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ABSTRACT
This paper evaluates the informative value of the ECB inflation forecasts vis-à-vis other institutional and model-based forecasts 
in the euro area using ex post optimal combinations of forecasts and nonnegative weights. From a methodological perspective, 
we adapt the corresponding forecast encompassing test to the constrained parameter space, showcasing its superior performance 
over traditional encompassing tests in both size and power properties. Empirically, the combining weights and the forecast en-
compassing test reveal that the ECB was the most informative forecaster of euro area inflation over the 2009–2021 period. This 
changed in 2022: The ECB lost its position as the most informative forecaster, and when using rolling windows to estimate the 
combining weights using a rolling window, we find an important decline in the ECB's weight over time. This time dependency 
can be associated with the economic environment and, in particular, the level of uncertainty, the monetary policy, and the 
macro-financial conditions in which the ECB operates.
Jel classification: E44, E47, E58

1   |   Introduction

Forecasting inflation is essential for policymakers to set up their 
policies but also for investors interested in expected real return, 
labor market actors during the wage negotiation processes, or 
households and firms, desiring to evaluate their purchasing 
power, their saving capacities, or planning their inventory. We 
can find multiple forecasts building upon time-series models 
that represent reduced forms of established relationships like 
the Phillips curve (Stock and Watson  1999) or other forecasts 
published in surveys by households, firms, professional fore-
casters, financial market participants, and central bankers. 
These last ones may combine both quantitative forecasts and 
expert judgment and provide the best prediction at time t  given 
the available information.

Extensive research has examined the features and the per-
formance of forecasts originating from various sources. For 

example, focusing on inflation expectations in the United States, 
Cornand and Hubert  (2020) reveal that forecasts from partici-
pants in experiments, households, industry and professional 
forecasters, financial market players, and central bankers exhibit 
common traits. These include biased forecasts, potential auto-
correlation in forecast errors, (in particular over extended fore-
casting horizons), and the fact that lagged inflation significantly 
predicts inflation expectations. Another example is the study of 
Ang, Bekaert, and Wei (2007) that evaluates time series forecast-
ing methods of US inflation vis-à-vis the Survey of Professional 
Forecasters (SPF) focusing, instead, on forecast combinations 
and forecast encompassing tests to investigate whether the ex-
post optimal1 combination incorporates more information than 
the individual forecasts (Clements and Hendry  1998). Their 
findings indicate that the SPF is the most effective forecasting 
method compared to time-series approaches and survey infor-
mation consistently receives the greatest weighting in the fore-
cast combination. Similarly to finance's portfolio theory, the 
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weights reflect forecasts' marginal contribution to the reduction 
of the forecaster's loss function (Roccazzella, Gambetti, and 
Vrins 2022), and therefore, when looking at forecast encompass-
ing and forecast combination from a joint perspective, weights 
can be naturally interpreted as the marginal contribution of 
each forecaster in term of independent information.

Moving to the euro area (EA), Diebold and Shin  (2019) bring 
evidence that optimal combining weights for the EA inflation 
projections produced by individual forecasters within the SPF 
vary over time. Therefore, the forecasts' informational value is 
equally nonconstant over time. It is yet to be determined whether 
this finding also applies to institutional forecasters such as the 
ECB or the IMF and what factors contribute to the dynamics of 
the informational value of the forecasts over time.

In this paper, we explicitly tackle this point by testing for fore-
cast encompassing and using forecast combinations in the spirit 
of Bekaert, Hoerova, and Lo Duca  (2013) and by investigating 
the potential source of time variation in the optimal combining 
weights.

First, we include inflation forecasts from institutions such as 
the ECB, the European Commission (EC), the International 
Monetary Fund (IMF), and the Organisation for Economic Co-
operation and Development (OECD) in addition to basic time 
series indicators and other surveys previously employed in the 
literature. This extension provides new insights into the relative 
informational advantage of the ECB inflation forecasts com-
pared to the benchmark that the ECB considers when publish-
ing the European Central Bank staff macroeconomic projection 
for the euro area.

Second, we focus on forecast encompassing by estimating the 
ex-post optimal combination of forecasts that minimizes the 
combined mean square forecast error while restricting the 
weights to be nonnegative. From a methodological perspective, 
we adapt the corresponding test to the constrained parameter 
space, showing that this outperforms a traditional encompass-
ing test that neglects such constraints in terms of both size and 
power properties. This novel testing procedure can be extended 
to frameworks where the number of competing forecasts ex-
ceeds the available realizations of the target variable.

Third, in examining the combination weights before 2022, 
the ECB displays on average the greatest weight. However, no 
individual inflation forecast, including the ECB, fully encom-
passes the competitors in a statistically significant way. When 
the analysis includes 2022, there is a significant shift in results: 
the ECB loses its status as the most informative forecaster and 
its weight becomes statistically insignificant at a 5% significance 
level across various optimal forecast combination strategies. 
Additionally, when re-estimating the forecast combination using 
a rolling window approach, it becomes evident that the weight 
assigned to the ECB has decreased substantially over time.

Fourth, we investigate the sources of this time variability. 
Naturally, the inflation forecasts generated by the central bank 
are expected to be the most informative, as they may contain pri-
vate information on the future monetary policy (Svensson 2005; 
Faust and Wright 2013). Therefore, studying in what economic 

states the ECB inflation forecast is more informative can also 
help policy analysts interested in evaluating the ECB's intent at 
monitoring inflation.

In this regard, we extend the investigation initiated by 
Granziera, Jalasjoki, and Paloviita  (2021) and Kontogeorgos 
and Lambrias  (2022), which primarily focused on the statisti-
cal features of the Eurosystem/ECB staff macroeconomic pro-
jections, showing that ECB forecasts are, on average, unbiased 
and efficient, albeit with strong evidence of state dependence.2 
We show that the informative content of the ECB inflation fore-
cast vis-à-vis other institutional and model-based forecasts is 
also time-varying and the time-dependency can be associated 
with the economic environment, and in particular the level of 
uncertainty, monetary policy, and macro-financial conditions, 
in which the ECB operates.

The remainder of the paper is organized as follows. Section  2 
introduces the optimal combination of forecasts and the forecast 
encompassing test. Section 3 deals with the analysis of inflation 
forecasts in the EA whereas Section 4 analyses weights' dynam-
ics. Section 5 concludes.

2   |   Optimal Combinations and Forecast 
Encompassing

In order to evaluate the informational value of inflation fore-
casts in the EA and test for forecast encompassing, we need to 
estimate the ex-post optimal combination of forecasts and test 
the statistical significance of the combining weights. In the fol-
lowing paragraphs, we outline the optimal forecast combination 
strategy and introduce our forecast encompassing test.

Under a quadratic loss function, it is optimal to minimize the 
mean square forecast error (Bates and Granger 1969; Granger and 
Ramanathan  1984). Rather than employing the unconstrained 
solution, we opt to constrain weights to be nonnegative, as this 
choice provides three distinct advantages. First, it rules out ex-
treme solutions resulting from estimation error when dealing 
with the minimum-variance objective function in small samples 
(Jagannathan and Ma 2003; Conflitti, Mol, and Giannone 2015). 
Second, it identifies and excludes noise forecasts, i.e., forecasts 
that individually do not help to predict the target, but whose in-
clusion in the combination of forecasts is only justified by the 
objective of minimizing the in-sample mean square prediction 
errors.3 Third, the optimal weights turn into a special case of the 
Lasso (Tibshirani 1996), which permits us to extend the test for 
forecast encompassing to high dimensional problems by encour-
aging sparse combinations, i.e., combinations with only a few 
non-zero weights (see for example Brodie et al. 2009).4

Formally, given n observations and d forecasts, we denote with y 
the column vector comprising n observations of the target vari-
able and denote with F and V  the n × d matrices grouping the 
forecasts and forecast errors, respectively.5 The optimal nonneg-
ative weights that minimize the mean of the square aggregate 
forecast error solve 

(1)�̂: = argmin
� ∈Δd−1

1

n
[V�]T [V�] ,
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with the unit simplex with d vertices defined as 

Using the optimal combining weights estimator derived in (1), we 
can formulate a forecast encompassing test that explicitly con-
siders the constrained parameter space. Similarly to Harvey and 
Newbold (2000), we aim to test whether the marginal contribu-
tion of forecast i to the aggregate ex-post optimal forecast is statis-
tically significant. Therefore, we state the following hypotheses 

given the partition � = (�, �), with � being the r−dimensional 
parameter of interest and � denoting the nuisance parameters 
(with dimension d − r). This corresponds to test whether the 
population ex-post optimal weights lay on the boundary set 
(under H0) or in the cone6 generated by the nonnegativity and 
the sum to one constraint (under H1).

Let � be the n-dimensional vector of forecast error associ-
ated with the ex-post optimal combination of forecasts, i.e., 
�: = y − c − F�, with c being the intercept taking into account 
the presence of bias. Denoting the Gaussian quasi-loglikelihood7 
as 

the corresponding score statistics is8

Under these assumptions, Kudô  (1963) proved that the score 
(and the asymptotically equivalent Wald and likelihood ratio) 
statistics associated with (2) are distributed as a mixture of chi-
squared distributions under the null hypothesis. Therefore, de-
termining the mixing weights becomes essential to compute the 
cumulative tail probability of the test statistics for a given signif-
icance level a. When the constrained space is the nonnegative 
orthant, Silvapulle and Sen  (2004) propose a simple quadratic 
programming problem to estimate the vector of mixing weights 
�9 and given a significance level a and its corresponding critical 
value ca, we compute cumulative tail probability as: 

and we reject H0 if 

where �2(df ) denotes a chi-squared distribution with df  degrees 
of freedom. When � is univariate (r = 1), the weights are known 
in analytical form and the cumulative tail probability reduces to 

In the remainder of the paper, to ease presentation and sim-
plify notation, we consider the univariate parameter of interest 
� (r = 1) corresponding to the jth forecast in a low dimensional 
setting. However, large data sets, heterogeneous modeling tech-
niques, and, different data pre-processing procedures originate 
a wide array of forecasts, whose size can potentially outclass the 
number of available realizations of the target variable. Therefore, 
a “modern” test for forecast encompassing should also deal with 
potential high dimensional frameworks. This test can accom-
modate these features using the decorrelated score procedure of 
Ning and Liu (2017) as described by Yu, Gupta, and Kolar (2019). 
We refer to Appendix A for the extension of the test in the high 
dimensional case. In an extensive simulation study in Appendix 
B, we study the size and size-adjusted power properties of the 
test, showing how modifying the forecast encompassing test 
to accommodate the nonnegativity constraint leads to major 
improvements in both size and size-adjusted power properties 
compared to disregarding this constraint, also in scenarios in-
volving autocorrelated forecast errors.

3   |   Analysis of Inflation Forecasts in the EA

We evaluate nine forecasts for the years ranging from 2009 to 
2022.10 Five are produced by institutions or professional fore-
casters.11 We include the ECB forecasts and other institutions 
or professional forecasters that the ECB considers as a bench-
mark when publishing Eurosystem staff macroeconomic projec-
tions for the EA. Four, instead, are built by simple, yet standard 
time-series models to forecast inflation traditionally used as 
benchmarks (Stock and Watson 1999; Bekaert, Hoerova, and Lo 
Duca 2013). In the spirit of Atkeson and Ohanian (2001), we take 
a random walk model (RW), then we include one autoregressive 
integrated moving average (ARIMA) model and two bi-variate 
vector-autoregressive (VAR) models.

We use the growth rate of the average HICP index in the refer-
ence year to measure yearly inflation as the HICP growth rate 
is the official measure of inflation in the EA and the target of 
the considered institutional forecasts of inflation.12 For each 
quarter, we consider inflation forecasts for the same calendar 
year because, compared to standard forecasting exercises, insti-
tutional forecasters do not publish forecasts with a fixed forecast 
horizon, e.g., one year ahead, but instead look at calendar years, 
e.g., the yearly inflation rate in 2018. We avoid longer-term fore-
casts (1 and 2 calendar years ahead) because there is strong evi-
dence that institutional forecasters fail to systematically update 
their predictions beyond one calendar year ahead (Andrade and 
Le Bihan 2013; Easaw and Golinelli 2021).

