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Abstract

We use optimal combination of forecasts to introduce a novel forecast encompass-

ing test to evaluate time-series and institutional inflation projections in the euro area.

Combination weights reveal which forecasts are the most informative. Although, ECB

is the most informative forecaster on average, it does not encompass its competitors

and its weight varies over time. Macro-financial conditions and monetary policy ac-

tions explain this variability. The greater the uncertainty surrounding inflation and

the difference between current and the 2% inflation target, the less informative ECB’s

forecasts are. The more contractionary the monetary policy, the more informative they

are. ECB’s declining weight and the relation with its determinants raise a warning

flag: the potential loss of informativeness damages ECB’s leading role at anchoring

inflation expectations and questions whether the goal of preserving financial stability

is compatible with the inflation targeting objective.
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Introduction

Forecasting inflation is essential for policymakers (central banks or treasury offices) to

fix their policies but it also presents a broader interest for investors, 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. Therefore, it is not

surprising that a multitude of inflation forecasts are available.

We can find multiple time series-based forecasts (Stock and Watson, 1999). These

models constitute the reduced forms of well-known relationships (Phillip’s curve, slope

of the yield curve,...) and provide the best prediction at time t given the information

available. Institutional forecasts are also widely available. These forecasts rely both on

quantitative forecast and on the qualitative feeling of markets and experts. The Survey of

Professional Forecasters (SPF) and other international institutions such as the European

Central Bank (ECB), the International Monetary fund (IMF), the European Commission

(EC) and the Organization for the Economic Cooperation and Development (OECD) are

proposing regular projection exercises to forecast inflation future dynamics.

Stock and Watson (1999) highlighted how researchers and policymakers have focused on

inflation forecasts for decades, however their conclusion that SPF’s inflation forecasts for

the U.S. were dominated by simple reduced form of the structural Phillips curve forecast

has been widely criticized. Studies have shown that this result was not robust to the sample

data and the evaluations techniques were inadequate to potential out-of-sample prediction.

For example, Ang et al. (2007) proposed a combination forecast exercise including both SPF

and the time series indicators. The authors showed that Survey of Professional Forecasters

is more informative on US inflation, i.e., SPF either encompasses or displays significantly

greater weight than the competing time-series forecasts when included in a combination.

However, other institutional forecasts are omitted from this study and, their relevance for

forecasting inflation in the euro area (EA) remains to be explored. Moreover, analysts are

not only interested in whether one forecaster is better than another on average, but also

on when this occurs (Giacomini and White, 2006; Li et al., 2021). This consideration is
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important when competing forecasts display similar average performance, but behave very

differently conditional on certain economic states.

In a combination of forecasts, weights indicate how informative forecasts are (Diebold,

1989) and Diebold and Shin (2019) bring evidence that optimal weights for EA inflation

projections produced by individual forecasters within the survey of professional forecasters

vary over time. This indicates that also the informational value embedded in such forecasts

is equally non-constant over time. It still remains unknown whether this results holds for

a broader set of forecasters, including institutions as central banks or the IMF.

We propose to shade new light on how informative inflation forecasts in the euro area

are by constructing a novel optimal combination of forecasts between these existing indi-

cators. We constrain the weights to lay in the unit simplex in the spirit of Conflitti et al.

(2015) and design a forecast encompassing test to assess whether the weights are statis-

tically significant. This paper extends this literature in three ways. First, together with

the time series indicator and the surveys, it includes the inflation forecasts published by

international institutions. We provide additional insights on the relative importance of

well-known international organizations vis-à-vis of the traditional time series and surveys

for inflation forecasting. Second, this paper adapt statistical test under constrained param-

eter space to tests for forecast encompassing. By explicitly considering that weights are

constrained in the unit simplex, the proposed test proposes adequate size properties and

it is more powerful than a competitive test that ignores such constraints. Furthermore,

the testing procedure can be extended to frameworks in which the number of competing

forecasts outclasses the number of available realizations of the target variable. Third, while

understanding the determinants the weights’ dynamics is interesting for macroeconomic

analysis per se, studying in what economic states ECB’s inflation forecasts bring more in-

formation also helps policy analysts interested in evaluating ECB’s intents at monitoring

inflation. In fact, the role of the ECB is very peculiar: it provides regular inflation forecasts

but also conducts the monetary policy to maintain price stability. Therefore, ECB’s infla-

tion forecasts should naturally be the most informative. Despite the fact that the primary

mandate of the ECB is monitoring inflation dynamics of the Euro, it also aims at preserving
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financial stability. A declining information content of ECB’s inflation expectation might

signal that the objective of financial stability can challenge the inflation targeting mandate.

We therefore investigate whether macro-financial conditions and monetary policy actions

affect ECB’s forecasts informativeness.

We find that ECB is the most informative forecaster on average. Clearly, as monetary

policy led by ECB relies on their internal projection, ECB’s forecasts must have an intrin-

sic value. However, no individual forecasts of inflation (ECB included) encompasses the

competing forecasts in the euro area. We also bring evidence that optimal weights greatly

vary over time. This indicates that the informational value embedded in the forecast of in-

terest is equally non-constant over time. This creates an ideal laboratory to study whether

uncertainty, monetary policy or macro-financial conditions in the euro area explain its vari-

ability. Finally, ECB’s declining weight and its relation with its determinants are warning

flags, damaging ECB’s leading role at anchoring inflation expectations and signaling pos-

sible incompatibility between preserving financial stability and the inflation targeting goal

in a high inflation environment.

The remainder of the paper is organized as follows. We introduce the optimal combi-

nation of forecasts and forecast encompassing test in Section 1. We move to the analysis

of inflation forecasts in the euro area in Section 2 and study the dynamics of weights in

Section 3. We conclude in Section 4.

1 Optimal combination and forecast encompassing

Forecast combination and the forecast encompassing literature are closely interconnected

and Diebold (1989) made the first attempt to formally reconcile these two streams of liter-

ature. Forecast encompassing tests aim to detect whether a forecast combination incorpo-

rates more information than the individual forecasts (Clements and Hendry, 1998).

In this perspective, forecast combination is not an end on itself, but it is rather moti-

vated by overcoming the difficulties related to the combination of information sets when

time and resource constraints are large. Assuming unbiased forecasts and under quadratic
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loss function, an analyst may seek to minimize the variance of forecast errors. 1 Simi-

larly to finance’s portfolio theory, the weights reflect forecasts’ marginal contribution to

the reduction of portfolio’s forecast error variance (Roccazzella et al., 2022). Therefore,

when looking at forecast encompassing and forecasts combination from a joint perspective,

weights can be naturally interpreted as the marginal contribution of each forecaster in term

of independent information.

In the following sections, we introduce the ex post optimal combination of forecasts and

the testing procedure to evaluate their significance in a constrained parameter space.

1.1 Estimating the optimal weights

Let y be the column vector containing n observations of the target variable. Let f i be an

unbiased forecast of y and define F the n× d matrix containing the d available forecasts of

y. Similarly, we can define V as the n×d matrix of forecast errors and S to be an estimator

of the covariance matrix of prediction errors. We denote the population covariance matrix

of prediction errors with Σ. We aim at estimating the linear combination of forecasts that

minimizes the variance of the aggregate prediction error constraining the weights to be

nonnegative and sum to one. Formally, denoting the unit simplex with d vertices with

∆d−1 = {βi ≥ 0, with i = 1, ..., d and
∑d

i=1 βi = 1}, the optimal nonnegative weights solve

β∗ := argmin
β∈∆d−1

βTSβ , (1)

The nonnegativity constraint offers three advantages: a) it rules out extreme solutions

that result from estimation error when dealing with the minimum-variance objective func-

tion in small samples (Jagannathan and Ma, 2003); b) it identifies noise forecasts, i.e.,

predictions that individually do not help to predict the target, but whose inclusion in

the combination of forecasts is only justified by the objective of minimizing the in-sample

variance of prediction errors2; and c) in this context, the estimator of the weights turns

1The inclusion of an intercept allows biased forecasts to be evaluated (Timmermann, 2006).
2It is well known that the inclusion of such forecasts can negatively impact the stability of the weights

(Bunn, 1981).
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into a special cases of the Lasso (Tibshirani, 1996), which permits us to extend the test

for forecast encompassing to high dimensional problems by encouraging sparse portfolios

(i.e., portfolios with only few active positions) (Brodie et al., 2009). Indeed, Fan et al.

(2012) employed this correspondence to estimate approximate weights for the minimum

variance portfolio under gross-exposure constraints when the number of securities under

consideration is (potentially) larger than the sample size.

1.2 Testing for forecast encompassing

We next turn to design a test for multiple forecast encompassing. Noticing that weights

are constrained to sum to one, we can rewrite (1) as a linear regression problem where the

forecast error corresponding to the ith forecast becomes the dependent variables and the

remaining V · ,z with z = 1, 2, ..., d− 1 become the explanatory variables, i.e.,

Vd =

d−1∑
i=1

βiV · ,i + u, where E[u|V 1,V 2, ...,V d−1] = 0, E[uuT ] <∞ , (2)

or alternatively,

Vi = V \iβ\i + u . (3)

where V \i is the n× d− 1 matrix containing the remaining forecast errors and β\d is the

d − 1 vector of weights contains all but the weight corresponding to the forecast ith. The

weight associated to the ith forecast can be trivially retrieved: βi = 1− ιTβ\i.

