that inflation

explains only a small fraction of nominal carbon-price variability. Consistently, the variance

of the nominal log price of carbon, pt, can be decomposed as

var(pt) = var(rpt) + var(hcpit) + 2 cov(rpt, hcpit),

where pt = rpt+hcpit and all terms, including HCPIt/100, are expressed in logs. The share

of variance accounted for by the real-price component, var(rpt)/ var(pt), is 82.06%, whereas

the corresponding share for the inflation component, var(hcpit)/ var(pt), is only 1.19%.
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We next replicate the analysis in Section 4.2 using nominal carbon prices. The results,

reported in Table S.5, closely align with those based on real prices and, if anything, provide

even stronger support for the main findings. Panel (a) shows that Bayesian VAR models

provide little or no improvement over the RW at very short horizons: relative RMSFEs are

above one for all specifications from one to three months ahead. Forecast gains emerge from

four months ahead and become sizeable at longer horizons. At intermediate horizons, the

one-factor BFAVAR with one lag is typically the best-performing model, delivering the lowest

RMSFE between five and nine months ahead. At longer horizons, the baseline BVAR(1)

becomes marginally more accurate, reaching a relative RMSFE of 0.8774 at twelve months

ahead, corresponding to a reduction in forecast errors of about 12.3% relative to the RW.

Panel (b) shows a similar pattern for directional accuracy. Success ratios are above

0.5 for all models and horizons, and increase markedly with the forecast horizon. From six

months ahead onward, several parsimonious specifications attain success ratios above 0.7,

rising to almost 0.9 at eleven months ahead. As in the baseline results, the best directional

forecasts are generally delivered by compact models, especially BVAR(1), BVAR(12), and

the one-lag factor-augmented specifications. Overall, the nominal-price exercise confirms

that the forecasting gains are not driven by the deflation procedure. It also reinforces the

conclusion that carbon-price predictability is concentrated at medium and long horizons and

is best captured by parsimonious Bayesian VAR models rather than by specifications with

many factors or richer lag structures.

Alternative emissions proxies. As discussed in Section S.2, our monthly verified-emissions

series is constructed following the approach used in the recent carbon-market literature,

which applies temporal disaggregation to annual verified emissions. A potential concern

with this procedure is that the interpolated series may introduce some degree of look-ahead

bias. To assess this issue, we compare our monthly proxy with the main available alterna-

tives. Figure S.5 compares our interpolated series with the one based on Eurostat’s Quarterly

Greenhouse Gas Emissions Accounts. The two series are highly correlated (≈ 0.95) and show

very similar dynamics around the main episodes in our sample, including the post-2014 de-

cline, the COVID-19 crisis, and the 2022 increase. Moreover, as discussed in Section 3.1,
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the available alternatives do not appear to provide a clear improvement over the interpo-

lated verified-emissions series, since they also suffer from limitations in terms of timeliness,

frequency, or reliance on indicator-based extrapolation rather than verified data.

Figure S.5: Eurostat quarterly GHG emissions vs monthly interpolated ETS Verified Emis-
sions in EU-19 countries
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Table S.3: Relative RMSFE and Success Ratio: RW, BFAVAR fixed factors and Bai–Ng
selected factors, 1 lag

(a) Relative RMSFE

BVAR(1) Fixed no. factors BVAR(1) Bai–Ng selected

h RW 1 Factor 2 Factors 3 Factors ICp1 ICp2

1 1.0000 1.0604 1.0500 1.0577 1.0412 1.0466

2 1.0000 1.0407 1.0647 1.0816 1.0486 1.0567

3 1.0000 1.0499 1.0468 1.0725 1.0694 1.0446

4 1.0000 1.0130 1.0301 1.0481 1.0483 1.0290

5 1.0000 1.0187 1.0320 1.0492 1.0446 1.0342

6 1.0000 0.9921 1.0036 1.0184 1.0225 1.0050

7 1.0000 0.9806 0.9940 1.0093 1.0132 0.9956

8 1.0000 0.9398 0.9642 0.9783 0.9775 0.9640

9 1.0000 0.9610 0.9695 0.9843 0.9894 0.9690

10 1.0000 0.9448 0.9539 0.9637 0.9757 0.9513

11 1.0000 0.9433 0.9509 0.9574 0.9667 0.9473

12 1.0000 0.9416 0.9492 0.9558 0.9622 0.9463

(b) Success Ratio

Fixed no. factors Bai–Ng selected

h RW 1F 2F 3F ICp1 ICp2

1 0.0000 0.5517 0.5517 0.5690 0.5517 0.5517

2 0.0000 0.5517 0.5517 0.5517 0.5862 0.5345

3 0.0000 0.5517 0.5690 0.5517 0.5690 0.5690

4 0.0000 0.6207 0.6034 0.5690 0.5690 0.6034

5 0.0000 0.6379 0.6207 0.6379 0.6207 0.6207

6 0.0000 0.6897 0.6897 0.6897 0.6724 0.6897

7 0.0000 0.7069 0.7069 0.7069 0.7069 0.7069

8 0.0000 0.7759 0.7759 0.7759 0.7759 0.7759

9 0.0000 0.7931 0.7931 0.7931 0.7931 0.7931

10 0.0000 0.8103 0.8103 0.8103 0.8103 0.8103

11 0.0000 0.8276 0.8276 0.8276 0.8276 0.8276

12 0.0000 0.7931 0.7931 0.7931 0.7931 0.7931

Notes: Panel (a) shows relative RMSFE, ratio to RW. Values below one are in bold; the best model in each row is underlined.
∗ (∗∗) denotes rejection of the one-sided Diebold–Mariano test at 10% (5%). Panel (b) reports success ratios; values above 0.5
are in bold; the best model in each row is underlined. ∗ indicates Pesaran–Timmermann test p-value below 0.1. All BFAVAR
models use one lag. Bai–Ng ICp1 and ICp2 select the number of factors recursively.
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Table S.4: Relative RMSFE and Success Ratio of Bayesian Vector Autoregressive models –
Horseshoe Prior

(a) Relative RMSFE

1 Factor 2 Factors 3 Factors Large-BVAR

h BVAR(1) BVAR(3) BVAR(12) BVAR(1) BVAR(3) BVAR(1) BVAR(3) BVAR(1) BVAR(3) BVAR(1) BVAR(3)