Institutional forecasts data are retrieved from European Central 
Bank staff macroeconomic projection for the euro area13 and con-
sist of forecasts produced by the ECB staff, the average forecast 
published in the SPF, and the ones reported by the EC, the IMF, 
and the OECD. The ECB, the EC, and the SPF release their in-
flation forecasts quarterly, while the IMF and OECD publish 
inflation projections at minimum twice per year in their respec-
tive economic outlooks. For each quarter we consider the last 
available projection of the IMF and the OECD as the respec-
tive forecast of inflation. This offers an informative advantage 
to institutional forecasters that update their expectations more 

Δd−1 =

{
� i ≥ 0, with i = 1, … , d and

d∑

i=1

� i = 1

}
.

(2)H0:� = 0 vs H1:� > 0, � ∈ ℝ
+(r) ,

(3)�(�)= −
1

n

n∑

i=1

logi(�)=
n

2
log(���)+

1

2

[�]T [�]

��

,

(4)TS =
[
∇𝓁

(
�̂H0

)
−∇𝓁

(
�̂H1

)]T
ℱ̃

−1
�|�

[
∇𝓁

(
�̂H0

)
−∇𝓁

(
�̂H1

)]
.

Prob
[
𝜒2( �ℱ𝜃|𝛾 ,ℝ

+r)> ca

]
=

r∑

i=0

𝜔iProb
[
𝜒2(i)> ca

]
,

Prob
[
TS > c

]
> a ,

(5)Prob
[
𝜒2( �ℱ𝜃|𝛾 ,ℝ

+)> ca

]
=
1

2
Prob

[
𝜒2(1)> ca

]
.
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frequently, which can also be reflected in a greater combination 
weight.14

We instead use the EA real-time database (RTDB) to conduct 
our forecasting exercise with the RW, the ARIMA, and the 
VARs models, assuming that at any month t  we have access to 
data from the previous months on the variables of interest.15 
The RW and the ARIMA models are estimated via maximum 
likelihood, instead the two bivariate VAR models are estimated 
using OLS.16 The first VAR model captures the joint dynamics 
of monthly year-on-year (y-o-y) HICP growth rate and indus-
trial production, while the second, focuses on the y-o-y HICP 
growth and the unemployment rate. The bi-variate VARs align 
with forecasting strategies based on the generalized Phillips 
curve, aiming to forecast inflation using real activity measures 
or unemployment rates (Bekaert, Hoerova, and Lo Duca 2013). 
We finally combine the monthly y-o-y inflation rates observed 
in the reference year with iterative forecasts for the subsequent 
months to form the forecast of the calendar inflation rate. To 
illustrate, take March 2020 as an example. Utilizing HICP index 
data preceding March 2020, we project the y-o-y inflation rate 
for March and the remaining nine months of the year. These 
predictions, combined with observed y-o-y inflation rates in 
January and February, are averaged to derive the forecast for the 
annual inflation rate.

While our model-based forecasts can be updated monthly for 
the reference calendar year, institutional forecasters release 
their forecasts at different dates during each quarter. For in-
stance, in Q2, the EC publishes its forecasts in May while the 
ECB in June. Therefore, estimating the weights at the quar-
terly frequency by considering the most recent release for each 

forecaster could give an advantage to institutions that publish 
their forecasts later in the quarter. However, estimating the 
weights at monthly frequency might result in strong seasonal 
patterns: for each forecaster, the weight may display a peak 
when the corresponding new (updated) forecast is released 
or a dip when any other forecast is updated. The figures in 
Appendix D (Figures A4, A5) clearly illustrate this point: an 
updated forecast is naturally more informative simply because 
of the publication date. To tackle this problem, we assume that 
the informational advantage of the monthly update of a fore-
cast later in the quarter is constant and therefore can be aver-
aged out after having performed our analysis for each month 
in the quarter using the most recent forecasts at the end of the 
corresponding month. We verify ex post the validity of this 
assumption by confirming that the peaks and the dips of the 
weights within each quarter display a constant seasonal pat-
tern as shown in Appendix D. Specifically, we estimate the 
combining weights (and the corresponding statistics) three 
times: first, when considering only the most recent forecast 
at the end of the first month of the quarter; second, when con-
sidering only the most recent forecast at the end of the second 
month of the quarter, and finally when considering only the 
most recent forecast at the end of the third month of the quar-
ter. The weights (and statistics) used for the analysis will be 
the simple average of these values.

Table  1 reports the summary statistics of the annual HICP 
growth rate and its forecasts. The ECB forecasts yield the lowest 
mean absolute error (MAE) and root mean square error (RMSE) 
in the considered pool. Following the approach of Romer and 
Romer (2000), we analyze the mean and standard deviation of 
the forecast errors to explore potential biases. We find that all 

TABLE 1    |    Summary statistics of the forecasts and realized forecast errors.

ARIMA RW VAR IP VAR Un ECB OECD SPF EC IMF

RMSE 0.522 1.190 1.590 1.648 0.500 0.990 0.819 0.775 0.933

MAE 0.266 0.670 1.086 1.115 0.228 0.464 0.372 0.364 0.505

(a) Forecast errors

Mean 0.01 0.01 0.05 −0.43 0.07 0.11 0.14 0.09 0.14

St. dev. 0.53 1.2 0.58 1.42 0.5 0.99 0.81 0.78 0.93

Med. −0.03 −0.09 0 −0.05 0.01 0.01 0.02 0.03 0.03

Min. −1.23 −1.63 −1.02 −6.4 −0.95 −1.31 −0.95 −1.88 −1.58

Max. 2.69 5.73 3.3 2.08 2.92 6.22 5.02 4.52 5.02

Range 3.93 7.36 4.32 8.48 3.87 7.53 5.97 6.4 6.6

(b) Point forecasts

Mean 1.75 1.74 1.7 2.18 1.68 1.64 1.61 1.66 1.61

St. dev. 1.73 1.12 1.73 1.89 1.75 1.56 1.55 1.62 1.49

Med. 1.53 1.61 1.49 1.56 1.45 1.5 1.4 1.5 1.45

Min. 0.14 0.29 −0.13 0.26 0 0.1 0.1 −0.1 0.1

Max. 8.08 7.45 8.1 8 8.4 8.3 8.3 8.5 8.3

Range 7.94 7.16 8.23 7.74 8.4 8.2 8.2 8.6 8.2
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forecasts are unconditionally unbiased, and looking at Figure 1, 
we confirm that, on average, the considered forecasts track the 
dynamics of the yearly inflation rate. However, it is worth un-
derlining two facts.

First, forecasts based on the bi-variate VARs tend to be more 
volatile, displaying a seasonal component, especially at the 
beginning of each year. This is particularly evident for the 
2018–2021 period where for long forecasting horizons (12–9 
steps ahead); that is, for forecasts produced at the beginning of 
the year (in Q1), VAR IP and VAR UN tend to overestimate the 
calendar year inflation. This feature disappears as the forecast-
ing horizon shrinks and monthly realized y-o-y inflation data 
is included in the estimation of the annual HICP growth rate. 
Second, forecasts tend to either jointly overestimate or jointly 
underestimate inflation in the EA, implying forecast errors to 
be cross-sectionally dependent. This is not surprising, especially 
for institutional forecasters, as it is reasonable to assume that 
before publishing a new forecast, professional forecasters will 
compare their results with the ones published by other sources. 
For example, the ECB acknowledges the use of the SPF and 
market-based forecasts when forming their expectations. In the 
next section, we further discuss how we quantify and tackle the 
cross-sectional dependence problem.

3.1   |   Testing and Handling Cross-Sectional 
Dependence

Strong cross-sectional dependence of the forecast error may 
signal potentially multi-collinear forecast errors and, con-
sequently, may lead to imprecise estimates of the optimal 
weights. To quantify the degree of cross-sectional dependence 
of forecast errors, we implement the CD-test (Pesaran  2021) 
from the panel econometrics literature. CD-statistics is de-
fined as 

with ̂�ij being the sample correlation coefficient between the fore-
cast error of model i and j. In Bailey, Holly, and Pesaran (2016), 
we can find the order property of the average correlation 
coefficient: 

where � ∈ [0,1]. First, as recommended in Elhorst, Gross, and 
Tereanu (2021), we control that the null of weak cross-sectional 
dependence (𝛼 < 0.5) cannot be rejected through the CD-test (�̂ 
and CD-statistic's columns in Table  2). We cannot reject weak 
cross-sectional dependence given the high value of �̂. Second, 
we assess the degree of cross-sectional correlation through the 
two-step procedure as in Bailey, Holly, and Pesaran (2016).

In Table 2, we show that the cross-sectional correlation of fore-
cast errors is really strong: the estimated � is larger than 0.75, 
clearly pointing to the presence of common components driving 
the dynamics of forecast errors. We can reach similar conclu-
sions by looking at the loadings of the first principal component 
shown in Table 2: As expected in such a case, they are evenly 
distributed among the different forecast errors, supporting the 
evidence of a persistent interdependence trend between infla-
tion forecast errors.

3.2   |   Estimating the Optimal Combination 
Weights

An estimate of the matrix of square forecast errors is necessary 
to calculate the combining weights. This matrix (V TV ) can be 

(6)CD =

√
2T

N(N − 1)

N−1∑

i=1

N∑

j=i+1

�̂ij,

(7)�N =
2

N(N − 1)

N−1∑

i=1

N∑

j=i+1

�ij = O(N2�−2),

FIGURE 1    |    Dynamics of realized and forecasted HICP yearly growth rate.
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trivially decomposed using the definition of the covariance ma-
trix S as follows: 

Notice that in the presence of unbiased forecasts, 11TV , that 
is, the d-dimensional vector of average forecast errors, col-
lapses to a d-dimensional vector of zeros with the correspond-
ing optimal weight minimizing the variance of the aggregate 
forecast error. To handle the cross-sectional dependence af-
fecting the estimation of the covariance matrix S, we start 
by considering the sample maximum likelihood estimator of 
the covariance matrix in Specification 1. Indeed, as under-
lined in Jagannathan and Ma (2003) and Conflitti, Mol, and 
Giannone (2015), restricting weights to lay in the unit simplex 
helps reduce the risk in the estimated optimal combination 
of forecasts. However, being a special case of the Lasso (Fan, 
Zhang, and Yu 2012), this estimator may still fail to correctly 
select the best subset of forecasts when the forecast errors are 
highly correlated (Zhao and Yu 2006). For this reason, we con-
sider two additional estimators of the combination weights as 
robustness checks.

Table  2 suggests the presence of a strong one-factor struc-
ture characterizing the dynamics of inflation forecast errors. 
Following this observation, in Specification 2, we consider the 
principal orthogonal complement thresholding estimator of the 
covariance matrix (POET) of Fan, Liao, and Mincheva  (2013) 
that assumes that, conditional on pre-specified common factors, 
the residual terms are weakly correlated.17

Finally, we can handle the cross-sectional dependence by im-
posing some structure on the estimator of the optimal weights. 

Specifically, we implement a consistent shrinkage estimator 
of the covariance matrix that combines the sample covariance 
matrix (which can be easily computed and is asymptotically 
unbiased but prone to estimation error) with a highly struc-
tured estimator (that contains relatively little estimation error 
but potentially misspecified). Being the loadings of the first 
principal component roughly the same (Table  2), this factor 
can further be seen as an equally weighted portfolio of all 
forecasts (up to a scaling factor). Therefore, it becomes nat-
ural to shrink the sample covariance matrix towards a diag-
onal one (Ledoit and Wolf 2003) that is representative of this 
case. We estimate the weights adopting such estimator in 
Specification 3.18

After having estimated the covariance matrix S using specifica-
tions 1, 2, and 3, we can trivially retrieve V TV  using (8) and com-
pute the forecast combination that minimizes the average square 
forecast error restricting the weights to be nonnegative and to 
sum to one. The sample used for this analysis spans from the 
first quarter of 2009 to the fourth quarter of 2022. This last year 
is unambiguously peculiar. In early 2022, inflation skyrocketed 
fueled by the important growth rate that followed the end of the 
COVID crisis and the invasion of Ukraine by the Russian troops, 
provoking tension in energy markets. 2022 is also the year of 
the sharp increases in interest rates by the ECB (in September). 
However, it is still uncertain whether there has been a temporary 
shift or a structural change in the inflation dynamics in 2022 
(Baba et  al. 2023) when the inflation rate in Europe reached 
its highest level, surpassing the expectations of policymakers 
and exhibiting significant variation across different countries. 
Therefore, we estimate the weights using a sample that either 
includes or excludes the 2022 inflation rate. This allows us to as-
sess whether 2022 and the end of the accommodative monetary 
policy, brought a notable shift in the combining weights.

