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We propose two types of equal predictive ability (EPA) tests with panels to compare the
predictions made by two forecasters. The first type, S-statistics, focuses on the overall
EPA hypothesis, which states that the EPA holds, on average, over all panel units and
over time. The second type, C-statistics, focuses on the clustered EPA hypothesis where
the EPA holds jointly for a fixed number of clusters of panel units. The asymptotic
properties of the proposed tests are evaluated under weak and strong cross-sectional
dependence. An extensive Monte Carlo simulation shows that the proposed tests have
very good finite sample properties, even with little information about the cross-sectional
dependence in the data. The proposed framework is applied to compare the economic
growth forecasts of the OECD and the IMF, and to evaluate the performance of the
consumer price inflation forecasts of the IMF.
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1. Introduction

Formal tests of the null hypothesis of no difference
in forecast accuracy that use two time series of fore-
cast errors have been widely considered in the literature:
see Vuong (1989), Diebold and Mariano (1995, hereafter
DM), West (1996), Clark and McCracken (2001), Clark and
McCracken (2015), Giacomini and White (2006), Clark and
West (2007), Mariano and Preve (2012), among others.
On the contrary, the literature on such tests using panel
data is scarce with a few exceptions: Keane and Runkle
(1990), Davies and Lahiri (1995) and Qu, Timmermann,
and Zhu (2022, QTZ, hereafter).

The main aim of this paper is to develop testing proce-
dures for equal predictive ability (EPA) hypotheses based
on panel data, taking into account the cross-sectional
dependence (CD) and the temporal dependence in the
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data set. Let y;;; be the forecast of agent | = 1,2 made
for the target value y; of time t = 1,2,...,T for unit
(e.g., country, firm) i = 1,2,...,n. We propose tests
for comparing the predictive ability of two forecasting
agents, using n time series of loss differentials, ALy =
Lit; V1.it)—LYie; Y1.it), of length T, where L (-) is a generic
loss function (for different loss functions in use, see Gneit-
ing, 2011). Our setting differs from that of Keane and
Runkle (1990) and Davies and Lahiri (1995) in that we
consider forecasts made by two forecasters on multiple
economic units over time. In contrast, they consider fore-
casts made by multiple forecasters on a single economic
unit over time. Our paper fills an important gap in the
literature by allowing for multiple target values for each
point in time with respect to these two papers.

We develop two types of tests corresponding to two
EPA hypotheses. The first type focuses on the overall EPA
hypothesis, which states that the EPA holds, on average,
over all units and over time. The statistics of this type,
which we call S-statistics, are useful when a researcher
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is not interested in the differences of predictive ability
for a specific unit or clusters of units but in the overall
differences. The statistics of the second type, C-statistics,
focus on the clustered EPA hypothesis, which states that the
EPA holds jointly for a fixed number of clusters of units in
the panel. QTZ considers the same set of null hypotheses.
Our work differs from QTZ in how the test statistics are
constructed, most notably the statistics for testing the
clustered EPA hypothesis. Both works set up a joint null
hypothesis as “all cluster means are zero" (see, (6) in our
paper and (11) in QTZ). However, we formulate multivari-
ate test statistics in line with the joint hypotheses (the
C-statistics in Section 3.2) with a limiting null distribution
of xZ, where G is the number of clusters. On the other
hand, QTZ formulates a univariate test statistic (the J?
given in (12) in QTZ) based on the “average of the clus-
ter averages of the loss differentials”. If cluster sizes are
equal, the numerator of J? is equivalent to these of E’T"’ of
QTZ and S-statistics in our paper, tests for the overall EPA.
As a result, if the overall EPA hypothesis holds, jr’f fails to
detect departure from the clustered EPA hypothesis. See
the detailed discussion at the end of Section 3.2.

The applied literature comparing the accuracy of two
or more forecasts suggests that the forecast errors of
units, such as countries, are affected by common shocks,
such as the global financial crisis. For instance, Pain, Lewis,
Dang, Jin, and Richardson (2014) show that the economic
growth projections of the OECD for 2007-2012 are sys-
tematically upward biased. A similar tendency exists for
other forecasters, such as the IMF. Moreover, these effects
are carried into the loss differentials, following a similar
pattern, as we highlight later in this paper. The results
of Pain et al. (2014) also indicate that the effect of these
common shocks is heterogeneous across economies, and
some country clusters exist.

Following these insights, we build our testing frame-
work around the loss differentials, which follow an ap-
proximate factor model where some common factors af-
fect all units in the panel with heterogeneous loadings.
In addition, the error terms are allowed to be cross-
sectionally weakly correlated. We, therefore, simultane-
ously allow the loss differentials to contain weak cross-
sectional dependence (WCD) arising from, e.g., spatial
error correlation and strong cross-sectional dependence
(SCD) due to the existence of common factors, using the
terminology of Chudik, Pesaran, and Tosetti (2011). To de-
velop our tests under WCD, we use non-parametric meth-
ods of variance estimation based on geographic or eco-
nomic distances between panel units (Kelejian & Prucha,
2007; Kim & Sun, 2013). In addition, we propose a novel
partial sample variance estimator for large panels that
deals with unknown distances while being robust to arbi-
trary WCD and temporal dependence. To deal with SCD,
we use the principal components estimator (PCE) built for
large dimensional approximate factor models (Bai, 2003;
Bai & Ng, 2002). Following the insights of Driscoll and
Kraay (1998), we also propose tests for the case of an
unknown number of common factors contrary to the ones
based on the PCE. This last approach is flexible in that it is
robust under different types of CD. Moreover, contrary to
the PCE-based tests, they do not rely on a linear factor
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model. They are also straightforward to calculate, as in
the case of overall EPA testing; the proposed test is iden-
tical to applying the Diebold and Mariano (1995) test to
cross-sectional averages of the loss differentials.

We analyze the asymptotic properties of the proposed
test statistics using joint limits. Under mild conditions,
the overall EPA test statistics and the clustered EPA test
statistics converge in distribution to standard normal and
chi-square with G degrees of freedom under the null of
interest, respectively. The finite sample properties of the
tests are examined via Monte Carlo simulations. The re-
sults show, in general, that our tests have very good finite
sample performance. Specifically, we find that Driscoll
and Kraay (1998) based overall and clustered EPA tests are
robust to arbitrary CD in the loss differentials. However,
they have lower power than the tests developed specif-
ically for the case of WCD if loss differentials are only
weakly cross-sectionally correlated. Moreover, if the loss
differentials satisfy the linear approximate factor model
assumption, they have lower power than the tests based
on PCE.

The proposed tests are used in two applications. In
the first one, we compare the economic growth forecast
errors of the OECD and the IMF using data for 29 countries
between 1998 and 2016. In the second application, the
quality of the IMF consumer price inflation (CPI) fore-
casts is challenged by comparing them with random walk
forecasts. This data set contains 127 countries over the
period 1991-2019. We find strong evidence of SCD in
loss differentials of forecast errors in both applications.
The results of the first application show that neither the
overall EPA hypothesis nor clustered EPA hypothesis can
be rejected for the economic growth forecasts of the OECD
and the IMF. In contrast, in the second application, we
find significant evidence against the overall and clustered
EPA hypotheses on comparing the IMF and random walk
forecasts, especially in the pre-crisis period.