In the spirit of Harvey and Newbold (2000), we test whether the marginal contribution

of forecast i to the aggregate ex post optimal forecast is statistically significant. However,

this test must explicitly consider the constraints on the weights, i.e., we state the following

hypothesis

H0 : θ = 0 vs H1 : θ > 0, θi ∈ R+(r) , (4)

where we consider the following partition β = (θ, γ), with θ being the r− dimensional

parameter of interest and γ denoting the nuisance parameters (with dimension d− r). This

corresponds to test whether the population ex post optimal weights lay on the boundary
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set (under H0) or in the cone generated by the nonnegativity and sum to one constraints

(under H1). In this paper, we assume that ε ∼N(0, σε) and we denote the sample negative

log likelihood function as

l(β) = − 1

n

n∑
i=1

logLi(β) =
n

2
log(πσε) +

1

2

[y − Fβ]T [y − Fβ]

σε
, (5)

with the corresponding likelihood ratio statistics defined by

TLR = 2n
(
l(β̂H0

)− l(β̂H1
)
)
, (6)

or the asymptotically equivalent score statistics

TS =
[
∇l(θ̂H0)−∇l(θ̂H1)

]T
F̃−1
θ|γ

[
∇l(θ̂H0)−∇l(θ̂H1)

]
. (7)

Under these assumptions, Kudô (1963) proved that, under the null hypothesis, the

LR and score statistics associated to (4) are distributed as a mixture of chi-squared dis-

tributions. Determining the mixing weights is essential to compute the cumulative tail

probability of the test statistics for a given significance level a. When the constrained space

is the nonnegative orthant (or more generally when the constraints defining C are linear and

independent), Silvapulle and Sen (2004) propose a simple quadratic programming problem

to estimate ω (see proposition 3.6.1). When θ is univariate (r = 1), the weights are known

in analytical form and the chi-bar-squared statistics reduces to

Prob
[
χ2(F̃θ|γ ,R+) > ca

]
= .5 Prob

[
χ2(0) > ca

]
+ .5 Prob

[
χ2(1) > ca

]
. (8)

Finally, given a significance level a and its corresponding critical value ca, we compute

cumulative tail probability as:

Prob
[
χ2(F̃θ|γ ,R+r) > ca

]
=

r∑
i=0

ωiProb
[
χ2(i) > ca

]
,
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and we reject H0 if

Prob [TS > c] > a , Prob [TLR > c] > a .

Large data set, heterogeneous modeling techniques and, different data pre-processing

procedures originate a wide array of forecasts, whose size can potentially outclass the num-

ber 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

accommodate these features using the decorrelated score procedure of Ning and Liu (2017)

as described by Yu et al. (2019).

In the remainder of the paper, to ease presentation and simplify notation, we focus on

the likelihood framework in a low dimensional setting and on the uni-variate parameter of

interest θ (r = 1) corresponding to the jth forecast. We refer to Appendix A and B for

extension of the test in the high dimensional case and Appendix F for the power analysis

and the study of the size properties of the test.

2 Analysis of inflation forecasts in the euro area

We next turn to our empirical study of the dynamics of yearly inflation forecasts in the

euro area for the years ranging from 2009 to 2021. We have a total of ten forecasts: five are

produced by institutions or professional forecasters, one based on a random walk (RM), one

relies on autoregressive integrated moving average (ARIMA) models and three bi-variate

vector-autoregressive (V AR) models. To ease the presentation, we classify forecasts into

institutional and model-based. We follow Patton and Timmermann (2010) and use the

December-on-December change of the realized value of HICP to measure yearly inflation.

For each quarter, we consider inflation forecasts of the same calendar year. We avoid

longer term forecasts (1 and 2 calendar years ahead) because 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 macroeco-
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nomic projection for the euro area3 and consist of forecasts produced by ECB staff, OECD ,

SPF, IMF and EC. Compared to standard forecasting exercises, in the case of institutional

forecasts, the horizon is not fixed, e.g., 1 year ahead. In fact, forecasters predict HICP

growth rate of a certain calendar year, e.g., yearly inflation rate in 2018. Institutional

forecasters publish their forecasts at different dates within each quarter.4 This may lead to

overstating the relevance of the most recent forecasts. Therefore, we estimate the optimal

weights and their corresponding statistics at each month within a quarter and then average

them. This insures to observe each at least one publication of the inflation forecast every

quarter while handling asynchronicity of the publication process.

Second, we introduce our ARIMA, VARs and RW forecasts. Following the standard

notation for the ARIMA model (Lütkepohl, 2007), we denote with p, d and q the order of

the autoregressive component, the differencing order and the moving average component.

Formally:

(
1−

p∑
i=1

αiL
i

)
(1− L)d yt =

(
1−

q∑
i=1

biL
i

)
εt, εt ∼ i.i.d. N(0, σ2) . (9)

We consider three bi-variate VARs: a) we model the joint dynamics of monthly year-on-

year (y-o-y) HICP growth rates and industrial production; and b), y-o-y HICP growth

rates and y-o-y differences of unemployment rates; and c) y-o-y HICP growth rates and

realized term spread of the euro area AAA government bonds at 3 months and 10 years

maturity.5 Specifications a) and b) reflect strategies that rely on the formulation of the

generalized Phillips curve in term of measures of real activity or unemployment rate to

forecast inflation in the spirit of Stock and Watson (1999). Specification c) implicitly

assumes that forward looking asset prices and, specifically, the term structure of nominal

interest rates contains relevant information to forecast inflation (Stock and Watson, 2003).

The underlying economic rationale is that investment decisions rely on the real interest

rate and, therefore, for nominal rates, a downward sloping yield curve at longer maturities

3Available at https://www.ecb.europa.eu/pub/projections/html/all-releases.en.html
4For example, during Q2, the European Commission publishes its forecasts in May while ECB in June.
5We approximate y-o-y growth rates using log differences. This simplifies the aggregation process from

monthly y-o-y growth rates to the yearly inflation measure by simply computing the arithmetic average.
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reflects expectations of a declining rate of inflation, while a steeply upward sloping yield

curve indicates expectations of a rising rate of inflation (Mishkin, 1990, 1991). Data is

retrieved from Eurostat. The inflation dynamics obtained from the bi-variate VAR(p) is:

yt = α+

p∑
i=1

Aiyt−i + εt ∼ i.i.d. N(0,Σ) , (10)

where y is the 2× 1 vector containing inflation rates and either y-o-y industrial production

growth rate or y-o-y differences of unemployment rate, α is the 2×1 vector of the intercept

and Ai, i = 1, 2, ..., p are 2× 2 matrices of coefficients.

We estimate the ARIMA and bi-variate VARs via maximum likelihood and considering

a rolling window of 48 months.6 For each of the considered windows, we control for the

stationarity of y-o-y HICP growth rate and select the appropriate differencing order d by

performing the augmented Dickey Fuller test. Similarly, we select the appropriate (p, q)

order of the ARIMA and p order of the VAR using Akaike information criterion (AIC).

We simulate a real-time forecasting exercise with ARIMA and VARs model. For each

month t, we assume that we observe the realization of the variables of interest at t − 1

and forecast yearly inflation by compounding the realized values of y-o-y inflation for the

year of reference with forecasts of the 12 − t + 1 months ahead. For example, in March

2020, we assume to observe the realization of HICP index in February and January 2020

and forecasts y-o-y inflation for March and the remaining 9 month ahead. Then, we obtain

the forecast for yearly inflation by averaging the combined realizations and forecasts of the

y-o-y inflation for the year of reference. We construct inflation forecasts using a random

walk model in the same manner.

Table 1 reports the summary statistics and Figure 1 depicts the dynamics of the yearly

HICP growth rate and its forecasts. On average, both institutional and model-based fore-

casts are unconditionally unbiased and track the dynamics of yearly inflation rate but,

6We have also considered rolling windows of 24, 60 and 72 months as well as expanding windows. We
chose the window of 48 because it is the one the offers the best performance in term of root mean square
error (RMSE).
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Table 1: Summary statistics of the forecasts and realized forecast errors.

Forecast Errors

ARIMA RW VAR IP VAR Un VAR Slope ECB OECD SPF Commission IMF

Min -1.50 -1.80 -1.39 -1.26 -3.43 -0.99 -1.31 -0.99 -1.91 -1.61
Max 1.62 1.15 1.60 1.46 2.42 1.06 1.86 1.66 1.16 1.66
Median -0.01 -0.17 -0.03 -0.02 -0.32 0.00 -0.04 -0.01 -0.01 -0.01
Mean -0.03 -0.25 -0.09 -0.07 -0.51 0.00 -0.04 0.00 -0.03 -0.02
Standard Deviation 0.44 0.61 0.49 0.48 1.06 0.28 0.52 0.39 0.43 0.56

Forecasts

ARIMA RW VAR IP VAR Un VAR Slope ECB OECD SPF Commission IMF

Min 0.02 0.29 -0.54 -0.51 -0.05 0.00 0.10 0.10 -0.10 0.10
Max 2.69 2.62 3.59 2.68 3.73 2.70 2.60 2.60 2.60 2.60
Median 1.45 1.58 1.37 1.34 1.73 1.40 1.40 1.40 1.50 1.40
Mean 1.30 1.52 1.36 1.33 1.77 1.27 1.31 1.27 1.30 1.28
Standard Deviation 0.80 0.57 0.88 0.82 1.10 0.83 0.71 0.74 0.79 0.68

Figure 1: Dynamics of realized and forecasted HICP yearly growth rate.
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looking at Figure 1, it is worth to underline three exceptions. First, forecasts based on the

bi-variate VAR including industrial production tend to be more volatile, especially at the
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beginning of each year. This is particularly evident for VAR Slope that relies on the term

spread of the nominal yields: its forecast is biased in the 2017-2021 period. Second, most

forecasts tend to overestimate yearly inflation from 2015 to 2017. Third, with the excep-

tion of VAR Slope, forecasts tend to either jointly overestimate or jointly underestimate

inflation in the euro area, implying forecast errors to be cross-sectionally dependent.