1 1.0116 1.0091 1.0047 1.0034 1.0064 1.0044 1.0308 1.0273 1.0228 1.0437 1.0036

2 1.0017 1.0002 1.0012 0.9766 1.0118 1.0068 1.0738 1.0725 1.0527 1.0273 1.0108

3 0.9986 0.9955 0.9929 0.9785 1.0129 1.0045 1.0680 1.0655 1.0461 1.0290 0.9905

4 0.9891 0.9857 0.9866 0.9581 1.0084 1.0007 1.0536 1.0561 1.0418 1.0137 0.9758

5 0.9892 0.9849 0.9880 0.9552 1.0069 0.9793 1.0337 1.0332 1.0209 1.0127 0.9778

6 0.9748 0.9686 0.9725 0.9454 1.0016 0.9648 1.0073 1.0086 1.0160 0.9933 0.9624

7 0.9720 0.9693 0.9688 0.9429 1.0007 0.9620 0.9999 1.0033 1.0146 0.9872 0.9544

8 0.9613 0.9650 0.9640 0.9330 1.0006 0.9553 0.9917 0.9951 1.0124 0.9659 0.9471

9 0.9653 0.9709 0.9693 0.9458 1.0030 0.9572 0.9945 0.9953 1.0139 0.9738 0.9565

10 0.9572 0.9651 0.9630 0.9456 1.0034 0.9600 0.9887 0.9896 1.0150 0.9621 0.9500

11 0.9553 0.9651 0.9639 0.9443 1.0038 0.9575 0.9801 0.9800 1.0088 0.9649 0.9542

12 0.9510 0.9632 0.9660 0.9441 1.0050 0.9554 0.9765 0.9762 1.0058 0.9703 0.9641

(b) Success Ratio

1 Factor 2 Factors 3 Factors Large-BVAR

h BVAR(1) BVAR(3) BVAR(12) BVAR(1) BVAR(3) BVAR(1) BVAR(3) BVAR(1) BVAR(3) BVAR(1) BVAR(3)

1 0.5345 0.5172 0.5862 0.6207∗ 0.6034 0.5690 0.6034 0.6034 0.5690 0.5690 0.5345

2 0.5345 0.5345 0.6379 0.6379 0.5690 0.5690 0.5345 0.5172 0.4483 0.6207 0.5862

3 0.5345 0.5345 0.6207 0.6207 0.5517 0.5862 0.5345 0.5345 0.4310 0.6207 0.5690

4 0.5862 0.5862 0.6379 0.6379 0.6034 0.6207 0.5862 0.5862 0.5172 0.6379 0.5862

5 0.6207 0.5862 0.6379 0.6379 0.6034 0.6207 0.6034 0.6034 0.5690 0.6379 0.6034

6 0.6897 0.6379 0.6897 0.6897 0.6379 0.6552 0.6552 0.6552 0.5000 0.6897 0.6552

7 0.7069 0.6724 0.7069 0.7069 0.6552 0.6724 0.6724 0.6724 0.5517 0.7069 0.6724

8 0.7759 0.7586 0.7586 0.7759 0.7241 0.7414 0.7414 0.7414 0.5862 0.7759 0.7414

9 0.7931 0.7759 0.7759 0.7931 0.7414 0.7759 0.7586 0.7586 0.5862 0.7931 0.7586

10 0.8103 0.7931 0.7931 0.8103 0.7586 0.7931 0.7759 0.7759 0.6034 0.7931 0.7759

11 0.8276 0.7931 0.8103 0.8276 0.7586 0.8276 0.7931 0.7759 0.6034 0.7931 0.7759

12 0.7931 0.7586 0.7931 0.7931 0.7241 0.7931 0.7586 0.7586 0.5862 0.7759 0.7931

Notes: see notes to Table S.2
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Table S.5: Relative RMSFE and Success Ratio of Bayesian Vector Autoregressive models
using nominal price data

(a) Relative RMSFE

1 Factor 2 Factors 3 Factors

h BVAR(1) BVAR(3) BVAR(12) BVAR(1) BVAR(3) BVAR(1) BVAR(3) BVAR(1) BVAR(3)

1 1.0566 1.0736 1.0726 1.0631 1.0710 1.0437 1.0847 1.0636 1.1241

2 1.0250 1.0329 1.0416 1.0261 1.0404 1.0429 1.1227 1.0806 1.1683

3 1.0197 1.0146 1.0242 1.0287 1.0431 1.0243 1.0833 1.0377 1.0897

4 0.9887 0.9829 1.0036 0.9831 0.9886 0.9985 1.0071 1.0100 1.0166

5 0.9971 0.9938 1.0217 0.9912 0.9947 1.0024 1.0150 1.0169 1.0255

6 0.9592 0.9581 0.9918 0.9529 0.9647 0.9649 0.9815 0.9788 0.9873

7 0.9447 0.9454 0.9808 0.9373 0.9511 0.9514 0.9609 0.9630 0.9663

8 0.9019 0.9056 0.9347 0.8914 0.9071 0.9078 0.9334 0.9239 0.9387

9 0.9147 0.9172 0.9493 0.9117 0.9316 0.9141 0.9762 0.9203 0.9698

10 0.8868 0.8944 0.9227 0.8895 0.9144 0.8919 0.9686 0.8939 0.9621

11 0.8836 0.8945 0.9287 0.8872 0.9134 0.8876 0.9658 0.8896 0.9630

12 0.8774 0.8917 0.9352 0.8848 0.9131 0.8859 0.9707 0.8919 0.9694

(b) Success Ratio

1 Factor 2 Factors 3 Factors

h BVAR(1) BVAR(3) BVAR(12) BVAR(1) BVAR(3) BVAR(1) BVAR(3) BVAR(1) BVAR(3)