The remainder of the paper is as follows: The testing
framework and the hypotheses of interest are presented
in Section 2. The panel EPA test statistics and their asymp-
totic properties are reported in Section 3. Section 4 is
on the small sample properties of the proposed tests.
Section 5 gives guidelines to practitioners willing to test
the EPA hypotheses using panels. In Section 6, the eco-
nomic growth forecast errors of the OECD and the IMF are
compared using the proposed tests. Section 7 concludes.
Three appendices contain additional justification of our
testing framework, proofs of results, and the details of the
second application comparing the IMF CPI forecasts with
random walk forecasts.

Notation. Let A = [a;] be an n x n matrix. The column
and row norms of A erllre |All; = MaXi<j<n ZLl |aij.| and
IAlloc = Maxi<i<n Zj:1 la;|, respectively. The Euclidean
norm of an n x m matrix B is ||B|| = [Tr(B'B)]"/2. M is a
finite positive constant. — and 2~ denote convergence in
distribution and probability, respectively. Joint passage to
infinity of T and n is denoted by (T, n) — oc.
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2. Testing framework and the hypotheses

We are interested in comparing the errors of forecasts
made by two forecasters on an economic variable ob-
served for units i = 1,2,...,nattimet = 1,2,...,T.
The loss differentials, ALy = L(Yie; Y1.it) — LYie; Yi.ie), are
potentially cross-sectionally correlated. The CD may be of
strong or weak types or may even be generated by two
distinct components of these two different types. To sim-
plify the distinction, we assume the following structure
on the loss differentials:

ALy = pi + k,{ft + &it,
n
1
Eit = Z Tij€jt, (1
j=1

where f; = (fir, for, . .., fine) is an m x 1 vector of unob-
servable common factors and A; = (Aqj, Az, ..., Ami) 1S an
mx 1 vector of fixed factor loadings. The coefficients r; are
fixed, unknown elements of an nxn matrix R,,. We impose
r; = 1 for normalization of the variances. f; and ¢; are
assumed to be zero mean weakly stationary time series
allowed to be autocorrelated through time. In addition, €;;
is cross-sectionally uncorrelated. The unit-specific means
satisfy |ui| < oo.

We assume that the error terms ¢; carry WCD, mean-
ing that the variance of their cross-sectional average van-
ishes asymptotically:

n n
: -1 : -2 /
lim Var (n E eit> = lim |n E I y.oli | =0,
n—oo n—oo

i=1 ij=1
(2)

where 1, = (i1, i, - - - » Tin)'s Y0 = diag(y11,0, - - - » Yan0)
and y;i0 = E(eizt). For this to be true, it requires the row
and column sum norms of R, to be bounded; see Assump-
tion 3 below. The common component in (1) is assumed
to induce SCD such that the variance of its cross-sectional
average is bounded away from zero:

n n
Var (n_1 Zl;ff) =n"?) ATo\> 0, foralln, (3)

i=1 ij=1

where I'y = E(fif;). The conditions under which this
holds true are given below, in Assumption 6. The WCD can
be modeled by a spatial process, such as spatial autore-
gression, spatial moving average as well as their higher
order versions, or a factor model with a possibly infi-
nite number of weak common factors (see, for instance,
Chudik et al., 2011).

In this paper, we closely follow the methodological
implications of DM. Firstly, we adopt the view that the
forecast errors may be related to forecasts made using
some econometric models or simply by expert knowledge.
As in DM, our approach is built on a model-free envi-
ronment, meaning that it is agnostic about the process
generating the forecasts. This is contrary to the extensions
of DM in papers such as West (1996) and Giacomini
and White (2006), which focus, among other things, on
problems associated with testing using forecast errors

International Journal of Forecasting xxx (xXxx) Xxx

generated by nested models. Secondly, following DM, our
assumptions directly concern the loss differentials. Fore-
cast errors can be non-stationary and induce CD. The
properties that are carried into the loss differentials are
important, not the properties of the forecast errors specif-
ically. As an example, in Appendix A, we show how the
specification in (1) can be obtained for two different loss
functions, namely absolute and quadratic loss, starting
with a pure factor model for the forecast errors. How-
ever, our approach is not necessarily limited to these
loss functions. As in the DM approach, any other (sym-
metric or asymmetric) function can be used. Eventually,
our methodology relies on the empirical analysis of time
series and CD properties of the loss differentials, using CD
tests (Pesaran, 2015) and information criteria (Bai & Ng,
2002).

The null hypotheses of EPA and the alternatives. The
first hypothesis of interest is

Hy: i =0, (4)

where i = limy_ o0 itn With iy = n=' Y"1 ;. This
hypothesis, also considered by QTZ, states that the fore-
casts generated by the two agents are equally accurate on
average over all i and t. If a researcher is not interested
in the difference in predictive power for a particular unit
but in the average difference over units, this hypothesis
should be considered. It is particularly plausible to con-
sider this in a micro-forecasting study where the units are
random draws from a population. Throughout the paper,
this hypothesis is called the overall EPA hypothesis. The
alternative hypothesis, in this case, is that overall EPA
does not hold:

H{:ji#0. (5)

Of course, it is also possible to consider one-sided alter-
natives.

In a macro forecasting study, differences between clus-
ters of units can have specific economic importance and
may be of interest from a policy perspective. For instance,
a question of interest is whether the forecasts made by
agents are more accurate for a particular cluster of coun-
tries in the sample. In this case, the null hypothesis can
be formulated such that the predictive equality holds for
G clusters of units:

H§" 1 jig =0, forallg =1,2,...,G, (6)

where jig = limpy, o0 flgng With fign, = ng' 3 e i
and Gg is the set of indexes of ng cross-sectional units
which belong to cluster g. This paper refers to this hy-
pothesis as the clustered EPA hypothesis. The alternative
hypothesis associated is the following:

H{": jig #0, for atleastoneg =1,2,...,G. (7)

QTZ considers the null hypothesis Hj" without stating an
alternative hypothesis. Its test against H§" is inconsistent
in particular cases; for instance, the clustered EPA test
fails to reject Hy" if Hy and H{® hold simultaneously. This
issue is discussed theoretically below in Section 3.2. The
difference between the two hypotheses is therefore im-
portant, and the choice depends on the specific interest.
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Table 1
Test statistics proposed.
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Overall EPA tests
S-statistics

Clustered EPA tests
C-statistics

No cross-sectional dependence Sf,lr) Cr(.1r)
Weak cross-sectional dependence

Distance based tests S,(IZT) C,(IZT
Tests with unknown distance §512T) QE,ZT
Strong cross-sectional dependence

No restriction on CD Sfr), Sfr) Cg)
Factor model-based tests ifr) er)

The overall EPA may hold even if the two forecasters
have different predictive abilities for different clusters.
This occurs if the average loss differentials of different
country clusters are different from zero (that is H{* holds),
but they add up to zero when pooled (that is Hj holds).
If these clusters have an economic meaning, testing the
clustered EPA hypothesis is important.

We propose test statistics for these two null hypothe-
ses under different assumptions on the CD structure in
the loss differentials. These are No CD, WCD, or SCD. The
main difference between the proposed test statistics is the
methods of calculating the asymptotic variance depend-
ing on this structure. These test statistics are summarized
in Table 1. Most of our test statistics do not require the
approximate factor model given in (1) with the exceptions
being $'2 and C'?. Nevertheless, we retain the factor
model to simplify the discussion of different types of CDs.