2.1 Testing and handling cross-sectional dependence

Strong cross-sectional dependence of forecast error may signal potentially multi-collinear

forecast errors and, consequently, poor estimates of the optimal weights. To quantify the

degree of cross-sectional dependence of forecast errors, we borrow the CD−test (Pesaran,

2021) from the panel econometrics literature, which is defined as:

CD =

√
2T

N(N − 1)

N−1∑
i=1

N∑
j=i+1

ρ̂ij , (11)

with ρ̂ij being the sample correlation coefficient between the forecast error of model i and j.

In Bailey et al. (2016), we can find the order property of the average correlation coefficient:

ρ̄N =
2

N(N − 1)

N−1∑
i=1

N∑
j=i+1

ρij = O(N2α−2), (12)

where α ∈ [0, 1]. First, as recommended in Elhorst et al. (2020), we control that the null

of weak cross sectional dependence (α < 0.5) cannot be rejected through the CD-test (ˆ̄ρ

and CD-statistic’s columns in Table 2). We cannot reject weak cross sectional dependence

given the high value of ˆ̄ρ. Second, we assess the degree of cross sectional correlation through

the two step procedure as in Bailey et al. (2016).

In Table 2 we show that the cross sectional correlation of forecast errors is really strong:

the estimated α is larger than .75, clearly pointing at the presence of common components

driving the dynamics of forecast errors. We can reach similar conclusions 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
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a persistent interdependence trend between inflation forecast errors.

Table 2: Principal component analysis of realized forecast errors and cross sectional depen-
dence test.

Forecaster PC1 PC2 PC3 PC4 PC5

ARIMA R 0.360 0.002 -0.139 0.409 -0.305
RW R 0.346 0.060 -0.012 -0.433 -0.305
VAR IP R 0.164 -0.687 0.179 0.030 0.502
VAR Un R 0.248 -0.502 0.381 0.074 -0.513
VAR Slope R 0.144 0.457 0.844 0.110 0.144
ECB 0.366 0.015 -0.010 0.084 0.073
OECD 0.338 0.065 -0.031 -0.716 0.053
SPF 0.380 0.027 -0.128 0.103 0.108
Commission 0.353 0.222 -0.241 0.301 -0.069
IMF 0.353 0.096 -0.124 0.082 0.505

Standard deviation 2.58 1.22 0.87 0.58 0.53
Proportion of Variance 66.75% 14.84% 7.56% 3.39% 2.84%
Cumulative Proportion 66.75% 81.59% 89.15% 92.54% 95.38%

ˆ̄ρ CD-statistic α̂ σ̂α̂

0.585 28.301 0.8985 0.1944

Notes. We report the estimated average sample correlation forecast errors of model i and j, ˆ̄ρ,
the cross-sectional test statistics, CD−statistics, as well as α̂ and its standard error, σ̂α̂.

2.2 Estimating the optimal combination weights

We estimate the forecast combination that minimizes the variance of the combined forecast

error restricting the weights to be nonnegative, to sum to one and the whole sample. We

start by considering the sample maximum likelihood estimator of the covariance matrix in

Specification 1. Indeed, as underlined in Jagannathan and Ma (2003) and Conflitti et al.

(2015), restricting weights to lay in the unit simplex helps reduce the risk in estimated opti-

mal combination of forecasts. However, being a special case of the Lasso (Fan et al., 2012),

this estimator often fail to correctly select the best subset of forecasts when forecasts errors

are highly correlated (Zhao and Yu, 2006). For this reason, we consider three additional

estimators of the combination weights as robustness checks.

Table 2 suggests the presence a strong one-factor structure characterizing the dynamics
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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 et al. (2013) who assumes that, conditional on pre-specified common factors, the

residual terms are weakly correlated.

Finally, we can handle the strong cross-sectional dependence by also imposing some

structure on the estimator of the optimal weights. Specifically, we employ a consistent

shrinkage estimator of the covariance matrix that consist of combining the sample covari-

ance matrix (which can be easily computed and is asymptotically unbiased but prone to

estimation error) with a highly structured estimator (that contains relatively little estima-

tion error but potentially misspecified). Being the loadings of the first principal component

are 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 natural to shrink

the sample covariance matrix towards a diagonal one (Ledoit and Wolf, 2003) that is rep-

resentative of this case. We estimate the weights adopting such estimator in Specification

3.7

Table 3 reports the weights, the TS score statistics defined in (2) and their corresponding

p-values. We find that ECB has the greatest weight across specifications, however its

forecasts do not encompass its competitors regardless of the estimation strategy. Indeed,

Var IP, Var Un and European Commission’s forecasts are always included in the optimal

combination of forecasts and their corresponding weights are statistically greater than zero.

Instead, ARIMA model, IMF, RW and VAR Slope performs poorly, being either excluded

or only marginally (and insignificantly) contributing the minimization of the aggregate

prediction error.

However, Table 3 implicitly assumes that forecasts’ performance remains constant across

the whole sample. We challenge it by re-estimate the forecast combination considering a

rolling window of 12 quarters.8 Figure 2 displays the dynamics of the average weights across

7Following 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.

8As a robustness check, we have considered shorter window of 10 quarters. Results are comparable despite
the weights display a more evident instability due to the small sample: in these cases, only ten observations
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Table 3: Ex post optimal weights, score statistics and p-values.

ARIMA RW IP Un Slope ECB OECD SPF EC IMF

β 0 0 0.140 0.032 0.032 0.651 0 0 0.145 0
Spec. 1 TS . . 4.791 4.992 2.336 5.100 . . 6.339 .

Pχ̄2 . . 0.014 0.013 0.063 0.012 . . 0.006 .

β 0.054 0 0.118 0.091 0 0.455 0 0.170 0.088 0.023
Spec. 2 TS 2.157 . 4.357 5.450 . 3.685 . 2.985 4.646 2.275

Pχ̄2 0.071 . 0.018 0.010 . 0.027 . 0.042 0.016 0.066

β 0 0 0.147 0.055 0.033 0.553 0 0.093 0.119 0
Spec. 3 TS . . 4.602 5.197 2.531 3.948 . 2.630 5.561 .

Pχ̄2 . . 0.016 0.011 0.056 0.023 . 0.052 0.009 .

Notes. The sample covers the period 2012 - 2021. Spec 1: Sample Covariance, Spec 2: POET,
Spec 3: L&W shrinkage toward diagonal matrix. Score statistics are computed using the realized
forecast errors.

specifications in the period Q1 2012 - Q4 2021. The x- axis identifies reference period. For

example, the interval 2015-2016 identify the weights corresponding to the yearly inflation

in 2015.

In Table 3, we see that on average ECB’s weight is greater than its competitors’ ones.

This is not surprising: ECB’s primary objective consists in maintaining price stability by

tailoring monetary policy to make sure that inflation remains low, stable and predictable.

Therefore, we expect ECB’s inflation forecasts to contain credible information about the

expected dynamics of inflation, reflecting its commitment to maintain price stability in

the medium term. However, Figure 2 points out that weights also greatly vary over time.

Despite ECB generally receives the greatest weight, its weight is not consistently greater

than all remaining forecasts in each sub period. The weights associated to the other forecasts

are also fluctuating over time. These findings underline the importance of the considered

reference period and how different conclusions can be drawn when evaluating unconditional

forecast encompassing or conditioning on some economic states. The varying underlying

process driving HICP in the euro area, the heterogeneity of forecasters’ loss functions

and heterogeneous information sets can all be plausible explanations on the reason why

optimal weights change over time. Therefore, it is compelling to explore whether we can

identify these states and analyze how the macroeconomic or financial conditions affects

are available to optimally combine ten forecasting methods. Results are available upon request.
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Figure 2: Dynamics of average optimal combination weights across specifications.
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the informativeness of ECB’s forecasts, and therefore ECB’s ability at tracking expected

inflation.

3 The Dynamics of the ECB’s weights

From the forecast encompassing perspective, the weights reflect the contribution of the

forecasts to the forecast that minimizes the variance of the aggregate prediction error.

Therefore, a time-varying optimal weight indicates that the informational value added by

the forecast of interest is equally non-constant over time.