1 0.5345 0.5517 0.5517 0.5517 0.5517 0.5517 0.6034 0.5517 0.5690

2 0.5345 0.5517 0.5690 0.5345 0.5517 0.5517 0.5690 0.5345 0.5172

3 0.5862 0.6034 0.6207 0.6034 0.5690 0.6207 0.6207 0.5862 0.5862

4 0.6897 0.6552 0.6552 0.6552 0.6379 0.6724 0.6724 0.6379 0.6552

5 0.6379 0.6379 0.6207 0.6379 0.6034 0.6379 0.6207 0.6379 0.6379

6 0.7414 0.7241 0.7241 0.7414 0.7069 0.7414 0.6897 0.7414 0.7069

7 0.7759 0.7586 0.7759 0.7759 0.7414 0.7759 0.7414 0.7759 0.7586

8 0.7931 0.7759 0.7931 0.7931 0.7586 0.7931 0.7586 0.7931 0.7759

9 0.8103 0.7931 0.8103 0.8103 0.7759 0.8103 0.7759 0.8103 0.7931

10 0.8276 0.7931 0.8276 0.8276 0.7931 0.8276 0.7759 0.8276 0.7759

11 0.8966 0.8621 0.8966 0.8966 0.8621 0.8966 0.8448 0.8966 0.8448

12 0.8448 0.8276 0.8621 0.8621 0.8276 0.8448 0.8103 0.8448 0.8103

Notes: see notes to Table S.2
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S.4.3 Bayesian VAR models with stochastic volatility

In this section, we compare the performance of the baseline BVAR models with that of

otherwise identical specifications augmented with SV. Full details about specification and

estimation are provided in Section S.1.2.

Table S.6 reports relative RMSFE and success ratios for the real carbon price. Panel (a)

shows that allowing for SV does not improve point-forecast accuracy. Across almost all hori-

zons, the homoskedastic specifications deliver lower RMSFEs than their SV counterparts.

This difference is especially visible at medium and long horizons, where the homoskedastic

BVAR and factor-augmented BVARs often outperform the benchmark, while the correspond-

ing SV models remain close to, or above, one.

Panel (b) of Table S.6 reports success ratios for sign forecasts. In this case, the evidence

is more mixed. At short horizons, SV improves directional accuracy: the BVAR-SV model

without factors attains the highest success ratio at horizons one to four, and all SV speci-

fications perform well between horizons three and five. From horizon six onward, however,

differences across models become negligible, as most specifications deliver identical or nearly

identical success ratios.

To evaluate density performance, we rely on qCRPS (Gneiting and Ranjan, 2011), where

the model with the lowest score is ranked as the most accurate. Note that, contrary to the

previous tables, these numbers are not ratios to a benchmark but are expressed in the same

scale as real prices. In Panel (a) of Table S.7, we focus on the center of the distribution,

while the accuracy in forecasting the right and left tails of the distribution, which are of

interest to assess the probability of extreme price movements, is evaluated in Panels (b) and

(c), respectively.

With very few exceptions, homoskedastic factor-augmented BVAR models – especially

the specification with one factor – are more accurate at forecasting the center and both tails

of the predictive distribution than the alternative SV specifications. In Panel (a), SV delivers

the lowest qCRPS only at the one-month-ahead horizon, while from horizon two onward the

best model is always homoskedastic. A similar pattern emerges for the right tail in Panel

(b): although the BVAR-SV specification performs best at horizon two, the lowest qCRPS
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is otherwise obtained by homoskedastic models, most frequently the one-factor BVAR. The

evidence for the left tail in Panel (c) is also consistent with this conclusion. Apart from

horizons one and six, where the BVAR-SV without factors records the lowest score, the

best-performing models are again homoskedastic.

Table S.6: Relative RMSFE and Success Ratio of Bayesian Vector Autoregressive models
with SV

(a) Relative RMSFE

1 Factor 2 Factors 1 Factor 2 Factors

h BVAR(1) BVAR(1) BVAR(1) BVAR-SV(1) BVAR-SV(1) BVAR-SV(1)

1 1.0505 1.0604 1.0500 1.0421 1.0498 1.0453

2 1.0337 1.0407 1.0647 1.0378 1.0454 1.0554

3 1.0366 1.0499 1.0468 1.0468 1.0550 1.0546

4 1.0178 1.0130 1.0301 1.0367 1.0432 1.0454

5 1.0259 1.0187 1.0320 1.0517 1.0539 1.0582

6 0.9997 0.9921 1.0036 1.0288 1.0317 1.0371

7 0.9838 0.9806 0.9940 1.0246 1.0263 1.0328

8 0.9533 0.9398 0.9642 0.9998 0.9983 1.0020

9 0.9667 0.9610 0.9695 1.0115 1.0136 1.0128

10 0.9455 0.9448 0.9539 0.9971 1.0002 0.9981

11 0.9412 0.9433 0.9509 1.0020 1.0027 1.0010

12 0.9372 0.9416 0.9492 1.0069 1.0068 1.0074

(b) Success Ratio

1 Factor 2 Factors 1 Factor 2 Factors

h BVAR(1) BVAR(1) BVAR(1) BVAR-SV(1) BVAR-SV(1) BVAR-SV(1)

1 0.5517 0.5517 0.5517 0.5690 0.5517 0.5172

2 0.5517 0.5517 0.5517 0.6034 0.5862 0.6034

3 0.5690 0.5517 0.5690 0.6207 0.6207 0.6207

4 0.6034 0.6207 0.6034 0.6379 0.6379 0.6379

5 0.6379 0.6379 0.6207 0.6379 0.6379 0.6379

6 0.6897 0.6897 0.6897 0.6897 0.6897 0.6897

7 0.7069 0.7069 0.7069 0.7069 0.7069 0.7069

8 0.7759 0.7759 0.7759 0.7759 0.7759 0.7759

9 0.7931 0.7931 0.7931 0.7931 0.7931 0.7931

10 0.8103 0.8103 0.8103 0.8103 0.8103 0.8103

11 0.8276 0.8276 0.8276 0.8276 0.8276 0.8276

12 0.7931 0.7931 0.7931 0.8103 0.8103 0.8103

Notes: see notes to Table S.2.