3. The test statistics and their asymptotic properties
3.1. Tests for overall equal predictive ability: S-statistics

Consider the sample mean loss differential over time
and units:

n T
ALy = % Z Z AL

i=1 t=1
We provide testing procedures for the overall EPA implied
n (4) based on AL,r under different assumptions about
the structure of CD in the loss differentials. Let k() be
a kernel function and d; a sequence of positive, non-
random bandwidth parameters. In all cases, the limiting
null distribution of the test statistics is obtained under
Assumptions 1 and 2.

Assumption 1. ¢; follows the linear process ¢; =
> heo CinWie—n for each i, with v ~ iid(0, 1) over i and
t, ElYie|* < 00, MaXi<i<n Y pop hlcin]l < M < oo and
Zﬁio Cih > 0.

Assumption 2. (a) kr(x) : [—1, ]lS contm—
uous at zero kT(O) = 1, kr(x) = kr(—x) Vx R, (b)
llmT%ood Zh 1|kT (h/dr)| < o0, () df —> o0 such
thatdz/T—>OasT—>oo

R —
k

Assumption 1 is sufficient to obtain a CLT for the
sample mean of ¢; for each i. Assumption 2(a) is standard
in time series literature. Assumption 2(b) is a high-level

assumption used to estimate long-run variance for each
i consistently. The conditions under which this assump-
tion holds are given by Jansson (2002). Consistency also
requires Assumption 2(c), which controls the expansion
of dr relative to T.

Overall EPA tests under cross-sectional indepen-
dence. We first consider the simplest case where A/f; = 0
forall i, t and r; = O for all i # j. In order to test the null
hypothesis HY, we propose to use the following statistic:

Vn ALnT

01 nT
where 67, = (nT)7' YL, ngzl kr (ds/dr) ALy AL,

with ALy = ALy — ALy, where ALir = T~'Y|_, AL
and di; = |t —s].

1 _

%)
=
S

(8)

Proposition 1. Suppose AL; follows the model in (1) with
Aife =0 foralli,t, ry = 0 forall i # j, and Assumptions 1-2

hold. Then, under H§ and as (T, n) — oo, S,(qlT) 2 N(O, 1).

To prove this result, it is sufficient to show that
VnT(ALy — fin)/orar > N(0,1) where o2, =
n 'y vir with i =T7! Z[T,szl Yidiss Vidis = E(€ir€is),
and 612,nT — ainT £ 0.1t is easy to prove that the test
statistic is divergent, hence consistent, under H{. To see

this, note that in this case ALy — ji # O, 62 N

o > 0 where 0} = limy7_o 07, It follows that

P[|S,(11T)| > c]—1 for any constant c € R as (T, n) — oo.

Overall EPA tests under WCD. Suppose Ajf; = 0 for
all i, t but r; is not necessarily zero for all i # j. In this
case, the loss differentials AL; are no longer independent
across i. Define di; = dj; > 0 as the distance between units
i and j. We make Assumptions 3 and 4 on the coefficients
Tij.

Assumption 3. Foralln € Z, |Ry|l; < oo and ||Ry|lee <
0.

Assumption 4. Y_' | |r/r;|d] < oo for some p > 1.

Assumption 3 is standard in spatial econometrics lit-
erature and implies the WCD defined in (2). The role of
Assumption 4 is to restrict the spatial correlation among
panel units in relation to the distances between them. As
noted by Kelejian and Prucha (2007), the corresponding
condition in the time series context is fading memory over
time. Under this assumption, the correlation between two
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panel units decreases as the distance increases. This, in
turn, sets a basis for using the spatial kernel function ks(-),
which gives smaller weights to the covariance between
units more distant from each other.

To deal with the WCD when T = 1, Kelejian and
Prucha (2007) proposed a spatial heteroskedasticity and
autocorrelation consistent estimator of the variance-
covariance matrix. This estimator can be seen as a spatial
version of the kernel estimators for time series such that
it uses a spatial kernel based on the distance between
units. The estimator is generalized by Kim and Sun (2013)
to panel data regression by combining the spatial and
time kernels. Define k; = lim,_,o[1 — ks(x)]/|x|? and let
ps = max{q : k; < oo} be the Parzen exponent of
ks(+) (Andrews, 1991), and d,, a sequence of positive, non-
random bandwidth parameters. Assumption 5 is placed
on the spatial kernel function.

Assumption 5. (a) ks(x): R

zero with ps > 1, ks(0) = 5(
MaXi<i<n iMoo dy ' D04 |k5 (dy
oo such that d, /n—>Oasn—> Q.

—1, 1] is continuous at
= ks(—x) Vx € R, (b)
< o9, (c) dy —

The condition in 5(a) is satisfied by all kernel functions
used in practice, such as Bartlett, Parzen, Tukey-Hanning,
and quadratic spectral (see Andrews, 1991). Conditions
similar to that in 5(b) are used by Kelejian and Prucha
(2007), Moscone and Tosetti (2012) and Kim and Sun
(2013). All these studies allow solely for kernels that
truncate, i.e., those that equal zero after a certain value of
the bandwidth parameter. The first two papers place as-
sumptions on the relative expansion of |, = maXj<ij<p lin
where I, = Y, 1{dj < d,}. Assumption 5(c) controls
the expansion otl d, relative to n. This condition, as well as
5(b), is not necessary for our study’s consistent estimation
of the variance-covariance matrices. Nevertheless, these
conditions are retained to compare our results with the
existing literature.

We propose the following test statistic in this case of
WCD:

(2) A/ nTAI_,nT
s = 1T (9)
02,nT
where

62 Ly TI %) e (%) AL AT 10
2 nT — T Z Z Ks dn T dT it s+ ( )
ij=1t,s=1
The theoretical properties of the estimator 822” are ex-
plored by Kim and Sun (2013). Moscone and Tosetti
(2012) use a similar estimator with the difference being
that they set kr (-) = 1.

The disadvantage of this variance estimator is that for
its implementation, the distances between all pairs of
units, dj, must be known to the researcher. Furthermore,
the cut-off distance d,, has to be chosen. In practice, there
may be many possible distance metrics, and economic
theory does not always help to choose between them.
When a distance metric is not available, we can use a
partial sample estimator given by

ég,nr - Z Z IT < ) ALIIALj57 (11)

- 1]1ts1
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where n, an increasing function of n, is the number of
observations used to calculate the variance. It is strictly
smaller than n. Similar variance estimators are used by Bai
and Ng (2006) and Moscone and Tosetti (2015). The first
study focuses on the factor models, whereas the second
deals with panel regression models with small T. Our vari-
ance estimator generalizes that of Moscone and Tosetti
(2015) by allowing for large T with the help of a time
kernel. The corresponding test statistic is given by

5(2) v nTAI:nT

=nT —
QZ,nT

Proposition 2. Suppose AL; follows the model in (1) with
Life = 0 for all i, t and Assumptions 1-5 hold. Then, under

HE and as (T, n) — oo, (i) S& -5 N(0, 1) if dy — oo, (ii)
and 5%) 4 N(0, 1) if n — oo such that n/n — « € [0, 1].