Time varying weights for model-based forecasts could reflect the uncertainty surround-

ing the forecasting method as, for example, the uncertainty around the choice of (p, d, q) in

ARIMA models, the size of the estimation window or the presence of structural breaks in
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relation between the time-series in the bi-variate V ARs. These issues are directly connected

to notion of heterogeneity of macroeconomic time-series (Clements and Hendry, 1998), i.e.,

the non-constant underlying process generating of the series to forecast. Heterogeneity also

matters for institutional forecasters. Being supported by econometric models and expert

judgment, the predictive performance of institutional forecasters can be affected by the

forecasting techniques used and the turnover of forecasters within the same institution.

The loss function of monetary authority has also important consequences on the infla-

tion forecasting. For example, Capistrán (2008) argues that the FED’s 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. Furthermore, while all institu-

tional forecasts are certainly useful for consumers and investors, ECB’s macroeconomic

projections (of which their inflation forecasts are part of) are their primary support for

the assessment of economic conjecture and risks to price stability which is the primary

objective of ECB’s mandate. Therefore, we expect ECB’s forecasts to have a direct effect

on monetary policy implemented in the euro area: when the expected inflation is low, we

expect the monetary authority to try to keep it low to pursue its goal in the medium term.

However, policymakers face a dilemma when expected inflation is high: they would like

to disinflate, but fear the costs related to a tightening policy (Ball, 1992). These costs do

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 community

does not know how promptly the monetary authority will react and thus the uncertainty

surrounding the inflation dynamics will rise.

For these reasons, understanding the determinants of ECB’s weight dynamics is com-

pelling for macroeconomic analysis. Studying in what economic states ECB brings more

information naturally helps forecast users that aim at monitoring and improving forecast

performance but it also helps policy analysts interested in evaluating ECB’s intents at mon-

itoring inflation. We consider determinants reflecting both the uncertainty surrounding the

HICP dynamics and macro-financial factors that may affect ECB’s loss functions.
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3.1 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 current (and expected) economic conjecture and risks to price stability have shaped

forecasters’ loss functions. Nevertheless, we can identify group of variables that might

indirectly affect the uncertainty around the expected path of the HICP.

3.1.1 Disagreement and inflation surprise

Following Mankiw et al. (2004) and Manzan (2011), we consider the dispersion of (point)

forecasts from the survey of professional forecasters to proxy forecasting uncertainty. Patton

and Timmermann (2010) empirically shows how this measure mostly reflects heterogeneity

in the priors or underlying forecasting models compared to heterogeneity in information

signals. Dovern et al. (2012) confirm that disagreement about inflation forecasts increases

with uncertainty 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

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 the

difference between the 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 survey of

professional forecasters Disagreement SPF. Disagreement SPF, is measure as the standard

deviation of point forecasts from ECB Survey of Professional Forecasters.9 We also control

for a broader measure of policy-related economic uncertainty at European level, employing

the news-based Economic policy uncertainty index of Baker et al. (2016) in our analysis.

Supply shocks, i.e., the sudden change of the supply of a product or commodity, resulting

in an unforeseen change in price, e.g., the surge of gas and oil price following the Ukrainian

9Results are comparable when we considered alternative measures of dispersion for our measure. Specif-
ically, we also considered interquartile or the 95th - 5th range for the Disagreement SPF.
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war directly affect inflation forecasting performance and, indirectly, the optimal weights.

Some forecasters could better at anticipating or more promptly reacting to recent events

because of informative advantages or because facing lower revision costs (Ehrbeck and

Waldmann, 1996). We proxy the dynamics of inflation surprise with the first principal

component of realized forecast errors (Inflation surprise).

3.1.2 Financial conditions and monetary policy

ECB’s primary objective is to maintain price stability by aiming for 2% inflation over

the medium term. However, other objectives can be pursued “without prejudice to the

objective of price stability”.10 These objectives include among the others 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 European sovereign debt crisis, the ECB has taken

a range of actions beyond monitoring price stability to address bank funding problems,

eliminate excessive risk in sovereign markets, and safeguard monetary transmission (Gross

and Zahner, 2021). These measures have been successful at monitoring these risks when

the euro area was experiencing low (or even negative) inflation (Candelon et al., 2022; De

Grauwe and Ji, 2022). However, Russia’s invasion of Ukraine, amid an already slowing

recovery from the pandemic, raises new financial stability risks, poses questions about the

longer-term impact on economies and the surging commodity prices pose challenging trade-

offs for central banks (IMF, 2022a). In the current situation, it is still not clear how the

ECB would react when facing such dilemma.

We analyze whether the past dynamics of the optimal weights was affected by measures

of financial stability in the euro area. Specifically, we consider the global interdependence

and intra-European fragility factor of Candelon et al. (2022). The first factor captures shifts

in the level of the entire cross section of long term spreads, and it is related with 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 second factor measures instead how deep the difference

10See the ECB’s website for more details https://www.ecb.europa.eu/mopo/intro/html/index.en.html
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between fragile and financially sounder economies is.11

For an exhaustive analysis of financial condition is the euro area, we also include proxies

mirroring the monetary policy of ECB. We consider the Shadow rate of Wu and Xia (2020)

and the APP Factor that summarizes Eurosystem holdings corresponding to ECB’s Asset

Purchase Programme (APP). 12

3.2 Seasonality of institutional forecasts

When evaluating institutional forecasts, the literature often overlooks that forecasts always

refer to the average of the calendar year.13 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 determinants

with three seasonal dummy variables corresponding to the second, third and fourth quarter

of the year. This seasonal adjustment implicitly assumes that the intercept of the regression

function shifts each quarter and it is convenient to study how the weights are affected when

approaching inflation releasing date.

3.3 Controlling for unemployment and industrial production

When studying the dynamics of ECB’s weight, we should control for quarterly unemploy-

ment and quarterly year-on-year industrial production growth rate. In fact, while both

series are undoubtedly important to represent economic conditions in the euro area, they

are also commonly employed in the evaluation of inflation dynamics and monetary policy.

On the one hand, despite monetary policy in the euro area is more complicated than

what the conventional Taylor rule might suggest, Gorter et al. (2008) find that the ECB

11The factors are extracted using principal component analysis using the samples described in Candelon
et al. (2022).

12We compute the factor by extracting the first principal component of the Eurosystem’ holdings purchased
under one or more of the asset purchase programmes operated by ECB. Specifically, APP includes corporate
sector purchase programme (CSPP), public sector purchase programme (PSPP), asset-backed securities
purchase programme (ABSPP) and third covered bond purchase programme (CBPP3). For data and more
information, we refer to https://www.ecb.europa.eu/mopo/implement/app/html/index.en.html

13In the first quarter of the year, the current-year forecast is a four quarters ahead, in the remaining
quarters of the year, the horizon becomes three, two and one quarter(s) ahead, respectively.
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considers expected, i.e., forecasted, inflation and output growth when setting interest rates.

14 On the other hand, it is not uncommon to find reformulation of the generalized Phillips

curve in term of industrial production or unemployment rate (Stock and Watson, 1999).

Table 4 summarizes the variables, and the corresponding abbreviations and the sources.

Before introducing the modeling framework, it is compelling to inspect the dynamics of the

determinants themselves to analyze whether potential issues due to multicollinearity may

arise.

Table 4: 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 et al. (2016)
Shadow Rate 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
Global Interdependence factor Financial Conditions Glob. Candelon et al. (2022)
Fragility Factor Financial Conditions Frag. Candelon et al. (2022)
Industrial Production Macroeconomic Conditions IP Eurostat
Unemployment rate Macroeconomic Conditions Un Eurostat
Seasonal dummy Q2 Seasonality & Publ. gap dQ2 ·
Seasonal dummy Q3 Seasonality & Publ. gap dQ3 ·
Seasonal dummy Q4 Seasonality & Publ. gap dQ4 ·

Table 5 represents the correlation between the determinants in the sample 2021 Q1 -

2021 Q4. We remark how the dynamics of the shadow rate and unemployment rate are

strongly positively correlated (over .9). Similarly, the Economic Policy Uncertainty Index

is negatively correlated with the shadow rate and unemployment rate (−.63 and −.54,

respectively). As a result, we expect that including the unemployment rate between the

determinants, may be detrimental for the precision of the estimated coefficients.

We next introduce the regression model used to study the dynamics of ECB’s weights.

14Contrasting with more conventional specifications of the Taylor rule where realized inflation and output
are used.
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Table 5: Correlation between the determinants in the period Q1 2012 - Q4 2021.

APP Un IP Dis. S. Glob. Fr. Dif. 2% Inf. Sur.

EPU .25 -.54∗∗∗ -.17 .15 -.63∗∗∗ .05 .01 .01 -.14
APP Factor -.11 .18 .01 -.18 .51∗∗∗ .08 -.34∗∗ -.19
Unemployment .09 .18 .97∗∗∗ -.37∗∗ .22 -.10 .14
IP -.32∗∗∗ .09 .45∗∗∗ .12 .15 -.18
Disagreement .03 -.10 .23 -.36∗∗∗ -.01
Shadow -.43∗∗∗ .14 .04 .09
Global Inter. -.17 -.47∗∗∗ .03
Fragility .09 -.03
Difference 2% -.51∗∗∗

Notes. The marks ∗ ∗ ∗, ∗∗, ∗ display 1%, 5% and 10% significant level, respectively.