28



Table S.7: Quantile-weighted Continuous Ranked Probability Score (qCRPS)

(a) Quantile-weighted CRPS: center

1 Factor 2 Factors 1 Factor 2 Factors

h BVAR(1) BVAR(1) BVAR(1) BVAR-SV(1) BVAR-SV(1) BVAR-SV(1)

1 0.5025 0.4973 0.4919 0.4900 0.4936 0.4925

2 0.7263 0.7276 0.7322 0.7277 0.7315 0.7373

3 0.9037 0.9085 0.9028 0.9173 0.9226 0.9243

4 1.0083 1.0029 1.0175 1.0273 1.0323 1.0407

5 1.1723 1.1657 1.1855 1.1918 1.1922 1.2088

6 1.2594 1.2506 1.2662 1.2703 1.2762 1.2880

7 1.3617 1.3472 1.3676 1.3729 1.3740 1.3887

8 1.4506 1.4381 1.4597 1.4781 1.4766 1.4922

9 1.6191 1.6149 1.6221 1.6503 1.6524 1.6648

10 1.7170 1.7231 1.7290 1.7748 1.7791 1.7920

11 1.8297 1.8391 1.8378 1.9037 1.9059 1.9157

12 1.9409 1.9645 1.9573 2.0465 2.0520 2.0628

(b) Quantile-weighted CRPS: right tail

1 Factor 2 Factors 1 Factor 2 Factors

h BVAR(1) BVAR(1) BVAR(1) BVAR-SV(1) BVAR-SV(1) BVAR-SV(1)

1 0.7592 0.7542 0.7410 0.7457 0.7500 0.7441

2 1.1810 1.1756 1.1829 1.1724 1.1815 1.1835

3 1.4730 1.4646 1.4662 1.4938 1.4976 1.5065

4 1.7025 1.6841 1.7114 1.7495 1.7531 1.7677

5 1.9380 1.9209 1.9553 1.9766 1.9884 2.0026

6 2.1408 2.1228 2.1487 2.1814 2.1988 2.2061

7 2.3171 2.2929 2.3179 2.3617 2.3705 2.3839

8 2.4769 2.4450 2.4698 2.5403 2.5411 2.5594

9 2.7457 2.7269 2.7309 2.8172 2.8234 2.8425

10 2.9955 2.9837 2.9901 3.0953 3.1089 3.1294

11 3.2650 3.2576 3.2491 3.3890 3.3967 3.4118

12 3.5462 3.5620 3.5432 3.7103 3.7282 3.7499

(c) Quantile-weighted CRPS: left tail

1 Factor 2 Factors 1 Factor 2 Factors

h BVAR(1) BVAR(1) BVAR(1) BVAR-SV(1) BVAR-SV(1) BVAR-SV(1)

1 0.8016 0.7983 0.7968 0.7965 0.8024 0.8033

2 1.0537 1.0667 1.0734 1.0876 1.0939 1.1067

3 1.2809 1.3010 1.2883 1.3118 1.3269 1.3230

4 1.4099 1.4091 1.4290 1.4249 1.4380 1.4462

5 1.6347 1.6364 1.6588 1.6605 1.6573 1.6822

6 1.7339 1.7304 1.7511 1.7287 1.7342 1.7498

7 1.9166 1.9048 1.9369 1.9129 1.9189 1.9361

8 2.0647 2.0544 2.0958 2.0864 2.0876 2.1011

9 2.2823 2.2821 2.2989 2.3107 2.3174 2.3185

10 2.3575 2.3712 2.3809 2.3960 2.4049 2.4046

11 2.4624 2.4781 2.4871 2.5083 2.5158 2.5151

12 2.5460 2.5767 2.5805 2.6116 2.6200 2.6258

Notes: Panel (a), (b) and (c) show quantile-weighted Continuous Ranked Probability Scores (CRPS) with weighting that
emphasizes the center and the right or the left tail of the distribution, respectively. The best forecasts, associated with the
lowest scores, are underlined.
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S.4.4 Instabilities in forecasting performance: the fluctuation test

There is widespread evidence that the relative forecasting performance of competing models

may vary over time because of parameter instability, shocks with time-varying volatility, and

changes in the variance of predictors (Giacomini and Rossi, 2010; Rossi, 2021). In this case,

full-sample averages of forecast losses may conceal episodes in which one model temporarily

outperforms another, or periods in which its relative performance deteriorates.

To assess whether this issue is relevant in our application, we implement the fluctuation

test statistic, FOOS
t , of Giacomini and Rossi (2010). The statistic is computed as a centered

moving average of the loss differential. For point forecasts, the loss differential is defined as

the standardized difference between the squared forecast error of a benchmark model and

that of a factor-augmented BVAR(1) model. Positive values of the statistic indicate that

the BFAVAR model has a lower MSFE than the benchmark. The tests are one-sided: the

null hypothesis is equal MSFE, while the alternative is that the BFAVAR model is more

accurate. The dashed line in the figures reports the 5% critical value, CV0.05; the null is

rejected when maxFOOS
t > CV0.05.

2

We focus on three forecast horizons: one month, one quarter, and one year ahead. To

provide a demanding comparison, we evaluate the BFAVAR(1) models not only against the

RW, but also against the BAR(1) and BVAR(1), which the main text shows to be more

competitive benchmarks.

Figure S.6 reports fluctuation-test statistics for BFAVAR(1) specifications with one and

two factors, using a 19-month centered rolling window. Several results emerge. First, the

relative performance of the factor-augmented models is clearly time-varying. In particular,

forecast accuracy tends to deteriorate toward the end of 2022, especially at shorter hori-

zons, where the test statistic often becomes negative. Second, the one-factor specification

generally performs better than the two-factor specification, which rarely improves upon the

benchmarks. Third, the factor models tend to outperform the random walk at the one-month

and one-quarter horizons until the beginning of 2022, but they rarely beat the BAR(1) at

2The test has a nonstandard distribution. The critical values provided by Giacomini and Rossi (2010)
depend on the ratio between the window length and the number of observations in the evaluation sample.
We consider centered rolling windows of 19 and 25 months.
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Figure S.6: Fluctuation test statistic for a BFAVAR with 1 factor (left) and 2 factors (right)
against different benchmarks for forecast horizons h = 1, 3, 12 months from September 2019
to December 2022.
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Notes: the fluctuation test statistic, FOOS
t , of Giacomini and Rossi (2010), is calculated with a 19-month centered rolling

window. Positive values indicate that the BFAVAR model is better than the benchmark. All tests are one-sided, with the null
hypothesis being that the BFAVAR(1) model has the same MSFE as the benchmark; the alternative is that the BFAVAR(1)
model forecasts better than the benchmark. The dashed line indicates the one-sided 5% critical value, CV0.05. The null
hypothesis is rejected when maxFOOS

t > CV0.05. The shaded area represents the COVID recession, as determined by the
CEPR-EABCN Euro Area Business Cycle Dating Committee (https://eabcn.org).

the one-month horizon. At longer horizons, especially for h = 12, factor-augmented mod-

els perform better than the benchmarks over most of the evaluation sample, including the

COVID-19 recession. When the BFAVAR models are evaluated against the random walk at

h = 3 and h = 12, the null of equal forecasting performance is rejected in late 2020 and part

of 2021.