Under Assumptions 1-5, «ﬁ AL — /ln)/az uT 4
N(0, 1) as (T, n) — oo, where o3 = n~' Y1\ ¥ 1.
with p,; = - Zt,s:] Yn,d and Ynds = diag
(V1.dis> V2udess> -+ -5 yn,dm). Hence, the stated results follow
by the consistency of the variance estimators. Similar ar-
guments made in the case of no CD lead to the consistency
of the test statistics in the case in which the alternative
H{ holds.

The test statistic 55127) is an asymptotic one, which, in
practice, can be hard to implement. Despite its advantage
of not relying on a distance metric, it needs special care
as there are no clear indications of which cross-sectional
units to use in the calculation. A solution in practice is
to fix n, calculate the test statistic for a large number of
subsamples of cross-sectional units of size n, and to take
the smallest test statistic. This provides a conservative test
statistic that would be correctly sized but potentially with
low power. Nevertheless, below, we consider another test
statistic, Sfﬂ, which is robust to WCD and does not pose
similar problems.

Overall EPA tests under SCD. This is the most general
case with no specific restriction imposed on the CD of the
loss differentials. To obtain a CLT for the means, we make
Assumption 6 on the common factors, their loadings, and
the error terms.

Assumption 6. (a) f; is independent of ¢; and follows
the linear process f; = Z,;";O Ch¥;_p, with ¥, ~ iid(0, I,,),
E[W)* < oo, Y52, hlICl < M < oo and Y, Cy
is full rank. (b) Factor loadings A; are fixed parameters
such that |[A;] < oo, n7' Y AAj—X; > 0 for an
m x m matrix X;. (c) There exists at least one common
factor fir, k € {1,...,m}, for which the loadings satisfy
[N~ Akl > OforallneZ*.

It is easy to see that, A/f; satisfying Assumption 6 lead
to SCD as defined in (3). We require Assumption 6(a) for
the consistent estimation of the long-run variance of the
common factors. Assumption 6(b) is standard for factor
models. Assumption 6(c) ensures that at least one factor
contributes to the cross-sectional averages’ asymptotic
variance. Although nonstandard, this assumption is not
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restrictive as it does not affect the validity of our testing
procedures.

In this case of SCD, the variance estimator given in (10)
can be modified by setting ks(-) = 1. This variance esti-
mator does not require knowledge of a distance measure
between the units. Moreover, it assigns weights equal to
one for all covariances from the same time period; hence
it is robust to SCD and WCD. The test statistic takes the
form:

TAL

51(13T) - g, (12)
O3 nT

where

631 = Z Z kr < ) ALy AL. (13)

1] 1t,s=1

The variance estimator (13) is valid when T is large, re-
gardless of n being finite or infinite (see Driscoll & Kraay,
1998). The special case of this test statistic where kT is the
Bartlett kernel corresponds to the test statistic J° of QTZ.
As the authors note, an important advantage of thls test
statistic is that it does not rely on the linear approximate
factor model in (1). It is robust even under DGPs such as
ALy = ui+g(Aq, £)+ e where g(-, -) is a non-parametric
function. Furthermore, the test statistic Sff}) is very easy
to calculate as it is identical to the DM test statistic
for the cross-sectional averages of loss dlfferentlals To
see this, 1t suffices to write ALy = T Zt 1Lpe and
62 =T 'Y 1 kr (dis/dr) ALy ALy, where L, =
ny AL,[ and ALy; = Ly — ALyr.

An alternative way to estimate the covariance matrix is
to exploit the factor structure of the DGP. The PCE of large
panels is investigated by Stock and Watson (2002), Bai
and Ng (2002), Bai (2003), among others. This is a flexible
estimator robust to WCD and autocorrelation in error
terms. It is obtained by minimizing the average squared
residuals computed for m common factors:

n T

1 -
vim = — D0 (AL — MY (14)
i=1 t=1
subject to Var(f[) I, and A; A, being diagonal where
A, = (A, A2, ..., A,). Then the solution for the esti-

mates of the common factors, ft, are given by f T times
the first m eigenvectors of the matrix Y1 AL; AL, with
AL, = (AL, AL, ... Ai,T) and the factor loadmgs can
be estimated as A; = Zt 1 ftAL,t We make the follow-
ing high-level assumptlon on the asymptotic properties of
the PC estimates.

e~

Assumption 7. §,;(Af; — Alf;) =

min(~/T, /n).

This is a standard result in the literature on the ap-
proximate factor models. The conditions under which it
holds are given in Bai (2003) (see their Theorem 3). Then
the overall EPA hypothesis can be tested using

TAL
s _ YTALy (15)
O3t

0,(1) where 8,7 =
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where
! d
=Y ZI<T< fs)xmj
z] 1t,s=1

1 dis \ ~ ~
+ T Z Z: kr (é) EitEis, (16)

with 8, = ALy — n

Proposition 3. Suppose AL; follows the model in (1),
Assumptions 1-3, 6 and 7 hold. Then, under H§ and as

(T.n) — oo, () S % N(0, 1), (ii) and S©) 5 N(0, 1).

Under Assumptions 1-3 and 6, v/T(ALyr —fin)/03.n1 4
N(0, 1), where

1 s )
S = — 2 (MT1h+ 1 7)) (17)
ij=1

with I't = 7! ZtT_S:] I'y,. The rate of convergence in
the CLT is T'? instead of the usual rate of (nT)"/? in
the cases of no CD and WCD. This follows from the SCD
characterized in (3). We can show the consistency of the
test statistics using similar arguments to the ones made
earlier, after Propositions 1 and 2. It can be easily shown
that the variance estimator &3% a7 18 consistent under no CD

as well as WCD. Hence the test statistic Sg) is consistent
in these cases as well. However, the divergence rate is
smaller than those of Propositions 1 and 2. Thus, the test
is expected to have a lower power against the null H.

In (17), the first term in parentheses dominates the
second one. This is because, under Assumption 1, 3 and
6, n—? Zl j=1 A‘/‘FTA'J = ( ) but n~2 le 1 z}’nTrJ =

0o(1/n). Hence the latter is asymptotically negligible. This
means that under SCD, one can use a simpler variance
estimator without the second term in (16).

When T is fixed, but n is large, the test statistic Sg) is
not valid as it relies on the T-asymptotics. However, under
additional assumptions on the DGP of the loss differen-
tials, we can obtain a test statistic for fixed T. Specifically,
assume that the loss differentials are based on optimal
one-step ahead forecasts in the sense that they are serially
uncorrelated. Consider the following test statistic:

<3 T ALnT
SnT

03 nT

(18)

where

3HT_—ZAL (19)

We have the following result:

Corollary 1. Suppose that the loss differentials AL; follow
the model in (1), they are serially uncorrelated, and one of
the following holds: (a) Aif. = 0 for all i,t and Assump-
tions 1-5 hold; (b) Assumptions 1-3, 6 and 7 hold and €;; ~

N(O, v?). Then, under H§ and as n — oo, S,(fT) — (T —1).
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Here t(T — 1) represents the Student’s t-distribution
with T — 1 degrees of freedom. The result shows that, un-
der additional assumptions to those of Propositions 2 and
3, we can use the Student’s ¢ critical values after adjusting
the degrees of freedom in the test statistic S ). If the loss
differentials carry SCD, we need the normallty of the error
terms for the result to hold. If they are weakly cross-
sectionally correlated, the normality assumption is not
required as under the WCD assumption, cross-sectional
averages of the loss differentials admit a CLT, i.e., they are
normally distributed for eacht =1,2,...,T.