(8)S =
1

n − d − 1

[
V TV −

1

d
11TV

]
.

TABLE 2    |    Principal component analysis of realized forecast errors and cross-sectional dependence test.

Forecaster PC1 PC2 PC3 PC4 PC5

ARIMA R 0.352 −0.142 0.500 0.371 −0.622

RW R 0.357 −0.019 −0.686 0.128 −0.424

VAR IP R 0.188 0.675 0.060 0.025 −0.025

VAR Un R 0.179 0.684 0.058 −0.009 0.039

ECB 0.365 −0.112 0.400 −0.007 0.387

OECD 0.358 −0.095 0.088 −0.850 −0.224

SPF 0.379 −0.108 −0.079 −0.099 0.232

Commission 0.373 −0.117 0.042 0.307 0.243

IMF 0.371 −0.089 −0.311 0.136 0.345

Standard deviation 2.580 1.294 0.483 0.410 0.378

Proportion of variance 0.740 0.186 0.026 0.019 0.016

Cumulative proportion 0.740 0.926 0.952 0.970 0.986

�̂ CD-statistic �̂

0.674 30.275 0.9222

Note: We report the estimated average sample correlation forecast errors of model i  and j, �̂, the cross-sectional test statistics, CD-statistics, and �̂.
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Table  3 (excluding 2022) and Table  4 (including 2022) report 
the weights, the TS score statistics defined in (2) and their cor-
responding p-values. When estimating the score statistics, we 
use Newey and West's (1987) HAC estimator of the covariance 
matrix to cope with the potential autocorrelation of the forecast 
errors.

Until 2022, it is noticeable that the ECB had (by far) the great-
est weight across specifications. This is not surprising as the 
primary objective of the ECB is to maintain price stability by 
adjusting monetary policy to make sure that inflation remains 
low, stable, and predictable. However, the ECB forecast does not 
encompass the ones of its competitors regardless of the estima-
tion strategy. For example, the ARIMA and the SPF in Spec. 2 
are included in the optimal combination of forecasts and their 
corresponding weights were statistically greater than zero at 5% 
significance level.

Including 2022 in the estimation sample leads to notably differ-
ent outcomes. As depicted in Table 4, the ECB loses its position 

as the most influential forecaster, whereas the ARIMA model 
displays the highest weight. It is also noteworthy that the other 
institutional forecasters (IMF, EC, or OECD) have zero or statis-
tically insignificant weights in the ex-post optimal combination 
of forecasts.

The marked difference in point estimates between Tables 3 and 
4 strongly questions the stability of the combining weights over 
the 2009–2022 period. To challenge this even further, we re-
estimate the forecast combination considering a rolling window 
of 12 quarters.19

Figure 2 illustrates the evolution of the average weights across 
specifications from Q1 2012 to Q4 2022. Meanwhile, Figure 3 
zooms in on the ECB, detailing the dynamics of its weight esti-
mated using Spec. 1, 2, and 3. In both instances, the x-axis de-
notes the reference period; for example, the interval 2015–2016 
identifies the weights corresponding to the yearly inflation in 
2015. Both figures indicate the fluctuation of weights linked 
with the ECB and other forecasts over time. We also observe 

TABLE 3    |    2009Q1–2021Q4: ex post optimal weights with nonnegativity and sum to one constraints (�), score statistics (TS), and p-values (p�2).

RW ARIMA VAR IP VAR Un ECB OECD SPF EC IMF

Spec. 1 – � 0 0.048 0.014 0 0.729 0 0.124 0.085 0

TS 0 2.691 0.363 0 2.092 0 1.520 1.656 0

p�2 1 0.050 0.273 1 0.074 1 0.109 0.099 1

Spec. 2 – � 0 0.135 0.064 0.004 0.594 0 0.104 0.080 0.020

TS 0 4.459 0.445 0.519 3.925 0 3.913 1.900 2.052

p�2 1 0.017 0.252 0.236 0.024 1 0.024 0.084 0.076

Spec. 3 – � 0 0.097 0.015 0.002 0.690 0 0.108 0.087 0.001

TS 0 3.992 0.405 0.302 3.381 0 1.505 1.661 1.815

p�2 1 0.023 0.262 0.291 0.033 1 0.110 0.099 0.089

Note: Spec 1: sample covariance, Spec 2: POET, and Spec 3: L&W shrinkage toward diagonal matrix. Score statistics are computed using Newey and West's (1987) 
heteroskedasticity and autocorrelation consistent covariance matrix.

TABLE 4    |    2009Q1—2022Q4: ex post optimal weights with nonnegativity and sum to one constraints (�), score statistics (TS), and p-values (p�2).

RW ARIMA VAR IP VAR Un ECB OECD SPF EC IMF

Spec. 1 – � 0 0.713 0 0.043 0.243 0 0 0 0

TS 0 1.650 0 1.350 0.693 0 0 0 0

p�2 1 0.099 1 0.123 0.203 1 1 1 1

Spec. 2 – � 0 0.539 0.013 0.105 0.289 0 0 0.054 0.0002

TS 0 2.215 2.267 1.764 2.038 0 0 0.648 0.7103

p�2 1 0.068 0.066 0.092 0.077 1 1 0.210 0.1997

Spec. 3 – � 0 0.571 0.020 0.036 0.250 0 0.030 0.073 0.020

TS 0 2.122 2.411 1.910 1.982 0 0.573 0.627 0.703

p�2 1 0.073 0.060 0.083 0.080 1 0.225 0.214 0.201

Note: Spec 1: sample covariance, Spec 2: POET, and Spec 3: L&W shrinkage toward diagonal matrix. Score statistics are computed using Newey and West's (1987) 
heteroskedasticity and autocorrelation consistent covariance matrix.
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a downward trend in the weight dynamics associated with 
the ECB. This observation remains consistent even when con-
sidering various subsets of forecasters, such as excluding the 
bi-variate VARs, the random walk, or some institutional fore-
casters, as noted in Appendix E. These results underscore the 
significance of the chosen reference period and how differing 
conclusions may arise when evaluating unconditional fore-
casts versus those conditioned on specific economic states. The 
time-varying nature of the optimal weights can be attributed 
to various factors, including the diverse underlying processes 
influencing the HICP in the EA, variations in forecasters' loss 
functions, and the diversity of information sets available. Hence, 

it is imperative to investigate whether and how macroeconomic 
or financial conditions impact the informativeness of ECB fore-
casts, consequently affecting the ECB's ability to track expected 
inflation.

4   |   The Dynamics of the ECB Weight

Time-varying weights for model-based forecasts could reflect 
the uncertainty surrounding the forecasting method as, for ex-
ample, the uncertainty around the choice of the order of the au-
toregressive and moving average components in ARMA models, 

FIGURE 2    |    Dynamics of average optimal combination weights across specifications.

FIGURE 3    |    Dynamics of the average ECB weight across specifications.
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the size of the estimation window or the presence of struc-
tural breaks in the relation between the time-series in the bi-
variate VARs. These issues are directly connected to the notion 
of heterogeneity of macroeconomic time series (Clements and 
Hendry 1998), that is, the nonconstant underlying process gen-
erating of the series to forecast. Heterogeneity also matters for 
institutional forecasters. Being supported by econometric mod-
els and expert judgment, the predictive performance of institu-
tional forecasters can be affected by the forecasting techniques 
used and the turnover of forecasters within the same institution.

The utility function of monetary authority has also im-
portant consequences on inflation forecasting. For ex-
ample, Capistrán  (2008) argues that the FED systematic 
under-prediction and over-predictions of inflation can be 
explained by the variations of the cost of having inflation 
above an implicit time-varying target, implying the existence 
of asymmetric loss functions. Furthermore, while all insti-
tutional forecasts are certainly useful for consumers and in-
vestors, the ECB macroeconomic projections (of which their 
inflation forecasts are part) are their primary support for the 
assessment of economic conjecture and risks to price stability 
which is the primary objective of the ECB mandate. Therefore, 
we expect the ECB forecasts to have a direct effect on the mon-
etary policy implemented in the EA. When the expected infla-
tion is low, we expect the monetary authority to try to keep it 
low to pursue its goal in the medium term. However, policy-
makers face a dilemma when expected inflation is high: they 
would like to disinflate, but fear the costs related to a tight-
ening policy (Ball  1992). These costs depend on the state of 
the economy. In sluggish economic growth, high indebtedness 
and a vulnerable financial system can strongly amplify the 
negative effects of the recession that would result from such 
contractionary policies. In that case, the forecasting commu-
nity does not know how promptly the monetary authority will 
react and thus the uncertainty surrounding the inflation dy-
namics will rise.

Therefore, to examine whether the economic environment in 
which the ECB operates affects the informativeness of its fore-
casts, we consider determinants reflecting the uncertainty sur-
rounding the HICP dynamics and macro-financial factors that 
may affect the ECB loss functions.

4.1   |   The Determinants of the Combination 
Weights

Identifying the exact determinants of the weights is not an easy 
task. We do not directly observe whether (and when) the HICP 
time series has experienced structural breaks and how the cur-
rent (and expected) economic conjecture and risks to price sta-
bility have shaped forecasters' loss functions. Nevertheless, we 
can identify the group of variables that might indirectly affect 
the uncertainty around the expected path of the HICP.

4.1.1   |   Disagreement and Inflation Surprise

Following Mankiw, Reis, and Wolfers  (2004) and 
Manzan (2011), we consider the dispersion of (point) forecasts 

from the SPF to proxy forecasting uncertainty. Patton and 
Timmermann  (2010) empirically show how this measure 
mostly reflects the heterogeneity in the priors or underlying 
forecasting models compared to heterogeneity in information 
signals. Dovern, Fritsche, and Slacalek  (2012) confirm that 
disagreement about inflation forecasts increases with uncer-
tainty about the actual series, but also find that disagreement 
about prices rises with their level and, in line with the thesis 
of Rogoff  (1985) and Alesina and Gatti  (1995), disagreement 
declines under independent central banks that promote price 
stability via the introduction of clear mandates in terms of 
price stability or the adoption of more predictable monetary 
policy with increased and improved communication. To study 
whether these aspects influence the dynamics of the ex post 
optimal weights, we include a measure of the difference be-
tween the realized y-o-y monthly HICP growth rate and the 
2% target (Difference from 2%) and the implied dispersion of 
(point) forecasts from the SPF Disagreement SPF, which we 
measure as the standard deviation of point forecasts from the 
ECB SPF.20 We also control for a broader measure of policy-
related economic uncertainty at the European level, employ-
ing the news-based Economic policy uncertainty index of 
Baker, Bloom, and Davis (2016) in our analysis.

Supply shocks, that is, the sudden change of the supply of a prod-
uct or commodity, resulting in an unforeseen change in price, for 
example, the surge of gas and oil prices following the Ukrainian 
war directly affect inflation forecasting performance and, indi-
rectly, the optimal weights. Some forecasters could be better at 
anticipating or more promptly reacting to recent events because 
of informative advantages or lower revision costs (Ehrbeck and 
Waldmann 1996). We proxy the dynamics of inflation surprise 
with the WTI crude oil price and with the first principal compo-
nent of realized forecast errors (Inflation surprise).