3.4 The regression framework

We study the relationship between the ECB’s weights y and their determinants X. As-

suming yt ∼N(xtβ, σ), we can estimate the following linear regression model via maximum

likelihood.

y = Xβ + u . (13)

Combination weights are, nevertheless, defined in the closed interval [0, 1], therefore pre-

dictions arising from a linear regression framework may lead to negative weights or weights

greater than unity. Despite it is possible to adapt the standard linear regression frame-

work to accommodate bounded stochastic processes by transforming the original weights

to have values in the real line15, this approach has two main shortcomings. First, the re-

gression parameters are interpretable only in terms of the mean the transformed weights.

Second, data generated by bounded stochastic processes are generally skewed and prone to

heteroskedasticity.

As robustness check, we also consider a beta regression models, which is instead tai-

lored to model variables in the interval (0, 1).16 Specifically, we employ the beta regression

framework proposed by Ferrari and Cribari-Neto (2004) that assumes a) independent re-

alizations of yi ∼ B (µi, φi), b) a linear regression model for the transform of the mean

15For example via standard logit or Box’s transformations.
16Following 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 dependent variables
assuming also the extremes 0 and 1.
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parameter µ and c) a constant precision parameter φ. In this framework, we consider a

logit link function for the mean of y, leading to

µi =
ex

T
i β

1 + ex
T
i β

. (14)

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

To tackle potential problems arising from potential heteroschedastic and autocorrelated

residuals, we report four-lag Newey-West (NW) standard errors (Newey and West, 1987)

and a wild bootstrap procedure as in Mammen (1993) both in the linear and beta regression

framework.17

3.5 Empirical results

We present the results on ECB’s determinants obtained using the linear regression model

and beta regression estimated via maximum likelihood in the Table 6. We report the

results from the optimal weights obtained in Specification 2 as the POET estimator of the

covariance matrix (Fan et al., 2013) offers better small sample properties compared to the

sample covariance matrix.18

In panel a) we report the main results, while in panel b) we also control for unemploy-

ment and industrial production. Table 6 displays the estimated coefficients, their standard

errors and the p-values implied by testing whether the coefficient of interest is statistically

different from zero. The columns NW and B report whether the coefficient of interest is

statistically significant at 1% (***), 5% (**), 10% (*) level according to the Newey-West

standard errors and the Mammen wild boostrapped quantiles, respectively.

We find that the measures of uncertainty (Dis. and EPU ), how actual inflation differs

from the 2% target (Dif. 2% ) and Inflation Surprise and the Global Inter. are all important

drivers of ECB’s weights. They are statistically significant at 5% level also when controlling

for unemployment and industrial. Ceteris paribus, the greater these factors, the lower the

expected weight.

17We refer to Appendix D for a detailed description of the bootstrap algorithm.
18We report the results for the sample and shrinkage estimator of the covariance matrix in Appendix E.
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The determinants referring to ECB’s monetary policy, i.e., the APP factors (APP) and

the shadow rate (S ) influence ECB’s informativeness in an interest way: ceteris paribus,

the greater the shadow rate, the greater the weight and the greater the APP factor, the

lower the weight. This can be expected: higher interest rates signal the intention of central

banks slow down inflation dynamics; while, on the contrary, increasing amount of holdings

purchased under the Asset Purchase Programme and the corresponding liquidity injections

decrease ECB’s weight. The significance of the contribution of ECB’s policy to the infor-

mativeness of its forecasts is challenged when controlling for unemployment and insutrial

production. However, this issue must be expected: despite the estimated coefficients do not

vary substantially, the precision of the estimators is strongly affected by the multicollinear-

ity with unemployment and industrial production as noticed in subsection Table 5. Indeed,

both IP and UnEmp itself are not statistically different from zero at any significance level.

We also notice that including IP and UnEmp does not increase the explanatory power of

the model (similar adjusted and pseudo R2).

3.6 Discussion: forecast informativeness and the goal of monetary policy

In our framework, weights reflect how informative forecasts are: an upward (downward)

dynamics of the weight signals that the considered forecaster has become more (less) infor-

mative when producing inflation forecasts. Being more informative implies that the public

will regard an institution featuring a greater weight as more relevant when forecasting the

variable of interest. In subsection 3.5, the greater the difference between current inflation

and 2% target, the greater the inflation surprise, the less informative ECB’s forecasts are.

Clearly, as a strategy for conducting monetary policy, having informative forecasts is

crucial. 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

expected path of price offer a substantial timing advantage 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 implementation and monitoring of monetary policy, helping the
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Table 6: Determinants of the weights constructed using the POET estimator of the covari-
ance matrix of prediction errors. .

a) Determinants b) Determinants + Un and IP

LM NW B Beta NW B LM NW B Beta NW B

b0
0.879 *** *** 2.090 *** *** 0.241 -2.296
(0.08) (0.44) (0.54) (3.01)

Dif. 2%
-0.147 *** *** -0.622 *** *** -0.130 *** *** -0.598 *** ***
(0.03) (0.14) (0.03) (0.13)

Dis.
-0.187 *** *** -1.225 *** *** -0.237 *** *** -1.466 *** ***
(0.04) (0.25) (0.07) (0.26)

EPU
-0.001 ** *** -0.004 ** ** -0.001 ** *** -0.006 *** *

(0.0004) (0.0019) (0.0005) (0.0022)

S
0.063 *** *** 0.351 *** *** 0.025 0.072
(0.01) (0.04) (0.03) (0.18)

APP
-0.025 * *** -0.101 * ** -0.027 * ** -0.100 *
(0.01) (0.06) (0.01) (0.06)

Inf. Sur.
-0.034 *** *** -0.160 *** *** -0.038 *** *** -0.180 *** ***
(0.01) (0.06) (0.01) (0.06)

Glob.
0.016 ** *** 0.106 *** *** 0.019 0.072
(0.01) (0.03) (0.01) (0.05)

Fr.
0.019 0.160 ** *** 0.015 * 0.113 * **
(0.02) (0.07) (0.01) (0.06)

Un.
. . . . . . 0.060 0.392

(0.05) (0.25)

IP
. . . . . . -0.004 0.018

(0.0046) (0.023)

dQ2
-0.045 -0.232 -0.047 -0.229
(0.03) (0.16) (0.03) (0.16)

dQ3
-0.060 -0.238 -0.069 -0.226
(0.04) (0.19) (0.04) (0.19)

dQ4
-0.074 ** -0.401 ** * -0.075 -0.334
(0.04) (0.19) (0.04) (0.22)

Adj. R2 0.84 0.905 0.844 0.903
N. obs. 38 38 38 38

Notes. The first columns displays the determinants, b0 is the intercept. LM and Beta report
the estimated coefficients using the linear regression model and the beta regression. While we
display Newey-West standard errors in the parenthesis, NW and B report whether the coefficient
of interest is statistically significant at 1% (***), 5% (**), 10% (*) level according to the Newey-
West standard errors and the Mammen wild boostrap quantiles, respectively.

inflation-targeting central bank and the public to tell whether the monetary policy is indeed

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 credibility19 if the central bank’s forecasts were believed to be inconsistent with the

19The term ”credibility” refers to the degree of confidence that the public has in the central bank’s
determination and ability to meet its announced objectives.
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expected dynamics of inflation. In this perspective, low weights relative to their historical

trend may be interpreted as warning flags, signaling that ECB’s credibility is at stake. As

observed in subsection 2.2, we find two main dips of ECB’s weight: the first between in

2012, the second between the beginning of 2019 and the end 2020 (see Figure 2).

In 2012, the ECB announced and implemented a set of conventional and unconventional

tools to address the difficulties in the transmission of the monetary policy measures, the

onset of a credit crunch, and the risk of deflation following the outburst of the European

sovereign debt crisis. In fact, ECB’s effort on the conventional and unconventional monetary

easing carried out, was also motivated by reverting the deflationary trend in the euro area

in the period 2014-2018, therefore pushing inflation back to its target.

The period 2019-2021 saw the outbreak of the Covid, the most severe shock to the Eu-

ropean economy since WWII with significant disruptions to the labor market, supply chains

and posing serious challenges to economic growth and financial stability (IMF, 2022b). Also,

the handover from Mario Draghi to Christine Lagarde (November 2019) at the head of the

European Central Bank could have brought into question ECB’s new policy direction.20

Nevertheless, the recent economic and geopolitical developments strongly contrasts to the

deflationary trend observed in the euro area after the outburst of the European sovereign

debt crisis. In fact, despite we can observe a mild rise of ECB’s weight in 2021, inflation

dynamics had not been yet impacted by the global supply chain disruption following the

surge of gas and oil price following the recent war in Ukraine. Indeed, despite this event

directly raises expected inflation dynamics, it is not in the data since we do not observe the

realized yearly inflation rate for 2022. Eurostat’s release of the realized year on year euro

area annual inflation rate in April 2022 shows how severe the shock to inflation is: annual

inflation was 7.4% in March 2022, up from 5.9% in February. The new release of Survey

of Professional Forecasters points in the same direction: HICP inflation expectations are

20For example during a press conference on 12 March 2020, Mrs Lagarde suggested it was the responsibility
of governments to protect highly indebted eurozone countries rather than the central bank, triggering public’s
questions on whether the bank would renew the “whatever it takes” policy to protect the eurozone from
a recession triggered by the coronavirus outbreak (the verbatim of the speech by Christine Lagarde is
available at https://www.ecb.europa.eu/press/govcdec/mopo/html/index.en.html). This resulted in a
sudden increase in European sovereign bond spreads, leading ECB’s president to walk back her previous
comments and restating ECB’s fully commitment to avoid any fragmentation in bond markets.
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revised upward to 6% for 2022 and 2.4% for 2023 but unchanged at 1.9% for 2024. Never-

theless, ECB’s policy rates remain currently unchanged and, following Governing Council’s

forward guidance, any adjustments to the key ECB interest rates will be gradual and will

take place some time after the end of the asset purchasing program expected in Q3 2022.