3.2. Tests for clustered equal predictive ability: C-statistics

Define G, g = 1,...,G, as the set of indexes of n,
cross-sectional units which belong to cluster g such that
GgNGy = ¥, Vg # g’. In this subsection, we are interested
in testing the null hypothesis H§", which can be written as

HE : i =0, (20)

where it = (fi1, fta, ..., jig). Our tests are based on the
empirical counterpart of this quantity: ALy =
(AL] n1 T, ALZ ny,Ts -+ ALG nG. T) where ALg ng,T =
(ng Zzec S, AL,t We assume that the sets of in-
dexes Gg, 8 = 1,..., Gare known. Assumption 8 is placed
to control the asymptotlc number of units per cluster.

Assumption 8. Forall G > 1,asn — oo, ng/n — 15 €
(0,1)foreachg=1,...,G.

With this assumption, we do not rule out the possibil-
ity of having G = 1, in which case we have n; = n. This
particular case corresponds to the overall EPA tests of the
previous subsection. In what follows, these test statistics
are generalized for G > 1 for each case of CD.

Clustered EPA tests under cross-sectional indepen-
dence. In this case A{f; = 0 for all i,t and r; = 0O for
all i # j. We propose the following statistic to test the
hypothesis in (20):

C\P = nT AL, 927 2y Alur, (21)

where

Z Z kT ( ) lg,l AiitAZjS,

i=1 g!tsl

with g; € {1, 2, ..., G} being a variable which states the
cluster which ith unit belongs to and ¢ being the g;th
column of I;. Notice that §2; ,r is a diagonal matrix that
contains an estimate of the average long-run variances of
each cluster as diagonal elements up to a factor which is
asymptotically equal to rg‘l

Proposition 4. Suppose AL; follows the model in (1) with
Af. =0 foralli,t, rj =0 forall i # j, and Assumption 1, 2
and 8 hold. Then, under H§" and as (T, n) — oo, C;y (1) 4 Xé.

Under Assumptlon 1, 2 and 8, we have /nT .Qll/rz

(AL — ) 4 N(0,1Ig) as (T,n) — oo, where 1, =
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(Rings B2mys - s BGng) and 2q,0 = D0, nlélgil‘,gi)_/i,T-
This is a generalization of the CLT following Propbsition 1,
which is obtained when G = 1. It is easy to see that
the test is consistent under the alternative hypothesis H{".
This is because, under the assumptions of the proposmon
the matrix .Q] o7 tends to a positive definite matrix as
(T,n) — oo. However, at least one entry of the vector
AL, tends to a non-zero constant provided that there
exists a g € {1,..., G} for which iy # 0. Furthermore,
the test is consistent against H{ as this hypothesis fails if
any cluster has a non-zero mean. However, we expect this
test to have lower power against Hj compared to SST).

Clustered EPA tests under WCD. Suppose A/f, = 0 for
all i, t but rj is not necessarily zero for all i # j. We can
use the following statistic in order to test H§":

€ = nT AL, 2, 1 ALy, 22)
where
1 n
Dot = = Z ( ") Z kr ( >zg,¢ AL Al
T nglngj fapun

As discussed in the previous section, the estimator has
the disadvantage of relying on a known distance between
each unit in the panel. An alternative variance estimator
for this case of cross-sectional clusters can be constructed
as in (11). Such an estimator is

o d -
72 nT = TlT Z Z Z (;:) LgiléjALi[ALj57

n
- i=1 j=1 g’gltsl

(23)

where n, is the number of observations taken into ac-

count in the calculation of variance in cluster g, hence we
G . e ..

have n = Zg:1 n,. The corresponding test statistic is

€% = nTAL, 2, 17 ALy (24)

Theorem 1. Suppose AL; follows the model in (1) with
Life = 0 for all i, t and Assumptions 1-5 and 8 hold. Then,

. d ,
under HS® and as (T, n) — oo, (i) C2 5 x2 if dy — oo,

(ii) andgi,zr) LY xé ifas ng — o0, Vg =1,..., G such that

gg/ng — k € [0, 1].

Under the assumptions of the theorem, we have
VnT$2; V2 (ALur — i) 4 N(0,1¢) as (T, n) — oo, where
Qonr =20 #ﬂgjlgil‘/gjl‘;_)_ln-rl‘j‘. Then the stated results
follow from the consistency of the variance estimators.
This theorem nests Propositions 1, 2 and 4. The first is
obtained when R,, = I, and G = 1, the second is obtained
with only G = 1, and the last is when only R, = I,. The
consistency of the tests follows from similar arguments to
the ones above, those under Proposition 4.

Clustered EPA tests under SCD. We now consider
the case of no specific restrictions on the CD in the loss
differentials. With SCD, the clustered EPA hypothesis H{"
can be tested using:
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C) = 1AL, 025 7 ALy, (25)

n T

PN 1 1 d -
Q3,7 = T Z — kr (d—“> tgty ALt AL.

ij=1 8 & fs=1 T
As discussed previously, this type of variance estimator
is robust to arbitrary CD and has the advantage of not
requmng known distances between units. Furthermore,
like SHT, it is straightforward to calculate as it is identical
to a Wald test applied to within-cluster cross-sectional
averages where between cluster covariances as well as
serial correlations are taken into account. However, its
performance may be poor in cases of n large relative
to T. Hence, once more, the factor structure of the loss
differentials can be used to form variance estimators. A
test statistic with such an estimate is

o oalq -
Q(ngr) =TALy; 825 7 AL, (26)

1en 1 <

de\ ) ~mon
250 = T Z o 1o Z kr (?;) ‘gitgj}‘iftf;}‘f

ij=1 8 8 ts=1

T
d
+ = Z Z kr ( & ) Lg,Lg Eit Eis- (27)

i=1 glts1

Theorem 2. Suppose AL follows the model in (1), Assump-
tions 1-3, 6-8 hold. Then, under H§® and as (T, n) — oo,
(i) B 5 52 (i) and ¢ 5 52,

Under the assumptions of the theorem, we have
VT$2; }/T (Al — R) 4 N(0,Ig), where 25,7 =
> it . ng) o el (MI'1Aj + ¥, pyqr;). Proposition 3 is a
special case of this theorem with G = 1. It is easy to prove
the consistency of the tests following arguments similar
to the ones under Proposition 4 and Theorem 1. Similar
to the discussion following Proposition 3, ct T is expected
to be consistent under WCD but have lower power than
Cﬁ) in this case.

Furthermore, it is easy to see that the test is consistent
against HJ, following similar arguments of the discussion
of Proposition 4. However, it is important to note that
none of the overall EPA test statistics is consistent under
general alternatives of H{. To see this, suppose that G = 2
with 11, — pu® # 0, ion, — —u® as n — oc. Then
n — 0 as n — oo; hence, the overall EPA hypothesis
holds asymptotically while the clustered EPA hypothesis
fails. Therefore, the S-statistics follow their asymptotic
null distributions under their respective assumptions, as
stated in Propositions 1-3 and Corollary 1.