4.1.2   |   Financial Conditions and Monetary Policy

The primary objective of the ECB is to maintain price stability 
by targeting a 2% inflation over the medium term. However, 
other goals can be pursued “without prejudice to the objec-
tive of price stability.”21 These objectives include among oth-
ers, the stability of the financial system, the risk of financial 
fragmentation and the risk of euro break up. In this respect, 
following the outburst of the European sovereign debt crisis, 
the ECB has taken a range of actions beyond monitoring price 
stability to address bank funding problems, eliminate exces-
sive risk in sovereign markets, and safeguard monetary pol-
icy transmission (Gross and Zahner  2021). These measures 
were successful at monitoring these risks when the EA was 
experiencing low (or even negative) inflation (Candelon, Luisi, 
and Roccazzella 2022; De Grauwe and Ji 2022). However, the 
Russian invasion of Ukraine, amid an already slowing recov-
ery from the pandemic and inflation pressures, raises new 
financial stability risks, questions the longer-term impact on 
economies and the surging commodity prices pose challeng-
ing trade-offs for central banks (IMF 2022).

We analyze whether measures of financial stability in the EA af-
fected the past dynamics of the ECB weight. As a proxy of global 
risk aversion towards bond markets, we consider the long-term 
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corporate Baa-Aaa spread (Favero 2013), but also the global in-
terdependence and intra-European fragility factor of Candelon, 
Luisi, and Roccazzella (2022). The global interdependence factor 
captures shifts in the level of the entire cross-section of long-
term spreads, and it is related to factors that capture devaluation 
risk (De Santis 2019), flight-to-liquidity mechanisms (Monfort 
and Renne 2013) and shifts global risk aversion (Favero 2013), 
further supporting the use of the first PC as global trend. The 
intra-European fragility factor, instead, measures how deep the 
difference between fragile and financially sounder economies 
in the EA is.

For an exhaustive analysis of financial conditions in the EA, we 
also include proxies mirroring the monetary policy of the ECB. 
The shadow rate, as proposed by Wu and Xia  (2020), can be 
considered as a useful proxy for the ECB policy rate when the 
short-term rate is constrained by the zero lower bound. After 
September 2022, when the ECB increased its policy rate by 75 
basis points, it is adequate to consider the euro short-term rate 
(ESTER) as a proxy for the ECB policy rate. ESTER is a risk-
free overnight interest rate that reflects the wholesale euro un-
secured overnight borrowing costs of EA banks. It is computed 
by the ECB and published on a daily frequency.

As a control, the APP Factor that summarizes the growth of 
Eurosystem holdings corresponding to the ECB asset pur-
chase program (APP) is included. We compute this factor by 
extracting the first principal component of the y-o-y differ-
ences in Eurosystem's holdings purchased under one or more 
of the APPs operated by the ECB. Specifically, APP includes 
corporate sector purchase program (CSPP), public sector pur-
chase programme (PSPP), asset-backed securities purchase 
program (ABSPP), and a third covered bond purchase pro-
gram (CBPP3).22

4.1.3   |   Seasonality of Institutional Forecasts

When evaluating institutional forecasts, the literature often 
overlooks that forecasts always refer to the average of the calen-
dar year.23 In this framework, seasonal patterns in the dynamics 
of the estimated weights might emerge, and ignoring them could 
result in omitted variable bias when studying the relation with 
their determinants. Therefore, in the spirit of Lovell (1963) and 
Saikkonen and Lütkepohl (2000), we complete our set of deter-
minants with three seasonal dummy variables corresponding to 
the second, third, and fourth quarters of the year. This seasonal 
adjustment implicitly assumes that the intercept of the regres-
sion function shifts each quarter and it is convenient to study 
how the weights are affected when approaching inflation releas-
ing date.

Table 5 summarizes the variables, the corresponding abbrevia-
tions, and the sources while we report in Table 6 the correlation 
matrix between the determinants.

We next introduce the regression models used to study the dy-
namics of the ECB's weights.

4.2   |   The Regression Framework

We study the relationship between the weight of the ECB wECB 
and their determinants X . Assuming wECB

t ∼ (xt�, �), we can 
estimate the following linear regression model: 

Combination weights are, nevertheless, defined in the closed in-
terval [0,1], therefore predictions arising from a linear regression 

(9)wECB = X� + u .

TABLE 5    |    Names and abbreviations of variable employed for the analysis of the determinants of the ex post optimal weight.

Variable Measure of Abbreviation Source

Difference with 2% Uncertanty Dif. 2% Eurostat

Disagreement SPF Uncertainty Dis. ECB

Economic policy uncertainty index Uncertainty EPU Baker, Bloom, and Davis (2016)

Policy rate (shadow + ESTER) Monetary policy S Wu and Xia (2020)

Asset purchasing program factor Monetary policy APP ECB

Cross-sectional forecast error factor Inflation surprise Inf. Sur. Eurostat & ECB

Brent crude oil price Inflation surprise Oil FRED

Spread Aaa-Baa Financial conditions Spread FRED

Global interdependence factor Financial conditions Glob. Candelon, Luisi, and 
Roccazzella (2022)

Fragility factor Financial conditions Frag. Candelon, Luisi, and 
Roccazzella (2022)

Seasonal dummy Q2 Seasonality and publ. gap dQ2 ⋅

Seasonal dummy Q3 Seasonality and publ. gap dQ3 ⋅

Seasonal dummy Q4 Seasonality and publ. gap dQ4 ⋅
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framework may lead to negative weights or weights greater 
than unity. Despite we can adapt the standard linear regres-
sion framework to accommodate bounded stochastic processes 
by transforming the original weights to have values in the real 
line,24 this approach has two main shortcomings. First, the 
regression parameters are interpretable only in terms of the 
mean of the transformed weights. Second, data generated by 
bounded stochastic processes are generally skewed and prone 
to heteroscedasticity.

As a robustness check, we also consider a beta regression 
model, which is instead tailored to model variables in the 
interval (0,1).25 Specifically, we employ the beta regression 
framework proposed by Ferrari and Cribari-Neto (2004) that 
assumes (a) independent realizations of wECB

i
∼ 

(
�i,�i

)
, (b) 

a linear regression model for the transform of the mean pa-
rameter �, and (c) a constant precision parameter �. In this 
framework, we consider a logit link function for the mean of 
wECB, leading to 

We refer to Appendix G for more details on the beta regression 
framework.

To tackle the problems arising from potential heteroscedastic and 
autocorrelated residuals, we report four-lag Newey-West (NW) 
standard errors (Newey and West 1987) and a wild bootstrap pro-
cedure as in Mammen (1993) in both the linear and beta regres-
sion framework.26 We remark that the linear and beta regression 
models implicitly accommodate for the estimation uncertainty 
surrounding the estimated ECB weights. Specifically, if the mea-
surement error in the ECB weights is exogenous to the considered 
regressors, the regression coefficients remain unbiased and con-
sistent, but the variance of the residual u is expected to increase.

4.3   |   Empirical Results

The results on the determinants of the ECB weights obtained 
using the linear and beta regressions are respectively estimated 

via OLS and maximum likelihood. We consider four cases. We 
consider the average ECB weight across specifications, the ECB 
weight estimated using the sample covariance matrix of pre-
diction errors (Spec. 1), the POET (Spec. 2), and the shrinkage 
(Spec. 3) estimators.

Our study has already revealed in Section 3.2 that the weights' 
dynamics are similar across different specifications of the co-
variance matrix of prediction errors, as shown in Figure 3 and 
by the correlations displayed in Table 7. Thus, it is not surpris-
ing that the findings on the determinants of the ECB weight are 
also consistent across specifications. For the sake of exposition, 
we focus on the results obtained using the average weight of the 
ECB across specifications, while we refer to Tables A7, A8, and 
A9 in the Appendix I for the results built on Specification 1, 2, 
and 3.

As the sample size is relatively small (only 44 observations), 
there is a risk of encountering problems such as overfitting 
and multicollinearity. Therefore, Panel (a) of Table  8 gathers 
the primary findings of the linear and beta regression model, 
which concentrate on uncertainty measures, monetary policy 
rate, and proxies of financial conditions in the EA. In Panel (b), 
additional analyses including as controls the asset purchasing 
program factor (APP), Oil, Spread, and seasonal dummies are 
reported.

The table displays the estimated coefficients in the linear 
(LM) and beta regression model (Beta), respectively. The cor-
responding Newey-West standard errors are reported in SE, 
while the columns NW and B report whether the coefficient of 
interest is statistically different from 0 at 1% (***), 5% (**), and 

(10)�i =
ex

T
i
�

1 + ex
T
i
�
.

TABLE 6    |    Correlation between the determinants.

APP Spread Oil Dis. S Glob. Frag. Dif. 2% Inf. Sur.

EPU 0.120 0.240 −0.170 0.510 −0.180 −0.240 −0.050 0.6 −0.45

APP 0.230 −0.430 0.010 0.010 0.040 0.16 −0.31 0.07

Spread −0.260 0.200 0.140 −0.330 0.180 0.01 0.11

Oil 0.150 0.640 −0.560 −0.230 0.47 −0.28

Dis. 0.150 −0.330 −0.100 0.69 −0.53

S −0.560 −0.130 0.25 0

Glob. −0.09 −0.47 0.19

Frag. −0.31 0.27

Dif. 2% −0.78

TABLE 7    |    Correlation between the ECB weights estimated using 
different specifications of the covariance matrix of prediction errors.

POET LW

Sample 0.867 0.935

POET ⋅ 0.938
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10% (*) levels according to the Newey-West corrected stan-
dard errors and the Mammen wild bootstrapped quantiles, 
respectively.

Starting from Panel (a), we find that the measures of uncertainty 
(Dis. and EPU), how actual inflation differs from the 2% target 
(Dif. 2%), and inflation surprise (Infl. Sur.) are negatively asso-
ciated to the weight of the ECB. The relationship between the 
monetary policy rate (S) and the informativeness of the ECB is 
intriguing. It shows that when the policy rate increases, so does 
the weight, indicating that a more stringent monetary policy on 
average correlates with a higher informational value in the ECB 
inflation forecast. Regarding financial conditions in the EA, we 
find that the fragmentation factor (Frag.)—which measures the 
depth of the difference between fragile and financially sounder 

economies—is on average negatively associated with the ECB 
weight.

In Panel (a), looking at the adjusted R2, we notice that the regres-
sion models explain approximately 80% of the weight variability 
and, for all except Glob., the slope coefficients are statistically 
significant at least at the 10% level. In Panel (b), we add the con-
trols Dis., Oil, Spread, the APP factor, and the seasonal dum-
mies. However, it is important to note that these controls do 
not enhance the explanatory power of the regressions, as the 
adjusted R2 value decreases in both LM and Beta models, and 
the slope coefficients associated with the control variables are 
mostly insignificant. Therefore, when we discuss the results, 
we will concentrate on the restricted model that excludes the 
controls.

TABLE 8    |    Determinants of the weights constructed using the average (Spec. 1, 2, and 3) weights.

(a) LM SE NW B Beta SE NW B

b0 0.703 0.057 *** *** 1.055 0.328 *** ***

Dif. 2% −0.051 0.009 *** *** −0.233 0.044 *** ***

EPU −0.001 0.000 *** *** −0.004 0.001 *** ***

S 0.055 0.006 *** *** 0.279 0.035 *** ***

Inf. Sur. −0.033 0.006 *** *** −0.176 0.033 *** ***

Glob. −0.009 0.005 * ** −0.022 0.021

Frag. −0.031 0.012 ** *** −0.149 0.053 *** ***

R2 0.855 0.7958

(b) LM SE NW B Beta SE NW B

b0 0.498 0.317 * 1.103 0.581 * *

Dif. 2% −0.051 0.016 *** *** −0.229 0.093 ** ***

Dis. −0.006 0.029 −0.116 0.210

EPU −0.001 0.000 *** *** −0.004 0.001 *** ***

S 0.054 0.006 *** *** 0.283 0.045 *** ***

APP −0.001 0.011 −0.023 0.067

Inf. Sur. −0.033 0.009 *** *** −0.175 0.053 *** ***

Glob. −0.004 0.008 −0.008 0.033

Frag. −0.032 0.009 *** *** −0.147 0.046 *** ***

Oil 0.038 0.061 0.130 0.612

Spread 0.069 0.067 0.286 0.339

d2 −0.063 0.027 ** ** −0.331 0.150 ** **

d3 −0.039 0.028 −0.223 0.155

d4 −0.056 0.041 * −0.314 0.236 *

R2 0.850 0.7780

Note: The first column displays the determinants; b0 is the intercept. LM and Beta report the estimated coefficients using the linear regression model and the beta 
regression. We report the adjusted R2 for the LM and adjusted pseudo adjusted R2 for the Beta. We display Newey-West standard errors in column SE. Columns NW 
and B report whether the coefficient of interest is statistically significant at 1%, 5%, and 10% levels according to the Newey-West standard errors and the Mammen wild 
bootstrap quantiles, respectively. We count 44 observations.
*Statistically significant at 10% level. 
**Statistically significant at 5% level. 
***Statistically significant at 1% level.
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4.4   |   Discussion: Forecast Informativeness 
and Monetary Policy

In our framework, weights reflect how informative forecasts 
are: an upward (downward) dynamics of the weight relative 
to the competitors signals that the considered forecaster has 
become relatively more (less) informative when producing in-
flation forecasts. Being more informative, that is, featuring a 
greater weight, implies that the public should regard that fore-
caster as more relevant when forecasting the variable of inter-
est. In this perspective, low weights relative to their historical 
trend and the other forecasters may be interpreted as warning 
flags, signaling that the informativeness of the ECB inflation 
forecasts is at risk.