Figure S.7 replicates the same exercise using a 25-month centered rolling window. The

figure confirms the main message from Figure S.6. The relative performance of the factor-

augmented models varies over time, the one-factor specification is generally more competitive
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Figure S.7: Fluctuation test statistic from December 2019 to September 2022.
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Notes: fluctuation test statistic of Giacomini and Rossi (2010) obtained with a 25-month centered rolling window.

than the two-factor specification, and the evidence in favor of factor augmentation is stronger

at medium and long horizons than at the one-month horizon. The longer window smooths

some of the short-run fluctuations in the test statistic, but it does not alter the conclusion

that relative forecast accuracy deteriorates toward the end of 2022.

We also examine instability in density forecast accuracy. For this purpose, we compute

fluctuation-test statistics using the qCRPS instead of squared forecast errors. Specifically,

the statistic is obtained as the standardized difference between the qCRPS of the benchmark

model and the qCRPS of the BFAVAR(1) model. Positive values therefore indicate that the

BFAVAR model delivers a lower qCRPS than the benchmark. We consider losses that

emphasize the center of the predictive distribution, the left tail, and the right tail.
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Figure S.8: Fluctuation test statistic, qCRPS, with center weights from September 2019 to
December 2022 calculated with a centered rolling window of size 19 months.
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Figure S.9: Fluctuation test statistic, qCRPS, with center weights from September 2019 to
December 2022 calculated with a centered rolling window of size 25 months.
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Figure S.10: Fluctuation test statistic, qCRPS, with left tails weights from September 2019
to December 2022 calculated with a centered rolling window of size 19 months.
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Figure S.11: Fluctuation test statistic, qCRPS, with left tails weights from September 2019
to December 2022 calculated with a centered rolling window of size 25 months.
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Figure S.12: Fluctuation test statistic for the right tail for BFAVAR with 1 factor (left) and
2 factors (right). September 2019 to December 2022.
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Figure S.13: Fluctuation test statistic, qCRPS, with right tails weights from September 2019
to December 2022 calculated with a centered rolling window of size 25 months.
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Figures S.8 and S.9 report the fluctuation-test statistics for the center of the predictive

distribution, using 19- and 25-month windows, respectively. Figures S.10 and S.11 repeat

the exercise for the left tail, while Figures S.12 and S.13 focus on the right tail. The density-

forecast results reinforce the evidence from point forecasts: relative performance is unstable

over time, and the one-factor BFAVAR model delivers gains during some parts of the eval-

uation sample. For right-tail forecast losses, the one-factor BFAVAR model often improves

upon the BAR(1) and BVAR(1), especially at horizons h = 1 and h = 3, while evidence is

weaker at h = 12. Results based on the 25-month window are smoother but qualitatively

similar.

Overall, the fluctuation-test evidence suggests that the factor-augmented BVAR models

contain useful predictive information, especially beyond very short horizons and for some

regions of the predictive distribution. At the same time, their relative performance is not
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stable over time and deteriorates around late 2022. This motivates the forecast-combination

exercise in the main text, where we ask whether simple pooling rules can mitigate this

instability in practice.

S.4.5 Forecast pooling

The fluctuation-test evidence reported in the Supplement shows that the relative perfor-

mance of the factor-augmented BVAR models varies over time. In particular, the one-factor

BFAVAR(1) performs well during parts of the evaluation sample, especially at medium and

long horizons, but its relative accuracy deteriorates toward the end of 2022. We therefore

examine whether such instability can be mitigated in practice by combining forecasts across

parsimonious specifications.

Forecast combinations have a long tradition in econometrics. The classic contribution

of Bates and Granger (1969) shows that combining forecasts may reduce mean-squared

forecast errors relative to individual forecasts. We focus on simple combination rules rather

than estimating time-varying weights. This choice is motivated by the short evaluation

sample. It is also consistent with evidence from energy-commodity forecasting showing that

simple pooling methods often outperform individual models (Aag et al., 2026; Baumeister

and Kilian, 2015). We consider two simple combination rules. The first is the simple average,

computed as the equal-weight average of the forecasts in a given model pool. The second

is the median forecast, computed as the median across the forecasts in the same pool. The

median is a robust combination rule because it is less sensitive than the mean to occasional

outlying model forecasts (Stock and Watson, 1999, 2004).

We apply the two combination rules to three pools of parsimonious lag-one models.3

The first pool (Pool 1 ) combines forecasts from the AR(1), the BVAR(1), and the one-

factor BFAVAR(1). This pool averages across three forecasting approaches: univariate price

persistence, small multivariate EU ETS dynamics, and macro-financial factor information.

The second pool (Pool 2 ) combines the factor-augmented BVAR(1) models with one, two,

3We exclude specifications that the previous results show to be less competitive, such as higher-lag
models, large BVARs including all predictors individually, and stochastic-volatility models for the real price
of carbon.
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and three factors. This pool addresses uncertainty about the number of factors needed to

summarize the predictor panel. The third pool (Pool 3 ) combines all five parsimonious lag-

one specifications: the AR(1), the BVAR(1), and the BFAVAR(1) models with one, two,

and three factors. This is the broadest pooling specification we consider.

For each pool, we compute both the mean and the median forecast. This gives six

pooled forecasts: Mean-Pool 1, Median-Pool 1, Mean-Pool 2, Median-Pool 2, Mean-Pool 3,

and Median-Pool 3. We evaluate them using the RMSFE relative to the RW benchmark.

Table S.8 reports the relative RMSFE of the individual models and pooled forecasts.

The results confirm that pooling is not useful at very short horizons. For h = 1, . . . , 5, all

individual and pooled forecasts have relative RMSFE above one, indicating that the random

walk remains difficult to beat. This is consistent with the previous evidence that multivariate

information provides limited gains at very short horizons.

Forecast gains emerge from medium horizons onward. From h = 6, most pooled forecasts

deliver relative RMSFE below one. The strongest results are obtained for Pool 1, which

combines the AR(1), the BVAR(1), and the one-factor BFAVAR(1). In particular, Mean-

Pool 1 is the best-performing specification at horizons h = 7 and h = 10, and remains very

close to the best individual model at longer horizons. At h = 12, Mean-Pool 1 has a relative

RMSFE of 0.9402, close to both the BVAR(1) and the one-factor BFAVAR(1), whose relative

RMSFEs are 0.9372 and 0.9416, respectively.