Comparison of C-statistics and J? of QTZ. QTZ pro-
poses a test statistic for the clustered EPA hypothesis of
the form

b VGD
= —,
JG— 138 0, - by

where Dy = ﬁ D icG > iz Alyand D =G Zgzl D,

and they suggest to reject the null H§® if UP| > t6—1,1-a/2
where t;_11_, is the 1 — o quantile of the t(G — 1)
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distribution. To see how J? is related to the test statistics
that we propose, let us first suppose that n, = n/G for all
g=1,...,G, that is, the cluster sizes are identical. Then,
the numerator of J? is equal to VnT ALyr, the numerator
of our S-statistics, and that of J?}' of QTZ:

V6D = G‘leZiALn

tng t=1
zw XY
zeGg t=1
1 n_ -

= TlTAinT .

Hence, the test statistic is closer to the S-statistics rather
than the C-statistics.

To have a clear idea of the asymptotic properties of ],?,
let us suppose now that G = 2 and the cluster sizes are
asymptotically identical: 7y = t; = 1/2. Suppose also
that fi1n, — u® # 0, fion, > —u°® as n — oo, therefore
in — 0.1In this case H§ holds and the asymptotic distribu-
tion of /GD is identical to that of ~/nT AL,; under WCD.
Hence, even if the clustered EPA hypothesis fails, the test
cannot detect deviations from it.

3.3. Special cases and extensions

Tests for joint equal predictive ability. In macroe-
conomic applications, the differences in the predictive
ability for each cross-sectional unit can have specific eco-
nomic importance. When this is the case, one may be
interested in the following hypothesis:

H) :E(ALy)=pi =0, foralli=1,2,...,n

This hypothesis, namely the joint EPA hypothesis, states
that the EPA hypothesis holds for each unit in the sam-
ple. This hypothesis can be seen as a special case of the
clustered EPA hypothesis Hi* with the number of clusters
equal to the number of units in the panel, that is G =
n. However, in this case Assumption 8 is violated as for
eachg = 1,...,G ny; = 1 and therefore ng/n — 0.
Nevertheless, the hypothesis can still be tested using the
above test statistics if n is fixed after suitable modification
of the convergence rates. For instance, a test statistic that
is robust to arbitrary CD is

5 -1 - D
Jur = TAL 2,7 ALy — x7,

2 = Z Z kr ( ) Lt AL AL,

1] 1t,s=1

with ALy = (AL, ALy, ..., ALy), and ¢; being the
ith column of I,,. Different cases of CD can be covered by
modifications to the variance estimator. These cases are
discussed at length in a previous version of this paper (Ak-
gun, Pirotte, Urga, & Yang, 2020), where we also consider
the case of large n.
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Tests for individual cross-sections. The overall test
statistics Sf,lT), S,(fT) and §5,2T) and clustered test statistics
C,E}), C,EZT) and Q(HZT) are applicable to a single cross-section,
i.e. when T = 1 after minor modifications. As an exam-
ple, let us take S;lr). The modified statistic will take the
following form:

AL,

&l.n/\/ﬁy

where &in =n'Y1, AL ALy, with ALy = ALy — ALy,
where AL, =n~' >, AL;. The modification is on cal-
culating the variance, where we calculate the deviations
from the overall mean instead of the individual means.
A CLT can be easily obtained for a single cross-section
as a basis for these statistics. For instance, we can apply
the CLT for independent but heterogeneous sequence (see,
e.g. White, 2001, Theorem 5.10) to show the normality
of tests with no CD, and the CLT for spatially correlated
triangular arrays of Kelejian and Prucha (1998) to show
the normality of tests with WCD, respectively.

s =

4. Monte Carlo study

A set of Monte Carlo experiments are conducted to
investigate the finite sample properties of the test statis-
tics given above. Two thousand samples are generated
from each DGP described below for the dimensions of
T € {10, 20, 30, 50, 100} and n € {10, 20, 30, 50, 100}.
All tests are applied for the nominal size of 5%.

4.1. Design

Two different DGPs are considered to explore the effect
of WCD and SCD on the performance of the tests. DGP1
contains only WCD that is controlled using a stationary
spatial AR(1) process, which satisfies Assumption 3. In this
case, for each unit i, two independent forecast error series
(e1.it, e2,ir) are generated using spatial AR(1) processes.
Define first

n
Gie=p Y willje+unie, With, ue ~ id.N(0, 1), 1=1,2,

=1

(28)
where wj; is the element of the spatial matrix W, in row
i and column j with w; = 0 for alli = 1,2, ..., n. Then

the forecast error series e, | = 1, 2 are generated as the
ith element of the n-vector

1

€nt = —=SnWn¢, 29
In,t \/g nWin,t ( )
where W = (W1, W, .-, Wine)s S = (I — pWy) ™!
and 5, = n~'tr(S,S,,). To explore the size of various tests,
we use these two forecast error series e; i, | = 1, 2. We set

p = 0.5." In this DGP, a quadratic loss function is used.
DGP2 contains SCD and WCD. In this case, follow-
ing Giacomini and White (2006), we generate the loss

1 e also tried p =0 and p = 0.9. The findings are similar to those
obtained with p = 0.5, and the results omitted to save space.
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differential directly, so the tests do not rely on a specific
loss function. This is given by

ALy = E(pi + Aific + Aaifor + &ie). (30)
To investigate the size we set u; = 0 for each i =
1,2,...,n and generate factor loadings as Ay, Ay ~

iid.N(1, 0.2). The common factors are formed by fi¢, for ~
iid.N(0, 1), The error series ¢;; are generated in the same
spirit as in (29), precisely we set ¢; = ej ;. We finally
set & = 4/1/3.4 to control for the variance of the loss
differential series.

We also undertake a robustness check to study the
small sample properties of the tests S,(f) and 5,(13) by con-
sidering a heavy-tailed error distribution. We generate
errors from a t(6) distribution for half of the panel and
a standard normal for the other half. Specifically, in (28)
we set, for each | = 1, 2, uj; ~ iid.t(6) ifi=1,...,N/2
and u;; ~ iid.N(0O, 1) otherwise.

We explore the power of various tests under two dif-
ferent alternative hypotheses. For this purpose, in the
case of DGP1, we generate a third series es; as two
different re-parametrizations of the series e, ;. The first
corresponds to the homogeneous alternative, and the sec-
ond to the heterogeneous alternative. We generate es;; =
\/ﬁem and report the results from testing the equality
of forecast accuracy of e; ;; and es; ;. In the heterogeneous
scenario, we generate es;; = +/0;e2; where 6; = 0.8
fori=1,...,n/2and §; = 1.2 fori =n/2+4+1,...,n
Similarly, in the case of DGP2, we set u; = 1.2 for each
i in the case of homogeneous alternative and u; = —0.2
fori=1,...,n/2and u; =02 fori=n/2+1,...,nin
the case of heterogeneous alternatives.

As the error series and the common factors are serially
uncorrelated for each unit, it is implicitly assumed that
we are dealing with one-step ahead forecasts. Hence, we
set the time series kernel kr(-) = 1if t = s and kr(-) =
0 otherwise. Spatial interactions between units are cre-
ated with a row-normalized rook-type weight matrix.?
The Euclidean distance gives the distance between two
units. In the computation of the spatial kernel ks(-), we
use these distances. In addition, we use distances based
on the wrong assumption that the units are located on
a line. We use Bartlett kernel for all experiments, and
following Kelejian and Prucha (2007), we set the spatial
kernel bandwidth to d, = [n'/4] + 1 where [-] stands for
the smallest integer bigger than its argument. Similarly,
the overall and clustered EPA test statistics using partial
sample variance estimators are calculated by setting n =
n'/21+1and n, = n, = [n"/2/2] + 1, respectively.