We found that ECB weight declined over time and that it cor-
relates with economic conditions in the EA. In particular, high 
levels of uncertainty, loose monetary policy, and threats to fi-
nancial stability were negatively associated with the weight of 
the ECB.

From the ECB's point of view, this can be a problem. Having 
informative forecasts (or forecasts that are believed to be infor-
mative) is a crucial strategic tool for conducting monetary pol-
icy. First, since realized inflation typically responds to changes 
in monetary policy only with a substantial lag (from one to 
two years or more), having reliable information about the ex-
pected path of the price level offers a substantial timing advan-
tage when designing monetary policy. Second, Svensson (1997) 
showed that inflation-targeting also implies expected inflation-
targeting: the central bank's inflation forecast becomes an 
explicit intermediate target. This should simplify both the im-
plementation and monitoring of monetary policy, helping the 
inflation-targeting central bank and the public to tell whether 
the monetary policy is fulfilling its mandate to maintain price 
stability (Bernanke and Mishkin  1997). However, this could 
equally have serious adverse consequences for the central bank's 
accountability and credibility27 if the central bank's forecasts 
were believed to be inconsistent with the expected dynamics 
of inflation. Therefore, while the decreased weights compared 
to their historical patterns could be seen as cautionary signals, 
the correlations between the ECB weight, macro-financial con-
ditions, and monetary policy in the EA could also imply that the 
tightening of monetary policy in the second part of 2022 (par-
tially captured in the analyzed data) might predict an increase 
in the informativeness of ECB forecasts. The availability of an 
extended dataset in the coming years will be crucial in evaluat-
ing whether the ECB will regain its position as the most infor-
mative inflation forecaster in the EA.

5   |   Conclusion

In this paper, we evaluate the relative informational advantage 
of ECB inflation forecasts compared to those that the ECB in-
cludes as a benchmark when publishing the European Central 
Bank staff macroeconomic projection for the euro area like the 
EC, the IMF, the OECD, in addition to the SPF, and simple 
benchmark time-series models like random walk, ARIMA and 
bi-variate VARs.

With this goal, we estimate ex-post optimal combinations of 
forecasts while restricting the weights to be nonnegative and 
adapting the corresponding encompassing test to this con-
strained parameter space. This outperforms a traditional en-
compassing test that neglects this constraint in terms of size and 
power properties, while also accommodating frameworks where 
the number of competing forecasts exceeds the available realiza-
tions of the target variable.

After examining the combination weights before 2022, we find 
that the ECB displays on average the greatest weight, and no 
individual forecasts of inflation (ECB included) encompass 
the competing forecasts in the EA. However, results markedly 
change when including 2022 in the sample: The ECB loses its 
position as the most informative forecaster. Moreover, when es-
timating the forecast combinations using rolling windows, we 
observe an important decline in the ECB's weight over time. 
We investigate the sources of this time variability and find that 
macro-financial conditions and monetary policy in the EA cor-
relate with this pattern. Greater uncertainty surrounding infla-
tion and the difference between the current and the 2% target 
are associated with less informative ECB forecasts. A tighter 
monetary policy is instead associated with more informative 
ECB inflation forecasts.
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Endnotes

	 1	Optimal in the sense of minimizing the mean square error of the com-
bined forecast.

	 2	Granziera, Jalasjoki, and Paloviita  (2021) and Kontogeorgos and 
Lambrias (2022) show that the ECB tends to overpredict (underpre-
dict) inflation at intermediate forecast horizons when inflation is 
below (above) target, with this bias being more pronounced when in-
flation is above the target.

	 3	It is well known that the inclusion of such forecasts can negatively 
impact the stability of the weights (Bunn 1981).

	 4	For example, Fan, Zhang, and Yu  (2012) employed this correspon-
dence to estimate approximate weights for the minimum variance 
portfolio under gross-exposure constraints when the number of secu-
rities under consideration is (potentially) larger than the sample size.
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	 5	In this paper, we denote matrices with capital bold letters, vectors 
with lowercase bold letters, and scalars with lowercase letters.

	 6	A subset C of ℝd is called a cone if ∀x ∈ C, tx ∈ C for every positive 
t .

	 7	We discuss the empirical distribution of � in our application in 
Appendix C.

	 8	We let ∇�(�) = ∇�(�, �) be the gradient of the negative log 
likelihood, ∇2

�(�) be the sample Hessian matrix and ℱ(�) =
34�[∇2

�(�)] be the population Fisher information matrix, while 
we denote with ∇��(�), ∇��(�), ℱ(�)��, ℱ(�)��, ℱ(�)��, ℱ(�)�� 

the correspondent partitions. We also denote with �̂ = (�̂, �̂) the es-
timated ex-post optimal weights.

	 9	See proposition 3.6.1 of Silvapulle and Sen (2004).

	10	Considering nine forecasts offers the benefit of analyzing potential 
time-varying combining weights using a relatively short (twelve-
quarters) rolling window while keeping two degrees of freedom to 
estimate optimal combining weights.

	11	Financial instruments such as inflation-linked swaps (ILS) and 
inflation-linked bonds (ILB), such as the Italian BTPi indexed 
Treasury bonds, can also be used as a market-based source of infla-
tion forecasts. In the EA, the Harmonised Index of Consumer Prices 
excluding tobacco is the relevant index to which both ILS and ILB 
are anchored. This is a shortcoming of using ILS and ILB-implied 
inflation forecasts, as they forecast a different measure of inflation 
compared to the ECB, the SPF, the EC, the IMF, and the OECD that, 
instead, consider the HICP index. Moreover, ILB and ILS yields em-
body not only the inflation expectation, but also a risk premium re-
lated to inflation uncertainty, counterparty, and (in the case of ILB) 
credit risk, which can vary over time. ILB and ILS inflation-based 
forecasts cannot be directly employed without disentangling all these 
components. For these reasons, this study cannot employ ILS and ILB 
implied inflation forecasts.

	12	We obtain comparable results when considering the December-on-
December change of the realized value of HICP to measure yearly 
inflation as in Patton and Timmermann (2010). As standard in the 
forecast encompassing literature, we assume that the target variable 
is observed without error. However, we remark that in the linear re-
gression model, on which the optimal forecast combination is based, 
it is possible to accommodate for measurement error in the variable to 
be forecasted if this is exogenous to the considered forecasts. In this 
case, the estimator of the weights remains unbiased and consistent, 
but the variance of the residual � is expected to increase.

	13	Available at https://​www.​ecb.​europa.​eu/​pub/​proje​ctions/​html/​all-​
relea​ses.​en.​html

	14	This may explain why OECD and IMF forecasts display worse per-
formance than the other institutional forecasters (see St. Dev. of the 
forecast errors in Table  1). Nevertheless, our results are robust to 
the exclusion of these two forecasters and when considering other 
subsets of institutional and model-based forecasts (see Appendix E, 
Figure A6).

	15	Institutional forecasters are usually published at the end of the ref-
erence month and, therefore, when considering VARs, ARIMA, and 
RW, we construct forecasts at the end of the reference month with 
only data from the prior months. This assumption is fair given the 
monthly time series we are considering. For example, the EA HICP's 
first ‘flash estimate’ is published around the end of the reference 
month. Similarly, industrial production and unemployment are usu-
ally published 45 and 30 days after the end of the reference month, 
respectively.

	16	Time-series models are estimated using a rolling window of 48 
months. We have also considered rolling windows of 24, 60, and 
72 months and expanding windows. We chose the window of 48 
because it is the one that offers the best performance in terms of 
RMSE across specifications. For each of the considered windows, 

we control for the stationarity of the y-o-y HICP growth rate and 
select the appropriate differencing order by performing the aug-
mented Dickey-Fuller test. Similarly, we select the appropriate 
order of the ARIMA and the order of the VAR using the Akaike 
information criterion (AIC).

	17	We consider only one common factor proxied by the first principal 
component.

	18	Following Ledoit and Wolf (2003), the weight between the sample and 
the target matrix is computed by minimizing the Frobenius norm of 
the difference between the shrinkage estimator and the asymptotic 
covariance matrix.

	19	As a robustness check, we have considered windows of 16 and 20 
quarters. Results are comparable, and we report them in Appendix F 
(Figures A7, A8).

	20	Results are comparable when we considered alternative measures 
of dispersion for our measure. Specifically, we also considered inter-
quartile or the 95th–5th range for the Disagreement SPF.

	21	See the ECB website for more details: https://​www.​ecb.​europa.​eu/​
mopo/​intro/​​html/​index.​en.​html.

	22	For data and more information, we refer to https://​www.​ecb.​europa.​
eu/​mopo/​imple​ment/​app/​html/​index.​en.​html.

	23	In the first quarter of the year, the current-year forecast is four quar-
ters ahead, in the remaining quarters of the year, the horizon be-
comes three, two, and one quarter(s) ahead, respectively.

	24	For example via standard logit or Box's transformations.

	25	Following Smithson and Verkuilen  (2006), we consider the trans-
formation w

ECB(n− 1)+ 0.5

n
 where n is the sample size to adapt the beta 

regression framework to dependent variables assuming also the ex-
tremes 0 and 1.

	26	We refer to Appendix H for a detailed description of the bootstrap 
algorithm.

	27	The term “credibility” refers to the degree of confidence that the pub-
lic has in the central bank's determination and ability to meet its an-
nounced objectives.

	28	Remark that W ∗ =ℱ
∗−1
��

ℱ
∗

��
.

	29	We refer to Appendices C and D of Ning and Liu (2017) for the proofs 
that Assumptions 1–5 hold in a general linear regression model, while 
we refer to the appendix of Fan et al. (2012) for the proofs related to 
the nonnegative least squares estimator under sum to one constraint.

	30	The analysis of the empirical size and size-adjusted power in schemes 
(a) and (b) are comparable. The parameters �z = 0.5 and �u = 0.25 
are chosen to obtain an average signal-to-noise ratio ranging from 1.60 
(when � = 0.75) to 1.8 (when � = 0) across the simulation study for a 
sample of 1000 observation. Similarly, we report results for d = 5 , but 
other tables with additional checks are available upon request.
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Appendix A

The Test for Forecast Encompassing

We aim to design a test for multiple forecast encompassing that explic-
itly considers the constraints on the estimated weights and that can deal 
with high dimensional frameworks.

High dimensionality and constrained parameter space create, however, 
two problems. First, in the presence of high dimensional nuisance pa-
rameters, the maximum likelihood estimator is no longer consistent 
and, despite it being possible to identify some maximum penalized like-
lihood estimators that are consistent under some conditions, they may 
not have a tractable limiting distribution even in the fixed dimensional 
case (Fu and Knight  2000). This invalidates the standard inferential 
theory for Wald, Lagrange Multiplier (LM), and Likelihood Ratio (LR) 
(see for an example Ning and Liu 2017). Second, the nonnegativity and 
sum to one are inequality constraints that generate a closed and convex 
coneC.