ECB’s decision not to promptly adjust its policy to the surge in forecast inflation in

2022 may seem surprising and strongly contrasts with Bank of England and U.S. Federal

Reserve policies that instead vowed tough action on inflation, announcing increasing rates

until inflation comes under control. However, as underlined in IMF (2022b) or in the recent

talk of the director general of the Bank of International Settlements21 ECB’s policy is

currently on the edge and more restrictive measures are required to take actions against

the steady increase of price levels. Miranda-Agrippino and Nenova (2022) have shown that

ECB’s restrictive monetary policy should have similar effect that the one implementing at

the moment in the U.S.; however, in the euro area it also may create tensions for the banking

sector of peripheral countries (Soenen and Vander Vennet, 2022), generating heterogeneity

within euro area financial markets, and in particular in the sovereign bond market. At the

end of April 2022, sovereign bond spreads relative to the German Bund are rising again

in the euro area: over 175 b.p. for Italy, 220 b.p. for Greece and around 100 b.p. for

Spain and Portugal. Fragmentation risk on this market has already reappeared. In this

context, the ECB will need to carefully manage the reduction of asset purchases and the

implementation of tightening measures to avoid spillover effects which could trigger the

financial stability within the euro area. At the same time, however, the normalization of

monetary policy cannot be ruled out, should price pressure continue to build up.

Notwithstanding the importance of pursuing financial stability and mitigating fragmen-

tation risk, this also brings into question whether aiming for 2% inflation over the medium

term, remains the primary objective, potentially undermining the credibility of European

Central Bank at maintaining price stability.

21On April the 5th, Agustin Carsten has indicated that ”Central banks need to adjust to this new
environment, not least by raising policy rates to more appropriate levels” https://www.bis.org/speeches/

sp220405.htm.
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4 Conclusion

This paper proposes a novel method to evaluate optimal combinations of the different

forecasts. It designs a forecast encompassing test, which explicitly considers that weights

lay in the unit simplex. This test can be readily extended in situation where the number of

forecasts to evaluate greatly exceeds the realizations of the variable of interest. Hence, we

evaluate institutions and model-based forecasts of inflation in the euro area between 2012

- 2021.

Although, ECB provides the most informative forecast on average, it does not encom-

pass its competitors: SPF and European Commission also significantly contribute to the

minimization of the forecast error variance. We also find that weights greatly vary over

time when we re-estimate the forecast combination considering a rolling window.

The dynamics of the weights associated to ECB’s inflation forecast are particularly

interesting. Despite the fact that they appear on average greater than their competitors’,

they are not consistently remaining at this position in each sub period. In particular, ECB’s

weight suddenly drops in Q3 2012 and achieved their minimum in Q1 2019. We therefore

investigate the fundamental factors behind this dynamics. Macro-financial conditions and

monetary policy actions explain this variability. The greater the uncertainty surrounding

inflation and the difference between current and the 2% target, the less informative ECB’s

forecasts are. The more contractionary the monetary policy, the more informative they are.

The decline of ECB’s weight and its relation with its determinants are warning flags:

the loss of forecast informativeness damages ECB’s leading role at anchoring inflation ex-

pectations and might signal that preserving financial stability can be a challenge to the

inflation targeting goal in high inflation environments.
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A The test for forecast encompassing

In the spirit of Harvey and Newbold (2000), we aim to design a test for multiple forecast

encompassing. However, this test must explicitly consider the constraints on the estimated

weights. Furthermore, large data set, heterogeneous modeling techniques and, many 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 deal with potential high dimensional

frameworks.

High dimensionality and constrained parameter space create, however, two problems.

First, in the presence of high dimensional nuisance parameters, the maximum likelihood

estimator is no longer consistent and, despite it is possible to identify some maximum pe-

nalized likelihood 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 cone C.22 In

a test for forecast encompassing, we test whether the marginal contribution of forecast i

to the aggregate ex post optimal forecast is strictly positive, i.e., we state the following

hypothesis

H0 : θ = 0 vs H1 : θ > 0, θi ∈ R+(r) , (15)

where we consider the following partition β = (θ, γ), with θ being the r− dimensional

parameter of interest and γ 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 cone generated by the nonnegativity and sum to one constraints

(under H1). In the low dimensional case, Kudô (1963) and Perlman (1969) proved that,

under the null hypothesis, the LM, LR and Wald statistic associated to (15) are distributed

as a mixture of chi-squared distributions.

22A subset C of Rd is called a cone (or a positively homogeneous set if x ∈ C that tx E C for every
positive t.
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In this paper, we follow the decorrelation procedure of Ning and Liu (2017) to handle the

impact of high dimensional nuisance parameters. This approach offers two main advantages:

a) not relying post-selection Lee et al. (2016), i.e., considered the conditional inference given

the event that some covariates have been selected; and b) the possibility of easily extending

the testing procedure under inequality constraints. In fact, following Yu et al. (2019), we

adapt the decorrelated score function of Ning and Liu (2017) to extend the test for forecast

encompassing for low dimensional parameters to a high dimensional framework.

In this paper, we assume that the residual component ε ∼ N(0, σε) and we denote the

sample negative log likelihood function as

l(β) = − 1

n

n∑
i=1

logLi(β) =
n

2
log(πσε) +

1

2

[y − Fβ]T [y − Fβ]

σε
, (16)

and we let ∇l(β) = ∇l(θ,γ) be the gradient of the negative log likelihood, ∇2l(β) be

the sample Hessian matrix and F(β) = E[∇2l(β)] be the population Fisher information

matrix, while we denote with ∇θl(β), ∇γl(β), F(β)θθ, F(β)θγ , F(β)γθ, F(β)γγ the

correspondent partitions. We also denote with β̂ = (θ̂, γ̂) the estimated ex post optimal

weights.

A.1 The testing procedure

We now introduce the test for forecasts encompassing. To ease the presentation, we split

the testing procedure in two steps. In Algorithm 1, we estimate the ex post optimal

combination of forecasts and estimate the decorrelated score function, parameter(s) of in-

terest and likelihood function. 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 decorrela-

tion operator W . Since the 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 β and W to bound the estimation error when d > n. On the one hand, β searches for
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Algorithm 1: Decorrelation procedure for high dimensional regression frameworks

1 Estimate ex post optimal weights

β̂\d = argminβ∈R+(d−1)

∥∥∥Vd − V \dβ\d∥∥∥2

2
, β̂d = 1−

∑d−1
i=1 β̂\d,i ,

2 Define the partition β = (θ, γ)
3 Estimate the decorrelation operator Wj

Ŵj = argminWj∈Rd−1

∥∥Vj − V \jWj

∥∥2

2
+ λ ‖Wj‖1 ,

4 When θ is a r-low-dimensional multi-dimensional parameter of interest
corresponding to the forecasts in the set I, W can be solved column by column

i.e., Ŵ =
(
Ŵj , where j ∈ I

)
5 Estimate the decorrelated score function:

S̃(θ) = ∇θl(θ, γ̂)−W T∇γl(θ, γ̂) ,

6 Estimate the decorrelated parameter of interest:

θ̃ = θ̂ − F̃−1
θ|γ S̃, where F̃θ|γ = ∇2

θθl(β̂)−W T∇2
θγl(β̂) ,

7 Estimate the decorrelated likelihood function:

l̃(θ) = l(θ, γ̂ −W T (θ − θ̂)) .

the linear combination of weights that minimizes the variance of the aggregate forecasting

error under the nonnegativity and sum to one constraints. When d > n, we impose β 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) propose a simple quadratic programming problem to estimate ω (see proposition

3.6.1).When θ is univariate (r = 1), the weights are known in analytical form and the chi-

bar-squared statistics reduces to

Prob
[
χ2(F̃θ|γ ,R+r) > ca

]
= .5 Prob

[
χ2(0) > ca

]
+ .5 Prob

[
χ2(1) > ca

]
. (17)
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Algorithm 2: One-sided test for forecasts encompassing

1 Form the decorrelated score test statistics:

TS =
[
S̃(θ̂H0)− S̃(θ̂H1)

]T
F̃−1
θ|γ

[
S̃(θ̂H0)− S̃(θ̂H1)

]
.

2 Form the decorrelated likelihood ratio (LR) test statistics:

TLR = 2n
(
l̃(β̂H0

)− l̃(β̂H1
)
)
,

3 Form the decorrelated Wald test statistics:

TW =
[
θ̃ − θ̂H0

]T
F̃θ|γ

[
θ̃ − θ̂H0

]
−
[
θ̃ − θ̂H1

]T
F̃θ|γ

[
θ̃ − θ̂H1

]
.