The comparison across pools is informative. Pool 2, which averages across BFAVAR(1)

models with one, two, and three factors, does not improve upon the one-factor BFAVAR. Pool

3, which combines all five parsimonious lag-one specifications, performs well at medium and

long horizons, but generally does not improve upon Pool 1. Thus, expanding the pool beyond

the AR(1), BVAR(1), and one-factor BFAVAR(1) tends to worsen rather than strengthen

forecast accuracy.

The median combinations are competitive but do not systematically dominate the simple

averages. Overall, the table shows that forecast averaging delivers competitive forecasts at

medium and long horizons. Importantly, the best pooling results are obtained when the

one-factor BFAVAR is combined with the parsimonious AR(1) and BVAR(1) benchmarks.

Figure S.14 complements the full-sample results by plotting cumulative RMSFE ratios
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Figure S.14: Cumulative RMSFE ratios of individual and pooled forecasts relative to the
random walk.

Notes: The figure reports cumulative RMSFE ratios for the BVAR(1), the one-factor BFAVAR(1), and Mean-Pool 1, defined
as the simple average of the AR(1), BVAR(1), and one-factor BFAVAR(1) forecasts. Values below one indicate that a model
has accumulated smaller forecast errors than the random walk up to that date.

relative to the RW for the BVAR(1), the one-factor BFAVAR(1), and Mean-Pool 1. The

figure confirms that relative forecast accuracy changes substantially over the evaluation sam-

ple. The one-factor BFAVAR(1) performs well before and after the COVID-19 recession, but

its cumulative performance deteriorates around 2022. Mean-Pool 1 does not fully offset this

deterioration, but it remains competitive and broadly tracks the best-performing individual

specifications. Thus, pooling does not mitigate the instability documented by the fluctuation

tests, while confirming that the useful information in the factor-augmented specification is

concentrated in the parsimonious one-factor BFAVAR.
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Table S.8: Relative RMSFE of individual models and forecast pools

(a) Individual models

h AR(1) BVAR(1) BFAVAR(1)-1F BFAVAR(1)-2F BFAVAR(1)-3F

1 1.0437 1.0505 1.0604 1.0500 1.0577

2 1.0324 1.0337 1.0407 1.0647 1.0816

3 1.0355 1.0366 1.0499 1.0468 1.0725

4 1.0127 1.0178 1.0130 1.0301 1.0481

5 1.0193 1.0259 1.0187 1.0320 1.0492

6 0.9870 0.9997 0.9921 1.0036 1.0184

7 0.9813 0.9838 0.9806 0.9940 1.0093

8 0.9566 0.9533 0.9398 0.9642 0.9783

9 0.9695 0.9667 0.9610 0.9695 0.9843

10 0.9514 0.9455 0.9448 0.9539 0.9637

11 0.9499 0.9412 0.9433 0.9509 0.9574

12 0.9495 0.9372 0.9416 0.9492 0.9558

(b) Mean forecast pools

h Mean-Pool 1 Mean-Pool 2 Mean-Pool 3

1 1.0500 1.0538 1.0498

2 1.0335 1.0603 1.0479

3 1.0381 1.0546 1.0454

4 1.0116 1.0289 1.0215

5 1.0183 1.0320 1.0264

6 0.9898 1.0034 0.9975

7 0.9789 0.9936 0.9873

8 0.9470 0.9598 0.9561

9 0.9631 0.9709 0.9682

10 0.9445 0.9534 0.9499

11 0.9422 0.9499 0.9467

12 0.9402 0.9483 0.9449

(c) Median forecast pools

h Median-Pool 1 Median-Pool 2 Median-Pool 3

1 1.0481 1.0506 1.0585

2 1.0344 1.0667 1.0474

3 1.0375 1.0560 1.0460

4 1.0120 1.0317 1.0189

5 1.0181 1.0335 1.0261

6 0.9880 1.0063 0.9964

7 0.9799 0.9972 0.9874

8 0.9509 0.9675 0.9554

9 0.9660 0.9764 0.9675

10 0.9476 0.9571 0.9480

11 0.9445 0.9525 0.9466

12 0.9441 0.9498 0.9446

Notes: Relative RMSFE with respect to the random walk. Bold entries denote RMSFE ratios below one. Underlined entries
denote the best-performing specification at each horizon among all individual and pooled forecasts. ∗ and ∗∗ indicate rejection of
equal predictive accuracy against the random walk at the 10% and 5% levels, respectively, using the one-sided fixed-b Diebold–
Mariano test.
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S.4.6 The role of verified emissions in density forecasting

Table S.9 reports quantile-weighted CRPS scores for the center, right tail, and left tail of the

predictive distribution, comparing BVAR(1) and BFAVAR(1) specifications with one and two

factors, estimated with and without interpolated verified emissions, across all horizons from

one to twelve months ahead. Differences in qCRPS between the two sets of models are small

in absolute terms at all horizons and across all panels, with no systematic pattern favoring

either specification. If anything, models without verified emissions record marginally lower

scores at several horizons, most visibly for the center and the right tail of the distribution

at medium horizons. Overall, the results indicate that interpolated verified emissions do not

materially affect density forecast accuracy, which alleviates concerns that the interpolation

process induces a look-ahead bias in the main results.
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Table S.9: Quantile-weighted Continuous Ranked Probability Score (CRPS): the role of
verified emissions

(a) Quantile-weighted CRPS: center

With Verified Emissions Without Verified Emissions

1 Factor 2 Factors 1 Factor 2 Factors

h BVAR(1) BVAR(1) BVAR(1) BVAR(1) BVAR(1) BVAR(1)

1 0.5025 0.4973 0.4919 0.4966 0.4975 0.4907

2 0.7263 0.7276 0.7322 0.7205 0.7249 0.7339

3 0.9037 0.9085 0.9028 0.8918 0.9117 0.9026

4 1.0083 1.0029 1.0175 0.9964 1.0054 1.0152

5 1.1723 1.1657 1.1855 1.1639 1.1672 1.1785

6 1.2594 1.2506 1.2662 1.2460 1.2453 1.2613

7 1.3617 1.3472 1.3676 1.3461 1.3436 1.3643

8 1.4506 1.4381 1.4597 1.4380 1.4376 1.4631

9 1.6191 1.6149 1.6221 1.6057 1.6146 1.6210

10 1.7170 1.7231 1.7290 1.7064 1.7286 1.7295

11 1.8297 1.8391 1.8378 1.8219 1.8483 1.8456

12 1.9409 1.9645 1.9573 1.9378 1.9733 1.9694

(b) Quantile-weighted CRPS: right tail

With Verified Emissions Without Verified Emissions

1 Factor 2 Factors 1 Factor 2 Factors

h BVAR(1) BVAR(1) BVAR(1) BVAR(1) BVAR(1) BVAR(1)