We follow the decorrelation procedure of Ning and Liu (2017) and Yu, 
Gupta, and Kolar (2019) to handle the impact of high dimensional nui-
sance parameters. This approach offers two main advantages: (a) not 
relying on post-selection Lee et al. (2016), that is, considering the con-
ditional inference given the event that some covariates have been se-
lected, and (b) the possibility of easily extending the testing procedure 
under inequality constraints.

A.1   |   The Testing Procedure

We now introduce the test for forecasts encompassing. To ease 
the presentation, we split the testing procedure into two steps. In 
Algorithm 1, we estimate the ex post optimal combination of forecasts 
and estimate the decorrelated score function, parameter(s) of interest, 
and likelihood function. This extends the profile score encountered 
in low-dimensional problems to high-dimensional frameworks. In 
Algorithm 2, we form the corresponding test statistics, compute tail 
probabilities under the null hypothesis and finally perform inference 
on the combing weight(s).

The key step in Algorithm  1 is to estimate ex post optimal weights 
and the decorrelation operator W . Since both the weights and the 
nuisance score functions can be high dimensional (have dimension 
d and d − 1, respectively), we need to impose some assumptions on 
� and W  to bound the estimation error when d > n. On the one hand, 
� searches for the linear combination of weights that minimizes the 
variance of the aggregate forecasting error under both the nonneg-
ativity and sum-to-one constraints. When d > n, we impose � to be 
sparse. Similarly, when d > n, W  searches for the best sparse linear 
combination of the nuisance score functions to approximate the score 
function.

The key step in Algorithm 2 is to compute the cumulative tail probability 
of the considered test statistics for a given significance level a. To do this, 
we have to compute the chi-bar-squared weights. When the constrained 
space is the nonnegative orthant (or more generally when the constraints 
defining C are linear and independent), Silvapulle and Sen (2004) pro-
pose a simple quadratic programming problem to estimate � (see prop-
osition 3.6.1). When � is univariate (r = 1), the weights are known in 
analytical form and the chi-bar-squared statistics reduce to 

(A1)
Prob

[
𝜒2( �ℱ𝜃|𝛾 ,ℝ

+r)> ca

]
= .5 Prob

[
𝜒2(0)> ca

]

+ .5 Prob
[
𝜒2(1)> ca

]
.

 1099131x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/for.3235 by B

ertrand C
andelon - <

shibboleth>
-m

em
ber@

uclouvain.be , W
iley O

nline L
ibrary on [26/11/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://www.tandfonline.com/doi/abs/10.1080/01621459.1963.10480682
https://www.tandfonline.com/doi/abs/10.1080/01621459.1963.10480682
https://EconPapers.repec.org/RePEc:nbr:nberch:11444
https://EconPapers.repec.org/RePEc:nbr:nberch:11444
https://doi.org/10.2307/1913610
https://www.sciencedirect.com/science/article/pii/S0304393210000899
https://www.sciencedirect.com/science/article/pii/S0304393210000899
https://www.aeaweb.org/articles?id=10.1257/aer.90.3.429
https://www.sciencedirect.com/science/article/pii/S0304393299000276
https://www.sciencedirect.com/science/article/pii/S0304393299000276
https://www.sciencedirect.com/science/article/pii/S0014292196000554
https://www.sciencedirect.com/science/article/pii/S0014292196000554


17 of 31

To ease presentation and simplify notation, we focus on the quasi-
likelihood framework and on the univariate parameter of interest � 
(r = 1) corresponding to the jth forecast. Nevertheless, the decorrelated 
score function can be defined for a multi-dimensional parameter of in-
terest and also when � minimizes a loss function other than the negative 
log-likelihood (see section 3 and supplementary material of  Ning and 
Liu 2017, respectively).

A.1.1   |   Assumptions of the Test When d > n

In this section, we describe the high-level assumptions required to ob-
tain weak convergence of test under the null hypothesis in the high di-
mensional framework. We closely follow Ning and Liu (2017) and Yu, 
Gupta, and Kolar (2019) and refer to their papers for proof of the results 
in the case of linear regression models. These conditions can be clas-
sified into three main categories: (a) consistency conditions for initial 
parameter estimation (Assumptions 1, 2, and 3); (b) concentration of the 
gradient and Hessian matrix (Assumption 4); (c) local smoothness on 
the loss function (Assumption 5). All these assumptions are fairly stan-
dard in the high dimensional statistics literature and are known to hold 
for the Lasso and nonnegative least squares with sum to one constraint 
on the weights (Fan et al. 2012).

Assumption 1.  Score condition. The expected value of the score 
function at the true �∗ is equal to zero, that is, ∇�(�∗) = 0 .

Assumption 2.  Restricted eigenvalue condition for the covar-
iance matrix. Given the positive definite matrix ℱ and ∇�

2(�), let 
� = supp(�∗) ∪ supp(W ∗). There exists a universal constant c, k > 0 

such that the quadratic form vtℱv ≥ k‖v‖2
2
, and vT ∇�

2(�)v, for any v 
in the cone C, that is, ∀v ∈ C(�) =

�
v: ‖v

�
c ≤ cv

�
‖
�

.

Assumption 3.  Consistency conditions for initial parameter esti-
mation. As n→ ∞, for some sequences �1(n) and �2(n) converging to 0, 
the following holds: 

In lemma 3.1 of the paper, D3 and D4 of the supplementary material, 
Ning and Liu (2017) show that this assumption holds when considering 
the Lasso estimator of � and W  in a linear regression model. In this case 
with high probability, we have the following 

where � and W  are defined in Algorithm  1 and s∗ = ‖�∗‖0 and 
s� = ‖W ∗‖0, that is, the number of non zero elements in �∗ and W ∗, 
respectively.28

lim
n→∞

Prob�∗

�
‖��−�∗‖1≲𝜈1(n)

�
=1 , and

lim
n→∞

Prob�∗

�
‖�W −W ∗‖1≲𝜈2(n)

�
=1 .

‖�̂−�∗‖1 =

�
s∗
�

log(d)

n

�
,

‖Ŵ j−W
∗

j ‖1 =

�
s
�

�
log(d)

n

�
with j∈ I ,
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Assumption 4.  Concentration of the gradient and Hessian. Let 
v∗ = (1, −WT∗) and assume that the largest element of the score func-

tion is bounded, that is, ‖ ∇�(�∗)‖∞ = 

��
log(d)

n

�
 and 

Assumption 5.  Local smoothness of the loss function For some 
constant L, the Hessian matrix ∇2

�(�) is Lipschitz continuous: 

Lemma 1.  Central limit theorem (CLT) for the linear combina-
tion of the score function. Let �∗ = limn→∞Var�∗

�√
n∇↕(�∗)

�
. Under 

Assumptions 1–5, Ning and Liu (2017) and Yu, Gupta, and Kolar (2019) 
proved that29

Appendix B

Size and Power Analysis

In this section, we study the performance of the proposed test 
both in terms of empirical size and power. Similarly to Busetti and 
Marcucci (2013), we design a Monte Carlo experiment where we model 
the jth forecast using a single factor model 

and allow for d > n. The factor fi is an i.i.d.  (0,1) and �i,j is an 
idiosyncratic and potentially auto-correlated error term, i.e., 
�i,j = ��i−1,j + zj, zj ∼  (0, �z). The ith realization of the variable of in-
terest is obtained from 

The systematic error term ui permits us to study the behavior of 
the test even in the presence of auto-correlated residuals, i.e., 
ui = �ui−1 + zi, zi ∼  (0, �z). � is the vector weights that lies in the d-1 
dimensional unit simplex. We partition the vector of weights � into two 
sub-vectors, that is, � = (�, �), � is the parameter of interest while � is 
a sparse vector of nuisance parameters with d non-zero components. 
Indeed, we require � to be sparse to ensure the consistency conditions 
on �̂ and Ŵ  when the problem is high-dimensional.

We consider several schemes to assign the weights to the non-zero 
element i  of �: (a) equal weight, that is, �i =

1− �

d
; (b) random, that is, 

�i =
r

k
 , where r ∼�(0,1) and k is a normalization constant such that 

� + � = 1 . To avoid repetition, we report the results for the scheme (a) 
with m = 9 , d = 5, n = {28,56, 112}, � = {0,0. 25,0. 5,0.75} and �z = 0.5 
and �u = 0.25 .30

Given n realizations of the target and m forecasts, Tables A1, A2, and 
A3 report the results of the simulation study for a nominal size of 5% 
and 10,000 repetitions. We confirm the usual results about the size-
adjusted power curve. Power increases when n↑ and when � → 1. We 
also expect that when �↑, the size-adjusted power ↓. Indeed, we have 
specified the dynamics of the �j as an autoregressive process of order 
1—AR(1)—and, keeping �z constant, the long-term variance of �j to 
tend to infinity as � → 1. Empirical and size-adjusted rejection proba-
bilities for the analysis of the empirical size and size-adjusted power 
in a large sample and in a high dimensional framework are reported 
in Tables A4 and A5.

‖vT∗∇2
�(�∗ − ��∗

�
vT∗∇2

�(�∗
�
‖∞ = 

��
log(d)

n

�
.

‖∇2
�(�1) − ∇2

�(�2)‖∞ ≤ L‖�1 − �2‖1 .

√
nvT∗∇�(�∗)

√
�∗

−1
⇝ (0, 1), where �∗ =vT∗�∗v∗ .

(B1)fi = xi + �i,j, for i = 1,2, . . .n

(B2)yi = �T f i + ui .

TABLE A1    |    Empirical rejection rate (Empirical Rejection) and size-adjusted (SA - Power) rejection probabilities for analyzing the empirical size 
and size-adjusted power when considering the nonnegativity constraint (C) or not (UC) the testing procedure.

Distance from the null

n = 28, � = 0 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.059 0.062 0.092 0.194 0.523 0.687

Empirical Rejection - C 0.081 0.086 0.097 0.131 0.244 0.582 0.743

SA - Power - UC 0.050 0.054 0.056 0.078 0.158 0.451 0.615

Empirical Rejection - UC 0.122 0.121 0.132 0.162 0.277 0.608 0.755

n = 56, � = 0 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.049 0.072 0.113 0.317 0.827 0.949

Empirical Rejection - C 0.068 0.067 0.088 0.140 0.358 0.856 0.961

SA - Power - UC 0.050 0.050 0.067 0.109 0.297 0.812 0.943

Empirical Rejection - UC 0.079 0.077 0.098 0.151 0.372 0.859 0.964

n = 112, � = 0 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.058 0.089 0.198 0.593 0.989 1.000

Empirical Rejection - C 0.055 0.062 0.095 0.212 0.610 0.990 1.000

SA - Power - UC 0.050 0.056 0.088 0.193 0.586 0.988 1.000

Empirical Rejection - UC 0.061 0.066 0.099 0.218 0.616 0.990 1.000

Note: We estimate the empirical size by generating the optimal forecast under the null hypothesis, that is, by enforcing the weight to be tested to be zero in the 
population. We conduct the power analysis by generating the optimal forecast under the alternative for a departure from the null of � = 0, that is, by imposing the 
population weight of the forecast to be tested equal to 0.01, 0.025, 0.05, 0.10, 0.20, and 0.25.
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TABLE A2    |    Empirical and size-adjusted rejection probabilities for the analysis of the empirical size and size-adjusted power.