4 Compute the set of mixing weights ωi(r, F̃θ|γ ,R+r) for the χ2 statistics.

5 Given a significance level a and its corresponding critical value ca, compute
cumulative tail probability :

Prob
[
χ2(F̃θ|γ ,R+r) > ca

]
=

r∑
i=0

ωiProb
[
χ2(i) > ca

]
.

6 Reject H0 if

Prob [TS > c] > a , Prob [TW > c] > a, Prob [TLR > c] > a .

In the remainder of the paper, to ease presentation and simplify notation, we focus on the

likelihood framework and on the univariate parameter of interest θ (r = 1) corresponding

to the jth forecast. Nevertheless, the decorrelated score function can be defined for a multi-

dimensional parameter of interest and also when β minimizes a loss function other than the

negative log-likelihood. (see section 3 and supplementary material of Ning and Liu, 2017,

respectively).
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B Assumptions of the test when d > n

In this section we describe the high-level assumptions required to obtain weak convergence

of test under null hypothesis in the high dimensional framework. We closely follow Ning

and Liu (2017) and Yu et al. (2019) and refer to their papers for the proof of the results

in the case of linear regression models. These conditions can be classified into three main

categories: (a) Consistency conditions for initial parameter estimation (Assumption 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 assumption are fairly stan-

dard in the high dimensional statistics literature and are known to hold for the Lasso and

nonnegative least square 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 β∗

is equal to zero, i.e., ∇l(β∗) = 0 .

Assumption 2. Restricted eigenvalue condition for the covariance matrix. Given the posi-

tive definite matrix F and ∇l2(β), let S = supp(β∗)∪supp(W ∗). There exists a universal

constant c, k > 0 such that the quadratic form vtFv ≥ k‖v‖22, and vT∇l2(β)v, for any v

in the cone C, i.e., ∀v ∈ C(S) = {v : ‖vSc ≤ cvS‖}.

Assumption 3. Consistency conditions for initial parameter estimation. As n −→∞, for

some sequences ν1(n) and ν2(n) converging to 0, the following holds

lim
n→∞

Probβ∗
[
‖β̂ − β∗‖1 . ν1(n)

]
= 1 , and lim

n→∞
Probβ∗

[
‖Ŵ −W ∗‖1 . ν2(n)

]
= 1 .

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 β and W

in a linear regression model. In this case with high probability, we have the following

‖β̂ − β∗‖1 = O

(
s∗
√
log(d)

n

)
, ‖Ŵ j −W ∗

j‖1 = O

(
s
′

√
log(d)

n

)
with j ∈ I ,

where β and W are defined in Algorithm 1 and s∗ = ‖β∗‖0 and s
′

= ‖W ∗‖0, i.e., the
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number of non zero elements in β∗ and W ∗, respectively.23

Assumption 4. Concentration of the gradient and Hessian. Let v∗ = (1,−W T∗), assume

that the largest element of the score function is bounded, i.e., ‖∇l(β∗)‖∞ = O

(√
log(d)
n

)
and

‖vT∗∇2l(β∗ − Eβ∗
[
vT∗∇2l(β∗

]
‖∞ = O

(√
log(d)

n

)
.

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

matrix ∇2l(β) is Lipschitz continuous:

‖∇2l(β1)−∇2l(β2)‖∞ ≤ L‖β1 − β2‖1 .

Lemma 1. Central limit theorem (CLT) for linear combination of score function. Let

Σ∗ = limn→∞ V arβ∗ [
√
n∇l(β∗)]. Under Assumption 1-5, Ning and Liu (2017) and Yu

et al. (2019) proved that24

√
nvT∗∇l(β∗)

√
σ∗
−1
 N(0, 1), where σ∗ = vT∗Σ∗v∗ .

23Remark that W ∗ = F∗−1
γγ F∗γθ.

24We refer to Appendix C and D of Ning and Liu (2017) for the proofs that Assumption 1 to 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.
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C Beta regression framework

The density function of a beta distribution is given by

f(y, p, q) =
Γ(p+ q)

Γ(p) Γ(q)
yp−1 (1− y)q−1, with 0 < y < 1 , (18)

with p, q > 0 and Γ(·) being the gamma function. However, the beta distribution can be

conveniently re-parameterized in term of 0 < µ < 1 and φ > 0 that are related to the mean

and variance of the dependent variable y,

E [yi] = µi and V ar [yi] =
µi(1− µi)

1 + φ
. (19)

In this framework, the log-likelihood function becomes

l(µ, φ) =

n∑
i=1

li(µi, φ) , (20)

where

li(µi, φ) = log [Γ (φ)]− log [Γ (µiφ)]− log {Γ [(1− µi)φ]}+

+ (µiφ− 1) log (yi) + [(1− µi)φ− 1] log (1)yi) .

Using this notation, the standard beta regression model assumes a) independent realizations

of yi ∼ B (µi, φi), b) a linear regression model for the transform of the mean parameter

and c) a constant precision parameter φ. Fixing the precision parameter makes the beta

regression framework more parsimonious at the cost of a lower flexibility than the variable

dispersion beta regression models featured in Gambetti et al. (2019). However, this is a price

we have to pay considering that we count only 38 observations in our sample. Nevertheless,

we can easily notice that this model can still naturally accommodate heteroskedasticity

because of V ar [y] being a also a function of µi. Formally,

g1 (µi) = xTi β and g2 (φi) = φ , (21)
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with g1(·) : (0, 1) → R and g2(·) : (0,∞) → R, with xi being the vector of regressors, β

conformable vectors of regression coefficients, and g1(·) and g2(·) being strictly increasing

and twice-differentiable link functions. In this paper, we consider a logit link function for

g1 and a constant g2. This results in

µi =
ex

T
i β

1 + ex
T
i β

and φi = φ . (22)
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D Bootstrap procedure

In our framework, we consider 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 bootstrapped procedure as in Mammen (1993). Specifically,

1. Estimate the standard linear regression or beta regression parameters via maximum

likelihood as described in the subsection 3.4 (after retrieving the ex post optimal

combination weights as outlined in Section 1), and the corresponding residuals uit for

each i = 1, . . . , n.

2. Draw with replacement the sequence of errors {ũi = kiûi}ni=1 with

ki =


1+
√

5
2 , with probability p =

√
5−1

2
√

5

1−
√

5
2 , with probability 1− p.

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, ¡ith {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 sample {ỹi}ni=1 to

zero and one, respectively. 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 dependent 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.
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E Additional results on the determinants of the weights

Table 7: Determinants of the weights constructed using the sample (Spec. 1) and the
shrinkage estimator (Spec. 3) of the covariance matrix of prediction errors. .

Specification 1 Specification 3
LM NW B LM NW B

b0
0.767 *** *** 0.820 *** ***

(0.0621) (0.0720)

Dif. 2%
-0.055 * * -0.147 *** ***

(0.0289) (0.0319)

Dis.
-0.064 ** * -0.079 **

(0.0281) (0.0306)

EPU
0.001 ** * -0.001 *** ***

(0.0004) (0.0004)

S
0.117 *** *** 0.072 *** ***

(0.0055) (0.0039)

APP
0.000 -0.019

(0.0103) (0.0115)

Inf. Sur.
-0.034 ** *** -0.027 ** **

(0.0147) (0.0101)

Glob.
0.019 *** *** 0.005

(0.0065) (0.0062)

Fr.
-0.014 0.000

(0.0204) (0.0195)

dQ2
-0.077 ** *** -0.032

(0.0368) (0.0307)

dQ3
-0.062 * *** -0.036

(0.0310) (0.0302)

dQ4
-0.134 *** *** -0.050 *

(0.0458) (0.0253)

Notes. The first columns displays the determinants, b0 is the intercept. LM report the estimated
coefficients using the linear regression model, while we display Newey-West standard errors in
the parenthesis, NW and B report whether the coefficient of interest is statistically significant at
1% (***), 5% (**), 10% (*) level according to the Newey-West standard errors and the Mammen
wild boostrap quantiles, respectively.
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F Size and power analysis

In this section, we study the performance of the the proposed test both in term of empir-

ical 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

fi = xi + εi,j , for i = 1, 2, ...n (23)

and allow for d > n. The factor fi is a i.i.d. N(0, 1) and εi,j is a idiosyncratic and potentially

auto-correlated error term, i.e., εi,j = ρεi−1,j + zj , zj ∼N(0, σz). The ith realization of the

variable of interest is obtained from

yi = βTf i + ui . (24)

The systematic error term ui permits us to study the behavior of the test even in presence

of auto-correlated residuals, i.e., ui = ρui−1 + zi, zi ∼ N(0, σz). β is the vector weights

that lies in the d-1 dimensional unit simplex. We partition the vector of weights β into

two sub-vectors, i.e., β = (θ,γ), θ is the parameter of interest while γ is a sparse vectors

of nuisance parameters with d non-zero components. Indeed, we require γ to be sparse to

insure the consistency conditions on β̂ and Ŵ when the problem is high-dimensional.