We consider three possibilities for selecting the num-
ber of factors for the tests using common factors. First, we
calculate them assuming m = 2, meaning that for DGP2,
the number of common factors is correctly specified. Sec-
ond, we set m = 1 for the case of under-specification.

2 The units are assumed to lie on a p1 X p; rectangular grid such that
the first p; units are located in the first column of the grid, the second
pp units are located in the second column, and so on. We, therefore,
have n = pip,. For each n € {10, 20, 30, 50, 100}, we choose p; as 2,
4, 6, 10, and 50, respectively.
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Table 2
Small sample properties of the non-robust tests S,(Il% and C,(f%
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Overall EPA Tests: Sﬁll% Clustered EPA Tests: C,il}

n|T 10 20 30 50 100 n|T 10 20 30 50 100
DGP1: Size

10 13.6 13.1 12.1 12.7 13.4 10 15.4 16.0 14.5 14.8 14.8
20 13.1 12.5 12.2 10.5 115 20 14.8 15.0 14.1 12.5 13.2
30 114 117 11.9 114 10.5 30 14.1 12.5 12.6 12.0 11.1
50 14.3 11.6 10.4 11.1 10.1 50 16.0 12.9 11.4 12.1 12.2
100 13.5 11.1 12.8 12.4 11.4 100 12.9 10.6 11.6 10.9 10.2
DGP2: Size

10 48.0 47.3 44.9 42.9 48.5 10 41.9 40.6 384 348 42.1
20 62.2 62.2 60.4 584 56.8 20 56.3 55.7 55.4 52.7 513
30 67.7 64.3 65.1 65.6 65.4 30 63.2 59.9 60.7 61.2 60.0
50 722 724 72.0 74.2 73.0 50 69.3 68.9 67.6 70.0 68.6
100 79.9 80.8 81.9 79.2 80.0 100 76.4 75.9 774 75.6 76.5
DGP1: Power

10 242 33.1 38.2 54.8 76.3 10 236 29.8 342 49.3 717
20 320 49.2 614 783 95.9 20 28.7 44.8 573 732 935
30 41.0 61.1 74.7 89.5 99.4 30 38.2 54.0 67.7 85.8 98.7
50 55.5 78.3 91.1 98.5 100.0 50 51.7 73.1 87.3 97.6 100.0
100 79.9 96.4 99.3 100.0 100.0 100 73.0 943 98.7 100.0 100.0
DGP2: Power

10 954 99.6 100.0 100.0 100.0 10 95.6 99.6 100.0 100.0 100.0
20 98.2 99.8 100.0 100.0 100.0 20 98.5 99.9 100.0 100.0 100.0
30 98.8 100.0 100.0 100.0 100.0 30 99.1 100.0 100.0 100.0 100.0
50 99.1 100.0 100.0 100.0 100.0 50 99.6 100.0 100.0 100.0 100.0
100 99.5 100.0 100.0 100.0 100.0 100 100.0 100.0 100.0 100.0 100.0

Note: Overall EPA Tests are introduced in Section 3.1 and Clustered EPA Tests are in Section 3.2. The nominal size is 5%. The power

is calculated under the homogeneous alternative hypothesis.

Third, we select the number of common factors by min-
imizing the IC,; information criterion® of Bai and Ng
(2002) given by

nT

n+T
IC,y =V — 1
Pl (m)—i—m( nT >n<n+T>

where V(m) is defined by (14). The case of over-specification
of the number of common factors is not separately con-
sidered because IC,; almost always overestimates the
number of common factors in small samples (see Table 9
below).

Before the discussion of the size and power of the
robust tests, as a benchmark, we refer to the results on
the non-robust tests Sf,lT) and C,(q]T). The size and power of
these tests are reported in Table 2. As is expected, all tests
are incorrectly sized.

(31)

4.2. Size properties

The results on the size of CD-robust overall EPA tests
with DGP1 are in Table 3. The size of the kernel robust test
SLZT) of the overall EPA hypothesis improves with either
T or n. First, we focus on the results when the distance
metric is correctly specified. In the smallest samples with
T = 10 and n 10, this particular setting provides
an empirical size of 9.9%. For T 100 with n 10
corresponding value equals 8.65%, whereas for T 10

3 The authors consider several information criteria. In their sim-
ulations IC,; appears to be the best performing criterion under
WCD.

with n = 100 it is 8.4%. In the largest sample, its size is
6.3% which is close to the nominal value of 5%. When the
distance between the panel units is incorrectly specified,
the test size improves with either dimension.

However, as expected, the size distortions are slightly
larger in this case. In the smallest and largest sample
sizes, its size equals 12.5% and 8.3%, respectively. The test
which uses the partial sample estimator of the variance
has similar size values. However, its size improves only
with T. When T = n = 10, its size is slightly larger than
that of the kernel robust test with a misspecified distance.
When (T,n) = (10, 100) the size distortion increases
(13.4%). In the case of large T, however, it performs better
than the kernel robust test with incorrect distance. For
instance, when (T, n) = (100, 100) its size equals 7.7%.

The test 51(131) performs very well especially when T is
large and n is small. In most of the combinations of T and
n it shows better properties than Sr(]zr)- When T is greater
than 50, it is correctly sized and even when T = 30 and
n = 100 its size is 6.9% which makes it the preferred test
over any version of S,SZT).

The test 55131) shows good properties even though it
wrongly assumes that the loss series contain common
factors. The test with m = 2 performs similarly to 5,(1?
when n is small, but its performance is less good as n gets
large. In general, the size distortion of the test is bigger
when m = 1.

The case where the number of common factors is
chosen by IC requires some special attention. The test
performs well for small n and T, but its performance
drops as n or T gets large. To understand this behavior
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Table 3
Size - DGP1: No common factors, spatial dependence.
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Overall EPA Tests