Distance from the null

n = 28, � = 0.25 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.052 0.068 0.091 0.176 0.500 0.660

Empirical Rejection - C 0.081 0.085 0.102 0.125 0.232 0.574 0.726

SA - Power - UC 0.050 0.052 0.066 0.080 0.146 0.444 0.603

Empirical Rejection - UC 0.117 0.119 0.138 0.157 0.262 0.597 0.745

SA - Power - C - NW 0.050 0.054 0.074 0.098 0.167 0.459 0.608

Empirical Rejection - C - NW 0.075 0.079 0.101 0.127 0.216 0.529 0.679

SA - Power - UC - NW 0.050 0.051 0.067 0.065 0.116 0.331 0.472

Empirical Rejection - UC - NW 0.140 0.149 0.161 0.174 0.259 0.565 0.706

n = 56, � = 0.25 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.054 0.064 0.121 0.306 0.810 0.939

Empirical Rejection - C 0.066 0.072 0.084 0.142 0.349 0.836 0.955

SA - Power - UC 0.050 0.054 0.063 0.113 0.293 0.793 0.932

Empirical Rejection - UC 0.080 0.083 0.095 0.154 0.362 0.843 0.957

SA - Power - C - NW 0.050 0.058 0.073 0.126 0.322 0.780 0.925

Empirical Rejection - C - NW 0.064 0.072 0.090 0.147 0.356 0.807 0.937

SA - Power - UC - NW 0.050 0.051 0.056 0.097 0.249 0.697 0.876

Empirical Rejection - UC - NW 0.100 0.096 0.110 0.163 0.369 0.818 0.940

n = 112, � = 0.25 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.060 0.079 0.185 0.565 0.984 0.999

Empirical Rejection - C 0.057 0.064 0.086 0.195 0.581 0.986 0.999

SA - Power - UC 0.050 0.058 0.073 0.179 0.549 0.983 0.998

Empirical Rejection - UC 0.062 0.068 0.091 0.200 0.586 0.986 0.999

SA - Power - C - NW 0.050 0.061 0.089 0.190 0.545 0.979 0.998

Empirical Rejection - C - NW 0.060 0.069 0.102 0.206 0.571 0.983 0.998

SA - Power - UC - NW 0.050 0.060 0.079 0.166 0.507 0.973 0.997

Empirical Rejection - UC - NW 0.075 0.081 0.108 0.215 0.579 0.983 0.998

Note: We estimate the empirical size by generating the optimal forecast under the null hypothesis, that is, by enforcing the weight to be tested to be zero in the 
population. We conduct the power analysis by generating the optimal forecast under the alternative for a departure from the null of � = 0, that is, by imposing the 
population weight of the forecast to be tested equal to 0.01, 0.025, 0.05, 0.10, 0.20, and 0.25. To handle the autocorrelation of the forecast errors, we also compute the 
score statistics using Newey and West (1987) HAC covariance matrix.
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TABLE A3    |    Empirical and size-adjusted rejection probabilities for the analysis of the empirical size and size-adjusted power in a large sample 
and in a high dimensional framework.

Distance from the null

n = 28, � = 0.5 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.055 0.058 0.081 0.156 0.430 0.573

Empirical Rejection - C 0.081 0.081 0.090 0.115 0.203 0.509 0.643

SA - Power - UC 0.050 0.054 0.053 0.073 0.137 0.375 0.518

Empirical Rejection - UC 0.115 0.116 0.117 0.143 0.235 0.532 0.666

SA - Power - C - NW 0.050 0.055 0.063 0.082 0.156 0.392 0.529

Empirical Rejection - C - NW 0.074 0.076 0.089 0.109 0.199 0.465 0.602

SA - Power - UC - NW 0.050 0.053 0.050 0.066 0.111 0.289 0.407

Empirical Rejection - UC - NW 0.134 0.131 0.136 0.163 0.241 0.509 0.639

n = 56, � = 0.5 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.048 0.058 0.094 0.254 0.719 0.869

Empirical Rejection - C 0.070 0.069 0.079 0.120 0.297 0.757 0.896

SA - Power - UC 0.050 0.046 0.054 0.088 0.239 0.693 0.854

Empirical Rejection - UC 0.082 0.077 0.089 0.134 0.308 0.766 0.899

SA - Power - C - NW 0.050 0.059 0.066 0.101 0.260 0.697 0.847

Empirical Rejection - C - NW 0.068 0.073 0.085 0.123 0.300 0.739 0.872

SA - Power - UC - NW 0.050 0.052 0.050 0.074 0.194 0.607 0.780

Empirical Rejection - UC - NW 0.100 0.098 0.105 0.148 0.316 0.750 0.879

n = 112, � = 0.5 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.051 0.076 0.152 0.462 0.953 0.994

Empirical Rejection - C 0.059 0.061 0.088 0.170 0.491 0.960 0.995

SA - Power - UC 0.050 0.049 0.073 0.148 0.449 0.950 0.994

Empirical Rejection - UC 0.064 0.065 0.093 0.177 0.496 0.961 0.995

SA - Power - C - NW 0.050 0.054 0.084 0.168 0.468 0.948 0.993

Empirical Rejection - C - NW 0.059 0.063 0.093 0.185 0.494 0.955 0.993

SA - Power - UC - NW 0.050 0.052 0.074 0.147 0.430 0.935 0.989

Empirical Rejection - UC - NW 0.076 0.077 0.103 0.193 0.501 0.956 0.993

Note: We estimate the empirical size by generating the optimal forecast under the null hypothesis, that is, by enforcing the weight to be tested to be zero in the 
population. We conduct the power analysis by generating the optimal forecast under the alternative for a departure from the null of � = 0, that is, by imposing the 
population weight of the forecast to be tested equal to 0.01, 0.025, 0.05, 0.10, 0.20, and 0.25. To handle the autocorrelation of the forecast errors, we also compute the 
score statistics using Newey and West (1987) HAC covariance matrix.
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TABLE A4    |    Empirical and size-adjusted rejection probabilities for the analysis of the empirical size and size-adjusted power in a large sample 
and in a high dimensional framework.

Distance from the null

n = 28, � = 0.75 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.052 0.059 0.070 0.122 0.299 0.431

Empirical Rejection - C 0.075 0.077 0.091 0.105 0.163 0.363 0.494

SA - Power - UC 0.050 0.055 0.061 0.067 0.103 0.268 0.383

Empirical Rejection - UC 0.111 0.110 0.120 0.132 0.191 0.391 0.516

SA - Power - C - NW 0.050 0.059 0.071 0.087 0.142 0.320 0.423

Empirical Rejection - C - NW 0.060 0.064 0.078 0.094 0.151 0.337 0.438

SA - Power - UC - NW 0.050 0.054 0.051 0.056 0.084 0.213 0.303

Empirical Rejection - UC - NW 0.117 0.123 0.126 0.137 0.189 0.376 0.485

n = 56, � = 0.75 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.052 0.059 0.089 0.181 0.526 0.707

Empirical Rejection - C 0.061 0.064 0.070 0.104 0.203 0.562 0.732

SA - Power - UC 0.050 0.051 0.057 0.088 0.173 0.509 0.691

Empirical Rejection - UC 0.071 0.075 0.081 0.118 0.216 0.576 0.740

SA - Power - C - NW 0.050 0.058 0.073 0.104 0.199 0.541 0.701

Empirical Rejection - C - NW 0.056 0.063 0.081 0.112 0.212 0.557 0.712

SA - Power - UC - NW 0.050 0.052 0.063 0.083 0.162 0.469 0.631

Empirical Rejection - UC - NW 0.084 0.090 0.100 0.131 0.232 0.570 0.723

n = 112, � = 0.75 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.051 0.068 0.109 0.312 0.814 0.926

Empirical Rejection - C 0.060 0.061 0.078 0.124 0.342 0.836 0.937

SA - Power - UC 0.050 0.050 0.067 0.107 0.306 0.805 0.922

Empirical Rejection - UC 0.065 0.065 0.083 0.128 0.346 0.839 0.938

SA - Power - C - NW 0.050 0.056 0.074 0.125 0.335 0.805 0.920

Empirical Rejection - C - NW 0.058 0.064 0.084 0.138 0.359 0.823 0.926

SA - Power - UC - NW 0.050 0.051 0.069 0.111 0.302 0.777 0.904

Empirical Rejection - UC - NW 0.075 0.074 0.093 0.148 0.368 0.827 0.928

Note: We estimate the empirical size by generating the optimal forecast under the null hypothesis, that is, by enforcing the weight to be tested to be zero in the 
population. We conduct the power analysis by generating the optimal forecast under the alternative for a departure from the null of � = 0, that is, by imposing the 
population weight of the forecast to be tested equal to 0.01, 0.025, 0.05, 0.10, 0.20, and 0.25. To handle the autocorrelation of the forecast errors, we also compute the 
score statistics using Newey and West (1987) HAC covariance matrix.
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Appendix C

On the Empirical Distribution of �

We analyze the distribution of the residual forecast error, denoted by � , 
which is implied by the ex-post optimal combinations of forecasts. In 
Section 3.2, we use the Gaussian quasi-likelihood to derive the distribu-
tion of the test under the null hypothesis. Here, we present the descrip-
tive statistics of � in Table A6 and compare our empirical distribution to 
the Normal density using the Kolmogorov-Smirnov test. The p-value of 
0.319 suggests that we cannot reject the null hypothesis of no difference 
between the two distributions at the usual 90%, 95%, and 99% confi-
dence levels.

We present the empirical distribution of � based on our sample of 56 re-
alizations spanning from 2009 to 2022 in Figure A1. This distribution is 
compared with the Normal density. The central tendency of the distri-
bution is around 0, showing no apparent skewness. However, there is 
some indication of leptokurtic tails. To delve deeper into this observa-
tion, we introduce a quantile-on-quantile (QQ) plot in Figures A2 and 
A3. This plot compares the empirical quantiles of � with the theoretical 

quantiles of the Normal density. In the context of a sample comprising 
N observations, we construct pointwise confidence bands for the sam-
ple p-quantile qp. These bands are derived from the Normal distribution 
centered around qp with a variance of p(1− p)

N
[
�(Φ−1(p))

]2, where � and Φ de-

note the probability density function (pdf) and cumulative distribution 
function (cdf) of a standard Normal variable, respectively (Hyndman 
and Fan 1996).

Figure  A2 reveals some indications of data tails. To address this, we 
examine a QQ plot for the sample excluding the years 2020, 2021, and 
2022 in Figure A3. The presence of fat tails diminishes substantially, 
suggesting that leptokurtosis was primarily driven by observations in 
2020 and 2021, particularly in Q1 (observations 45 and 49). These ob-
servations coincide with the inflation forecasts made at the onset of the 
COVID-19 pandemic and the Russian invasion of Ukraine. In this con-
text, the theoretical and empirical quantiles align more closely, dimin-
ishing concerns regarding leptokurtic tails. Additionally, we emphasize 
that any residual evidence of leptokurtosis may be attributed to the 
small sample size.

TABLE A5    |    Empirical and size-adjusted rejection probabilities for the analysis of the empirical size and size-adjusted power in a large sample 
and in a high dimensional framework.

Distance from the null

0 - size 0.01 0.025 0.05 0.10 0.20 0.25

n = 1000, d = 20, � = 0 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.100 0.370 0.898 1.000 1.000 1.000

Empirical Rejection - C 0.051 0.103 0.374 0.900 1.000 1.000 1.000

SA - Power - UC 0.050 0.097 0.362 0.894 1.000 1.000 1.000

Empirical Rejection - UC 0.055 0.104 0.380 0.902 1.000 1.000 1.000

n = 40, d = 80, � = 0 0 0.01 0.025 0.05 0.1 0.2 0.25

SA - Power - C 0.050 0.047 0.051 0.071 0.127 0.341 0.461

Empirical Rejection - C 0.054 0.051 0.058 0.076 0.138 0.360 0.479

SA - Power - UC 0.050 0.046 0.051 0.057 0.096 0.242 0.349

Empirical Rejection - UC 0.035 0.033 0.037 0.041 0.071 0.198 0.290

Note: We study the convergence of the empirical to the theoretical 5% size for a sample size of 1000 observations and the behavior of the proposed test in the high 
dimensional framework with 40 observations and 80 candidate forecasts. In this latter case, we estimate the unconstrained weights using Lasso. The increase of the 
sample size was necessary to estimate the penalty intensity via 5-fold cross-validation. We estimate the empirical size by generating the optimal forecast under the 
null hypothesis, that is, by enforcing the weight to be tested to be zero in population. We conduct the power analysis by generating the optimal forecast under the 
alternative for a departure from the null of � = 0, that is, by imposing the population weight of the forecast to be tested equal to 0.01, 0.025, 0.05, 0.10, 0.20, and 0.25.

TABLE A6    |    Descriptive statistics of the prediction errors of the average optimal combinations of forecasts.