1 0.7592 0.7542 0.7410 0.7488 0.7546 0.7396

2 1.1810 1.1756 1.1829 1.1659 1.1657 1.1842

3 1.4730 1.4646 1.4662 1.4460 1.4604 1.4630

4 1.7025 1.6841 1.7114 1.6779 1.6786 1.7063

5 1.9380 1.9209 1.9553 1.9166 1.9139 1.9397

6 2.1408 2.1228 2.1487 2.1155 2.1092 2.1420

7 2.3171 2.2929 2.3179 2.2857 2.2691 2.3114

8 2.4769 2.4450 2.4698 2.4372 2.4224 2.4669

9 2.7457 2.7269 2.7309 2.7033 2.7110 2.7243

10 2.9955 2.9837 2.9901 2.9542 2.9823 2.9817

11 3.2650 3.2576 3.2491 3.2257 3.2669 3.2574

12 3.5462 3.5620 3.5432 3.5136 3.5691 3.5619

(c) Quantile-weighted CRPS: left tail

With Verified Emissions Without Verified Emissions

1 Factor 2 Factors 1 Factor 2 Factors

h BVAR(1) BVAR(1) BVAR(1) BVAR(1) BVAR(1) BVAR(1)

1 0.8016 0.7983 0.7968 0.7967 0.7976 0.7979

2 1.0537 1.0667 1.0734 1.0537 1.0670 1.0781

3 1.2809 1.3010 1.2883 1.2729 1.3080 1.2873

4 1.4099 1.4091 1.4290 1.4007 1.4166 1.4280

5 1.6347 1.6364 1.6588 1.6337 1.6388 1.6549

6 1.7339 1.7304 1.7511 1.7252 1.7252 1.7459

7 1.9166 1.9048 1.9369 1.9058 1.9087 1.9339

8 2.0647 2.0544 2.0958 2.0620 2.0638 2.1017

9 2.2823 2.2821 2.2989 2.2778 2.2912 2.2967

10 2.3575 2.3712 2.3809 2.3550 2.3817 2.3774

11 2.4624 2.4781 2.4871 2.4643 2.4942 2.4896

12 2.5460 2.5767 2.5805 2.5547 2.5881 2.5876

Notes: Panel (a), (b) and (c) show quantile-weighted Continuous Ranked Probability Scores (CRPS) with weighting that
emphasizes the center and the right or the left tail of the distribution, respectively. The best forecasts, associated with the
lowest scores, are underlined.
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S.4.7 Expert forecasts of the nominal price of carbon

Our qualitative comparison of the single-factor BVAR(1) point forecasts against those issued

by the Carbon Team at the London Stock Exchange Group (LSEG; formerly Refinitiv),

and its survey forecasts, involves two preliminary steps. First, LSEG provides forecasts

expressed in current euros; therefore, in this case, we rely on nominal price forecasts.4 The

second challenge of working with these data is that they are “fixed event forecasts”, while

our models produce “fixed horizon forecasts”.

The characteristic of “fixed event forecasts” is that the forecast horizon changes as the

forecast origin moves forward. At each forecast origin, the LSEG team produces forecasts

for the current year, fFE
t+k|t, and for the next year, fFE

t+k+12|t, where k = 1, ..., 12 represents

the number of months until the end of the year (e.g. k = 12 in January and k = 1 in

December). To approximate one-year-ahead fixed horizon forecasts, fFH
t+12|t, using LSEG’s

fixed event forecasts, we follow Dovern et al. (2012):

fFH
t+12|t =

k

12
fFE
t+k|t +

12− k

12
fFE
t+k+12|t, (S.18)

where weights are proportional to the degree of overlap of the two fixed event forecasts.5

LSEG Carbon Team’s forecasts. Using the procedure outlined above, we obtain a set of 39

one-year-ahead fixed horizon forecasts irregularly spaced over the period January 2015–May

2023; only 19 of these forecasts overlap with those in our evaluation period, spanning from

December 2018 to September 2023. Figure S.15 reports the nominal EU ETS price together

with LSEG, random-walk, and BFAVAR(1) one-year-ahead forecasts.

4We have considered an alternative approach, where we transform our real price forecasts into nominal
terms by producing inflation forecasts from an Unobserved Component SV model and using them to get
nominal price forecasts. Moreover, given the short time span of our evaluation sample, using different
inflation forecasts, such as RW forecasts, does not alter the results. Results are available from the authors
upon request.

5A fixed horizon forecast issued in January, k = 12, would therefore be equal to fFH
t+12|t = fFE

t+12|t.
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Figure S.15: Nominal EU ETS price and nominal price forecasts.
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Notes: Nominal EU ETS price (red line), LSEG (blue dots), RW (dashed black line), BFAVAR(1) one-year-ahead forecasts
using nominal price data (dotted blue line). The shaded gray area represents the 68% credible intervals from the BFAVAR(1)
model. The shaded vertical area represents the COVID recession, as determined by the CEPR-EABCN Euro Area Business
Cycle Dating Committee (https://eabcn.org).

Survey forecasts. Carbon Market Surveys were run by LSEG each year from 2020 to 2022

between February and April (in 2020, the survey was closed in March). Participants who

answered the section of the survey concerning EU ETS price expectations numbered 60 in

2020, 119 in 2021, and 88 in 2022. Since survey forecasts are also of the fixed event type,

we approximate fixed horizon one-year-ahead prediction densities derived from surveys and

compare them with prediction densities from the BFAVAR model and the realized nominal

price at the target date.