We consider several schemes to assign the weights to the non-zero element i of γ: a)

equal weight, i.e., γi = 1−θ
d ; b) random, i.e., γi = r

k , where r ∼ U(0, 1) and k is a

normalization constant such that θ+ γ = 1. To avoid repetition , we report the results for

the scheme a) with m = 20, d = 5, n = {40, 80, 160}, ρ = {0, .25, .5, .75} and σz = .5 and

σu = .25. 25

Given n realizations of the target and m forecasts, Table 8 and Table 9 report the results

of the simulation study for a nominal size of 5% and 10000 repetitions. Similarly to Ning

and Liu (2017), the first column (True weight = 0) shows that the test is slightly undersized

25The analysis on empirical size and size-adjusted power in scheme a) and b) are comparable. The
parameters σz = .5 and σu = .25 are chosen to obtain an average signal-to-noise ratio ranging from 1.60
(when ρ = .75) to 1.8 (when ρ = 0) across the simulation study for a sample of 1000 observation. Similarly,
we report results for d = 5, but other tables with additional robustness checks are available upon request.
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in the high dimensional case (m = 80 and n = 40), but this distortion becomes less evident

when n = 80 and disappears when n = 180.

We confirm usual results about the size-adjusted power curve. Power increases when

n ↑ and when θ → 1. We also expect that when ρ ↑, the size-adjusted power ↓. Indeed, we

have specified the dynamics of the εj as an autoregressive process of order 1 - AR(1) - and,

keeping σz constant, the long term variance of εj to tend to infinity as ρ→ 1.
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Table 8: Empirical and size-adjusted rejection probabilities for the analysis of the empirical
size and size-adjusted power.

Distance from the null
0 - Size .01 .025 .05 .10 .20 .25

n : 160, ρ : 0

Nonnegative β and LM ∼ χ̄2 Size-adj. power .050 .064 .113 .259 .720 .998 1
Rejection probability .054 .068 .118 .271 .732 .998 1

β and LM ∼ χ2 Size-adj. power .050 .059 .094 .229 .676 .997 1
Rejection probability .085 .095 .145 .304 .751 .998 1

n : 160, ρ : .25

Nonnegative β and LM ∼ χ̄2 Size-adj. power .050 .059 .102 .249 .697 .997 1
Rejection probability .054 .064 .108 .258 .708 .997 1

β and LM ∼ χ2 Size-adj. power .088 .089 .136 .293 .732 .998 1
Rejection probability .050 .054 .085 .216 .643 .994 1

n : 160, ρ : .50

Nonnegative β and LM ∼ χ̄2 Size-adj. power .050 .060 .089 .209 .606 .989 .999
Rejection probability .054 .064 .096 .219 .618 .990 .999

β and LM ∼ χ2 Size-adj. power .086 .095 .120 .252 .643 .991 1
Rejection probability .050 .058 .080 .185 .559 .983 .999

n : 160, ρ : .75

Nonnegative β and LM ∼ χ̄2 Size-adj. power .050 .054 .080 .149 .411 .914 .983
Rejection probability .054 .060 .086 .157 .425 .919 .984

β and LM ∼ χ2 Size-adj. power .082 .088 .112 .186 .456 .926 .985
Rejection probability .050 .053 .069 .128 .368 .889 .975

n : 80, ρ : 0

Nonnegative β and LM ∼ χ̄2 Size-adj. power .050 .058 .086 .170 .435 .929 .987
Rejection probability .057 .068 .098 .185 .459 .936 .989

β and LM ∼ χ2 Size-adj. power .130 .138 .166 .254 .528 .942 .990
Rejection probability .050 .051 .068 .127 .351 .875 .971

n : 80, ρ : .25

Nonnegative β and LM ∼ χ̄2 Size-adj. power .050 .053 .082 .154 .416 .916 .985
Rejection probability .059 .064 .095 .175 .446 .927 .987

β and LM ∼ χ2 Size-adj. power .132 .138 .160 .245 .514 .938 .988
Rejection probability .050 .049 .068 .118 .318 .854 .960

n : 80, ρ : .50

Nonnegative β and LM ∼ χ̄2 Size-adj. power .050 .055 .073 .137 .354 .848 .958
Rejection probability .059 .064 .083 .152 .375 .862 .963

β and LM ∼ χ2 Size-adj. power .129 .130 .149 .216 .442 .881 .967
Rejection probability .050 .053 .063 .108 .278 .772 .923

n : 80, ρ : .75

Nonnegative β and LM ∼ χ̄2 Size-adj. power .050 .053 .065 .105 .245 .664 .822
Rejection probability .060 .063 .078 .121 .272 .688 .841

β and LM ∼ χ2 Size-adj. power .126 .134 .142 .186 .340 .728 .858
Rejection probability .050 .053 .059 .088 .191 .573 .746

Notes. We estimate the empirical size by generating the optimal forecast under the null hypoth-
esis, i.e., 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 β = 0, i.e., by imposing the population weight of the forecast to be tested equal to .01, .025,
.05, .10, .20, and .25.
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Table 9: Empirical and size-adjusted rejection probabilities for the analysis of the empirical
size and size-adjusted power.

Distance from the null
0 - Size .01 .025 .05 .10 .20 .25

n : 40, ρ : 0

Nonnegative β and LM ∼ χ̄2 Size-adj. power .050 .059 .076 .122 .258 .677 .835
Rejection probability .067 .080 .097 .149 .297 .714 .860

β and LM ∼ χ2 Size-adj. power .284 .283 .291 .334 .467 .781 .885
Rejection probability .050 .053 .054 .075 .131 .430 .608

n : 40, ρ : .25

Nonnegative β and LM ∼ χ̄2 Size-adj. power .050 .056 .068 .109 .244 .632 .806
Rejection probability .071 .079 .094 .145 .292 .684 .843

β and LM ∼ χ2 Size-adj. power .284 .283 .291 .330 .449 .753 .869
Rejection probability .050 .050 .052 .068 .128 .398 .559

n : 40, ρ : .50

Nonnegative β and LM ∼ χ̄2 Size-adj. power .050 .060 .074 .108 .226 .585 .744
Rejection probability .066 .076 .090 .126 .257 .618 .772

β and LM ∼ χ2 Size-adj. power .274 .279 .282 .310 .420 .708 .821
Rejection probability .050 .051 .052 .068 .121 .356 .508

n : 40, ρ : .75

Nonnegative β and LM ∼ χ̄2 Size-adj. power .050 .059 .059 .083 .163 .394 .539
Rejection probability .069 .079 .080 .109 .199 .445 .586

β and LM ∼ χ2 Size-adj. power .258 .266 .261 .278 .362 .562 .669
Rejection probability .050 .051 .052 .061 .098 .238 .344

Notes. We estimate the empirical size by generating the optimal forecast under the null hypoth-
esis, i.e., 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 β = 0, i.e., by imposing the population weight of the forecast to be tested equal to .01, .025,
.05, .10, .20, and .25.
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Table 10: 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 .01 .025 .05 .10 .20 .25

n : 1000, d : 20, ρ : 0

Nonnegative β and LM ∼ χ̄2 Size-adj. power 0.050 0.100 0.370 0.898 1.000 1.000 1.000
Rejection probability 0.051 0.103 0.374 0.900 1.000 1.000 1.000

β and LM ∼ χ2 Size-adj. power 0.050 0.097 0.362 0.894 1.000 1.000 1.000
Rejection probability 0.055 0.104 0.380 0.902 1.000 1.000 1.000

n : 40, d : 80, ρ : 0

Nonnegative β and LM ∼ χ̄2 Size-adj. power 0.050 0.047 0.051 0.071 0.127 0.341 0.461
Rejection probability 0.054 0.051 0.058 0.076 0.138 0.360 0.479

β and LM ∼ χ2 Size-adj. power 0.050 0.046 0.051 0.057 0.096 0.242 0.349
Rejection probability 0.035 0.033 0.037 0.041 0.071 0.198 0.290

Notes. 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, i.e., by enforcing the weight to be tested to be zero in popu-
lation. We conduct the power analysis by generating the optimal forecast under the alternative
for a departure from the null of β = 0, i.e., by imposing the population weight of the forecast
to be tested equal to .01, .025, .05, .10, .20, and .25.

49


	cover
	verso LFIN copie
	LFIN_WP2020_9
	AdresseWPLFIN

	Testing W in GVAR version 14-09-2020 (003)
	Introduction
	Methodology
	GVAR specification
	GVAR: a restricted VAR
	Likelihood ratio test

	Size and Power Analyses
	Size analysis
	Power analysis

	Empirical Analysis
	The different transition matrices W
	Data description
	Results

	Conclusions
	GVAR Correspondence with , 0, 1, and .
	Description of the 4-Node Single-Variable GVAR model
	The W Matrices 
	Bootstrapped Likelihood Ratio Test


	Learning_from_ECB_forecasts___paper (3)
	Optimal combination and forecast encompassing
	Estimating the optimal weights
	Testing for forecast encompassing

	Analysis of inflation forecasts in the euro area
	Testing and handling cross-sectional dependence
	Estimating the optimal combination weights

	The Dynamics of the ECB's weights
	The determinants of the combination weights
	Disagreement and inflation surprise 
	Financial conditions and monetary policy

	Seasonality of institutional forecasts
	Controlling for unemployment and industrial production
	The regression framework
	Empirical results
	Discussion: forecast informativeness and the goal of monetary policy

	Conclusion
	The test for forecast encompassing
	The testing procedure

	Assumptions of the test when d > n 
	Beta regression framework
	Bootstrap procedure
	Additional results on the determinants of the weights
	Size and power analysis