Mean Sd Min Max Range Skew Kurtosis

−0.12 0.40 −1.39 1.18 2.57 −0.1 2.5

Percentiles

2.50% 5% 10% 25% 50% 75% 90% 95% 97.50%

−0.950 −0.713 −0.558 −0.256 −0.064 0.050 0.182 0.496 0.658

Kolmogorov-Smirnov test p-value: 0.319
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FIGURE A1    |    Distribution the realized � associated with the average (Spec.1, 2, and 3) optimal combining weights.

FIGURE A2    |    Quantile-on-quantile plot of the realized � associated with the average optimal combining weights with the theoretical quantiles 
from the normal distribution with 99% confidence bands.
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Appendix D

Monthly Estimates of the Combining Weights

FIGURE A3    |    Quantile-on-quantile plot of the realized � as in Figure A2 but when excluding the Covid period (2020–2021).

FIGURE A4    |    Monthly and quarterly (after averaging) estimates of the ECB optimal weights. The series display the weights obtained by averaging 
the POET, Sample, and LW estimates.
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FIGURE A5    |    Monthly and quarterly (after averaging) estimates of the ARIMA optimal weights. The series display the weights obtained by 
averaging the POET, Sample, and LW estimates.
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Appendix E

ECB Weight on Subset of the Pool of Forecasters

FIGURE A6    |    Dynamics of the average ECB weight across specifications for different subsets of forecasters.
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Appendix F

Sensitivity of the ECB Weight to 16 and 20 Quarters Rolling Window

FIGURE A7    |    ECB optimal combining weights estimated with 16 quarters rolling window.

FIGURE A8    |    ECB optimal combining weights estimated with 20 quarters rolling window.
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Appendix G

Beta Regression Framework

The density function of a beta distribution is given by 

with p, q > 0 and Γ( ⋅ ) being the gamma function. However, the beta 
distribution can be conveniently re-parameterized in terms of 0 < 𝜇 < 1 
and 𝜙 > 0 that are related to the mean and variance of the dependent 
variable y, 

In this framework, the log-likelihood function becomes 

where 

Using this notation, the standard beta regression model assumes (a) in-
dependent realizations of yi ∼ 

(
�i,�i

)
, (b) a linear regression model 

for the transform of the mean parameter, and (c) a constant precision 
parameter �. Fixing the precision parameter makes the beta regres-
sion framework more parsimonious at the cost of lower flexibility than 
the variable dispersion beta regression models featured in Gambetti, 
Gauthier, and Vrins (2019). However, this is a price we have to pay con-
sidering that we count only 38 observations in our sample. Nevertheless, 
we can easily notice that this model can still naturally accommodate 
heteroscedasticity because Var

[
y
]
 is also a function of �i. Formally, 

with g1( ⋅ ): (0,1)→ ℝ and g2( ⋅ ): (0,∞)→ ℝ, with xi being the vector of 
regressors, � conformable vectors of regression coefficients, and g1( ⋅ ) 
and g2( ⋅ ) being strictly increasing and twice-differentiable link func-
tions. We consider a logit link function for g1 and a constant g2. This 
results in 

Appendix H

Bootstrap Procedure

In our framework, we consider the bootstrapping procedure to take into 
account also unknown forms of heteroskedasticity that could emerge 
in the dynamics of the estimated weights, we proposed the wild boot-
strapped procedure as in Mammen (1993). Specifically,

1.	Estimate the standard linear regression or beta regression pa-
rameters via maximum likelihood as described in Section  4.2 
(after retrieving the ex post optimal combination weights as out-
lined in Section 3.2), and the corresponding residuals uit for each 
i = 1, … ,n.

2.	Draw with replacement the sequence of errors {ũi =ki�ui}ni=1 with 

  	 as in Mammen (1993) with {ûi}ni=1 being the estimated errors in the 
beta regression.

3.	Generate the bootstrapped dependent variable using {ỹi= ŷi+ki}ni=1 , 
with {ŷi}ni=1 being the fitted values of the dependent variable in the 
beta regression. We map negative values or weights greater than 
one of the bootstrapped samples {ỹi}ni=1 to zero and one, respec-
tively. Following Smithson and Verkuilen (2006), we consider the 
transformation y(n− 1)+ 0.5

n
 where y is the dependent variable and n 

is the sample size to adapt the beta regression framework to de-
pendent variables assuming also the extremes 0 and 1.

4.	Estimate the beta regression on the bootstrapped data sample.

5.	Repeat 2–4 a large number of times (in this work, we repeat the 
procedure 10,000 times) and then extract the quantiles needed.

(G1)f (y, p, q)=
Γ(p+q)

Γ(p)Γ(q)
yp−1 (1−y)q−1, with 0< y<1 ,

(G2)E
[
yi
]
= �i and Var

[
yi
]
=

�i(1 − �i)

1 + �
.

(G3)�(�,�) =

n∑

i=1

�i(�i,�) ,

�i(�i,�) = log[Γ(�)]− log
[
Γ
(
�i�

)]
− log

{
Γ
[
(1−�i)�

]}

+
(
�i�−1

)
log

(
yi
)
+
[(
1−�i

)
�−1

]
log

(
1)yi

)
.

(G4)g1
(
�i
)
= xTi � and g2

(
�i
)
= � ,

(G5)�i =
ex

T
i
�

1 + ex
T
i
�
and �i = � .

ki=

⎧
⎪
⎪
⎨
⎪
⎪
⎩

1+
√
5

2
, with probability p=

√
5−1

2
√
5

1−
√
5

2
, with probability 1−p.
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Appendix I

Additional Results on the Determinants of the Weights

TABLE A7    |    Determinants of the weights constructed using the Spec. 1 weights.

(a) LM SE NW B Beta SE NW B

b0 0.874 0.084 *** *** 2.069 0.587 *** ***

Dif. 2% −0.055 0.014 *** *** −0.231 0.083 *** ***

EPU −0.001 0.000 *** *** −0.008 0.002 *** ***

S 0.064 0.007 *** *** 0.357 0.063 *** ***

Inf. Sur. −0.035 0.010 *** *** −0.152 0.087 * ***

Glob. −0.003 0.007 0.028 0.047

Frag. −0.031 0.016 * * −0.171 0.085 ** *

R2 0.833 0.6237

(b) LM SE NW B Beta SE NW B

b0 0.805 0.290 *** *** 4.307 3.440

Dif. 2% −0.062 0.025 ** *** −0.298 0.179 * *

Dis. 0.018 0.044 −0.217 0.407

EPU −0.001 0.000 *** *** −0.007 0.003 ** ***

S 0.065 0.010 *** *** 0.406 0.100 *** ***

APP −0.010 0.020 −0.166 0.155

Inf. Sur. −0.039 0.015 ** *** −0.211 0.126 * *

Glob. 0.000 0.009 0.016 0.047

Frag. −0.036 0.014 ** * −0.175 0.083 ** **

Oil 0.005 0.055 −1.589 1.957

Spread 0.089 0.066 0.339 0.436

d2 −0.086 0.047 * −0.445 0.321

d3 −0.043 0.040 −0.224 0.304

d4 −0.046 0.054 −0.309 0.395

R2 0.857 0.5523

Note: The first column displays the determinants; b0 is the intercept. LM and Beta report the estimated coefficients using the linear regression model and the beta 
regression. We report the adjusted R2 for the LM and adjusted pseudo R2 for the Beta. We display Newey-West standard errors in column SE. Columns NW and B report 
whether the coefficient of interest is statistically significant at 1%, 5%, and 10% levels according to the Newey-West standard errors and the Mammen wild bootstrap 
quantiles, respectively. We count 44 observations.
*Statistically significant at 10% level. 
**Statistically significant at 5% level. 
***Statistically significant at 1% level.
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TABLE A8    |    Determinants of the weights constructed using the Spec. 2 weights.

(a) LM SE NW B Beta SE NW B

b0 0.568 0.034 *** *** 0.343 0.168 ** ***

Dif. 2% −0.041 0.008 *** *** −0.186 0.034 *** ***

EPU 0.00014 0.00016 *** *** −0.002 0.001 ** ***

S 0.047 0.005 *** *** 0.228 0.022 *** ***

Inf. Sur. −0.022 0.006 *** *** −0.109 0.027 *** ***

Glob. −0.009 0.004 ** *** −0.032 0.018 * ***

Frag. −0.021 0.011 * *** −0.094 0.046 ** ***

R2 0.855 0.8634

(b) LM SE NW B Beta SE NW B

b0 0.108 0.329 0.607 0.312 *

Dif. 2% −0.044 0.011 *** *** −0.204 0.057 *** ***

Dis. −0.004 0.021 −0.015 0.123

EPU −0.00037 0.000129 −0.001 0.001

S 0.045 0.003 *** *** 0.219 0.016 *** ***

APP 0.002 0.006 0.003 0.032

Inf. Sur. −0.020 0.005 *** *** −0.105 0.027 *** ***

Glob. −0.002 0.008 −0.011 0.030

Frag. −0.021 0.009 ** *** −0.096 0.040 ** ***

Oil 0.087 0.061 0.614 0.498

Spread 0.060 0.069 0.280 0.313

d2 −0.039 0.019 * * −0.187 0.087 ** *

d3 −0.023 0.027 −0.115 0.120

d4 −0.045 0.036 −0.208 0.167

R2 0.853 0.8688

Note: The first column displays the determinants; b0 is the intercept. LM and Beta report the estimated coefficients using the linear regression model and the beta 
regression. We report the adjusted R2 for the LM and adjusted pseudo R2 for the Beta. We display Newey-West standard errors in column SE. Columns NW and B report 
whether the coefficient of interest is statistically significant at 1%, 5%, and 10% levels according to the Newey-West standard errors and the Mammen wild bootstrap 
quantiles, respectively. We count 44 observations.
*Statistically significant at 10% level. 
**Statistically significant at 5% level. 
***Statistically significant at 1% level.
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TABLE A9    |    Determinants of the weights constructed using the Spec. 3 weights.

(a) LM SE NW B Beta SE NW B

b0 0.669 0.062 *** *** 0.881 0.384 ** ***

Dif. 2% −0.056 0.012 *** *** −0.276 0.053 *** ***

EPU −0.001 0.000 ** *** −0.003 0.002 ** ***

S 0.052 0.007 *** *** 0.304 0.051 *** ***

Inf. Sur. −0.043 0.010 *** *** −0.243 0.036 *** ***

Glob. −0.014 0.007 ** *** −0.036 0.023 ***

Frag. −0.039 0.013 *** *** −0.210 0.062 *** ***

R2 0.816 0.6238

(b) LM SE NW B Beta SE NW B

b0 0.579 0.431 3.106 3.935

Dif. 2% −0.046 0.016 *** *** −0.190 0.107 * ***

Dis. −0.033 0.030 −0.219 0.214

EPU −0.001 0.000 ** ** −0.004 0.002 ** ***

S 0.052 0.006 *** *** 0.312 0.062 *** ***

APP 0.005 0.011 0.026 0.084

Inf. Sur. −0.039 0.009 *** *** −0.213 0.056 *** ***

Glob. −0.009 0.010 −0.037 0.050

Frag. −0.039 0.008 *** *** −0.201 0.066 *** ***

Oil 0.023 0.084 −1.133 2.262

Spread 0.059 0.081 0.034 0.495

d2 −0.064 0.029 ** * −0.383 0.186 **

d3 −0.051 0.031 * −0.291 0.175 *

d4 −0.076 0.045 ** −0.452 0.286

R2 0.804 0.5919

Note: The first column displays the determinants; b0 is the intercept. LM and Beta report the estimated coefficients using the linear regression model and the beta 
regression. We report the adjusted R2 for the LM and adjusted pseudo R2 for the Beta. We display Newey-West standard errors in column SE. Columns NW and B report 
whether the coefficient of interest is statistically significant at 1%, 5%, and 10% levels according to the Newey-West standard errors and the Mammen wild bootstrap 
quantiles, respectively. We count 44 observations.
*Statistically significant at 10% level. 
**Statistically significant at 5% level. 
***Statistically significant at 1% level.
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