Figure S.16 reports LSEG survey forecasts and BFAVAR one-year-ahead predictive den-

sities for the nominal EU ETS price. Median survey and model-based forecasts are close to

realized prices only in 2023. In 2021 and 2022, both under-forecast the run-up in carbon

prices. However, realized prices mostly lie in the right tail of the BFAVAR density, with

March 2021 being the only realization outside the 95% prediction interval.
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Figure S.16: Survey and model-based one-year-ahead density forecasts of the nominal EU ETS
price from 2021 to 2023.
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S.4.8 Verified Emission Forecasts

Table S.10 reports relative RMSFEs for verified emissions forecasts across all horizons from

one to twelve months ahead. No specification beats the RW at h = 1 and h = 2; from h = 3

onward, all SV models deliver relative RMSFEs below one, with the one-factor BFAVAR(1)-

SV performing best at horizons three through seven and the baseline BVAR(1)-SV domi-

nating from h = 8 onward. The AR(1) is uniformly worse than the RW at all horizons,

providing evidence against its use as a univariate benchmark. At h = 12, SV models reduce

RMSFE by between 6.5% and 7.1% relative to the RW.

Table S.11 reports quantile-weighted CRPS scores for the center and tails of the predic-
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Table S.10: Relative RMSFE: verified emissions

1 Factor 2 Factors 1 Factor 2 Factors

h BAR(1) BVAR(1) BVAR(1) BVAR(1) BAR(1)-SV BVAR(1)-SV BVAR(1)-SV BVAR(1)-SV

1 1.1050 1.2382 1.1805 1.2370 1.0064 1.0206 1.0320 1.0134

2 1.0567 1.2274 1.1630 1.2034 1.0020 1.0003 1.0017 1.0002

3 1.0470 1.2477 1.1716 1.2162 0.9999 0.9882 0.9867 0.9915

4 1.0434 1.2634 1.1719 1.2247 0.9988 0.9782 0.9773 0.9815

5 1.0331 1.2419 1.1515 1.2012 0.9972 0.9663 0.9646 0.9676

6 1.0296 1.2332 1.1379 1.1881 0.9967 0.9593 0.9576 0.9584

7 1.0230 1.2055 1.1141 1.1602 0.9956 0.9517 0.9513 0.9518

8 1.0210 1.1911 1.1009 1.1466 0.9960 0.9476 0.9482 0.9484

9 1.0179 1.1705 1.0836 1.1264 0.9964 0.9411 0.9454 0.9441

10 1.0139 1.1476 1.0686 1.1070 0.9960 0.9371 0.9417 0.9411

11 1.0139 1.1417 1.0621 1.1009 0.9962 0.9324 0.9381 0.9370

12 1.0124 1.1280 1.0502 1.0878 0.9962 0.9295 0.9347 0.9330

Notes: see notes to Table S.1

tive distribution of verified emissions. For the center, SV models dominate throughout, with

the one-factor BFAVAR(1)-SV recording the lowest score at most horizons up to h = 10 and

the BVAR(1)-SV prevailing at longer horizons. For the tails, the BAR(1)-SV model records

the lowest qCRPS from h = 7 onward, while the one-factor BFAVAR(1)-SV performs best

at shorter horizons. Overall, incorporating stochastic volatility delivers consistent gains for

verified emissions forecasting across all evaluation dimensions, in contrast to the results for

the real price of carbon.
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Table S.11: Quantile-weighted Continuous Ranked Probability Score (qCRPS): verified emis-
sions

(a) Quantile-weighted CRPS: center

1 Factor 2 Factors 1 Factor 2 Factors

h BAR(1) BVAR(1) BVAR(1) BVAR(1) BAR(1)-SV BVAR-SV(1) BVAR-SV(1) BVAR-SV(1)

1 157.0242 157.0021 156.9899 156.9887 156.9946 156.9781 156.9780 156.9921

2 156.8855 156.8483 156.8334 156.8374 156.8151 156.7982 156.7928 156.8204

3 156.7733 156.7232 156.7100 156.7176 156.6598 156.6397 156.6362 156.6704

4 156.6913 156.6291 156.6185 156.6298 156.5277 156.5124 156.5010 156.5420

5 156.6258 156.5507 156.5448 156.5562 156.4141 156.3982 156.3833 156.4253

6 156.6003 156.5167 156.5132 156.5291 156.3403 156.3271 156.3116 156.3555

7 156.5850 156.4944 156.4932 156.5165 156.2708 156.2593 156.2520 156.2946

8 156.6132 156.5156 156.5159 156.5499 156.2490 156.2374 156.2385 156.2747

9 156.6089 156.5020 156.5019 156.5593 156.1928 156.1849 156.1826 156.2263

10 156.6533 156.5480 156.5508 156.6002 156.1893 156.1863 156.1810 156.2230

11 156.6695 156.5500 156.5593 156.6120 156.1585 156.1477 156.1487 156.1910

12 156.6652 156.5383 156.5498 156.6039 156.1081 156.0949 156.0967 156.1433

(b) Quantile-weighted CRPS: tails

1 Factor 2 Factors 1 Factor 2 Factors

h BAR(1) BVAR(1) BVAR(1) BVAR(1) BAR(1)-SV BVAR-SV(1) BVAR-SV(1) BVAR-SV(1)

1 268.3299 268.2731 268.2503 268.2322 268.2331 268.1990 268.2043 268.2284

2 267.5153 267.4249 267.3934 267.3871 267.3189 267.3001 267.2775 267.3422

3 266.8291 266.7003 266.6655 266.6619 266.5056 266.5011 266.4760 266.5737

4 266.2506 266.0752 266.0567 266.0522 265.7708 265.8089 265.7487 265.9089

5 265.7319 265.5114 265.5022 265.5110 265.1168 265.1746 265.0863 265.2611

6 265.3104 265.0560 265.0518 265.0623 264.5733 264.6309 264.5444 264.7302

7 264.9266 264.6453 264.6548 264.6688 264.0273 264.1117 264.0343 264.2273

8 264.6624 264.3254 264.3593 264.3907 263.6092 263.7132 263.6682 263.8356

9 264.3227 263.9766 264.0001 264.0878 263.1151 263.2528 263.1862 263.3792

10 264.1279 263.7373 263.7826 263.8496 262.7595 262.9314 262.8339 263.0278

11 263.8515 263.4195 263.4950 263.5534 262.3493 262.5213 262.4200 262.6357

12 263.5330 263.0531 263.1335 263.2389 261.8955 262.0665 261.9731 262.2218

Notes: Panel (a) and (b) show quantile-weighted Continuous Ranked Probability Scores (CRPS) with weighting that emphasizes
the center and the tails of the distribution, respectively. The best forecasts, associated with the lowest scores, are underlined.
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