Clustered EPA Tests

nT 10 20 30 50 100 nT 10 20 30 50 100
s& 10 99 91 82 90 87 c 10 110 107 95 95 97
20 87 80 79 69 72 20 100 90 88 77 78
30 78 69 84 64 69 30 93 75 79 67 63
50 97 69 64 73 65 50 115 76 67 71 73
100 84 69 74 68 63 100 86 63 77 71 61
s@ms] 10 125 111 103 108 110 cPms) 10 133 130 117 117 116
20 111 103 102 88 93 20 123 111 112 102 102
30 97 92 105 86 84 30 11 93 101 92 83
50 118 92 79 96 84 50 130 98 88 88 93
100 98 84 97 90 83 100 83 61 80 72 6.1
s% 10 129 91 77 70 63 c@ 10 235 178 152 139 125
20 122 100 91 68 66 20 182 121 98 81 73
30 114 87 92 66 68 30 232 155 143 116 92
50 131 96 77 75 68 50 249 159 121 107 105
100 134 99 100 90 77 100 194 98 93 73 55
S8 10 83 72 59 58 59 c® 10 138 99 74 63 69
20 97 74 69 60 57 20 142 92 79 66 58
30 87 69 75 53 52 30 139 84 77 63 50
50 109 74 53 59 57 50 169 93 67 69 58
100 100 72 70 65 54 100 157 86 86 79 57
sOHm=21 10 89 82 62 54 45 ®m=2] 10 149 124 86 68 60
20 107 90 82 69 68 20 165 121 105 90 76
30 94 83 86 74 69 30 141 111 107 90 77
50 130 87 77 81 77 50 169 120 98 98 97
100 117 93 106 105 90 100 139 96 110 98 88
sOm=1 10 103 94 81 72 72 c®m=1 10 166 143 110 102 106
20 119 101 96 86 81 20 169 135 121 106 97
30 103 95 95 89 84 30 139 123 116 99 88
50 131 97 91 96 90 50 171 127 106 108 106
100 119 100 112 116 101 100 136 101 109 104 95
SO lic] 10 8.2 6.8 5.8 56 7.9 P tic) 10 144 101 74 64 84
20 96 82 100 98 114 20 150 113 122 119 132
30 88 96 115 112 105 30 148 113 120 118 111
50 112 113 103 111 1041 50 173 129 115 121 122
100 112 111 128 124 114 100 151 106 116 109 102

Note: See the note of Table 2. [ms] indicates that the test uses a misspecified distance metric. For B

S,.1» the number of common factors

is shown in brackets. [ic] means that the number of common factors is chosen by IC.

of the test, we check the small sample properties of IC,;.
The average number of common factors chosen by this
criterion over simulations is reported in Table 9. It is seen
that when either of the dimension of the panel grows, the
performance of the IC increases. However, this improve-
ment is prolonged when one of the dimensions is small.
In DGP1, only when one of the dimensions is greater than
50 is the performance at acceptable levels. Once either
T or n is greater than 50, the average number of factors
selected over replications is either zero or very close to
zero. This means that the test converges to the non-robust
test in these cases. Hence, the empirical size and power
of the test equals the size and power of the non-robust
test given in Table 2. Of course, in practice, the number
of common factors is rarely known to the researcher,
and the most realistic application of this test is this case
based on IC. However, it should not be understood that
the performance, in this case, best describes our testing
procedure. In practice, if a suitable test rejects the no CD
hypothesis, and the researcher decides with the help of
an IC that the loss differentials do not contain common
factors, an EPA test which is robust to WCD has to be
used; for instance, Sffr) or S,(fT). As in the case of zero

common factors §L3T) is identical to S,(,lr). these tests have to

be used only if the no CD hypothesis cannot be rejected
before the application of EPA tests.

The results for the clustered EPA tests are reported
in the right block of Table 3. The kernel robust test Cﬁé)
performs slightly worse than the overall test Sf.,zT), and
its performance improves rapidly with increases in the
number of observations in either dimension of the panel.
In the case of large samples, the empirical sizes of the two
tests are comparable. Similar to the findings on the overall
test, when the distance is misspecified, the size distortion
in the test is only slightly higher, and its performance
gets better with increases in the number of observations.
The performance of the test based on the partial sample
estimator, namely C ;ZT) is unsatisfactory in small samples,
especially for small n. For T = 10, even for the largest
n we have, the empirical size of the test equals 19.4%.
However, its performance improves with T, reaching 5.5%
in the largest sample.

The test Cﬁ) is a very viable alternative to C(?. For
small T, its size distortion is superior to that of Cn?, but
even for n = 20, it has good size properties. However,
contrary to C,S?, its performance improves only with T. For
instance, when n = 10 and T = 20, its size equals 9.9%,
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Table 4
Size - DGP2: Common factors, spatial dependence.
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Overall EPA Tests

Clustered EPA Tests

nT 10 20 30 50 100 nT 10 20 30 50 100
s& 10 307 305 266 247 296 c 10 241 222 196 170 207
20 300 294 281 259 250 20 215 206 195 173 17.1
30 373 347 356 348 326 30 293 257 274 256 241
50 474 436 429 444 427 50 390 351 339 352 327
100 593 591 580 563 580 100 527 519 522 496 499
s@ms] 10 377 361 335 313 381 cPms) 10 305 299 259 247 291
20 455 449 435 414 403 20 369 355 352 324 316
30 528 495 512 508 500 30 460 422 438 420 403
50 609 593 589 602 598 50 557 519 519 533 520
100 682 673 676 664 674 100 612 610 600 585 5938
s% 10 243 230 203 189 224 c@ 10 353 292 264 231 253
20 348 337 329 305 290 20 337 288 265 242 230
30 404 376 384 374 359 30 469 399 409 390 355
50 457 418 413 420 405 50 508 443 420 438 393
100 540 543 542 516 523 100 568 531 536 502 493
SO 10 102 85 60 63 57 c® 10 169 98 75 67 7.1
20 94 74 67 52 59 20 154 101 80 65 62
30 103 65 77 58 54 30 157 88 83 67 60
50 87 69 65 55 50 50 152 93 73 68 48
100 85 714 53 57 47 100 149 90 75 72 52
sHm=21 10 99 80 56 60 53 c®m=21 10 200 129 110 91 98
20 93 73 63 50 54 20 211 158 154 138 128
30 101 65 77 55 54 30 220 168 166 160 146
50 86 68 64 54 49 50 238 186 158 159 143
100 85 71 52 57 46 100 133 87 73 74 54
s@m=1 10 98 77 56 58 52 c®m=1 10 253 203 187 168 156
20 93 72 62 49 53 20 248 192 185 162 158
30 101 64 76 55 53 30 242 186 182 172 151
50 86 67 64 54 49 50 255 194 166 163 145
100 86 71 52 57 46 100 124 88 72 77 53
SO lic] 10 101 83 6.0 6.2 55 P tic) 10 167 95 7.3 6.1 6.3
20 93 73 64 51 55 20 159 103 91 80 77
30 102 65 77 55 54 30 164 114 138 137 135
50 86 68 64 54 49 50 167 175 152 159 143
100 85 71 52 57 46 100 144 88 73 74 54

Note: See the note of Table 3.

which is better than that of the kernel robust test (10.7%).

When n = 100 and T = 20 the performance of the latter
E)roves dramatically and reaches 6.3% whereas that of
T is 8.6%.

Finally, we focus on the size of the test using estimated
common factors, C'7). Irrespective of the choice of the
number of common factors, when T is small, the test
suffers from more size distortions compared to C(T) and
Cﬁ . However, for large T and small n, the test with m = 2
performs similarly to the others. In fact for the smallest
n and largest T that we consider it has an empirical size
of 6% which is better than that of C,(ﬁ) (9.7%) and C,E?
(6.9%). When m = 2, the improvement of the size of the
test is much slower with the increase in T, and when the
number of common factors is chosen by IC, it approaches
the non-robust test, as expected.

The size results for DGP2 are reported in Table 4. As
expected, for this DGP, the overall tests Sf,) and SET) are
grossly over-sized, and their performance does not im-
prove with increases in the sample size in any dimension.
The test S,(13T) shows very good properties except when T
is very small, in particular when T > 30. Conclusions are
similar for the factor-robust tests SnT This test performs
better than S,(f}) for all sample sizes considered. An im-
portant finding is that the test performs very well even

when the number of common factors is underspecified.
We also see that the three test versions are equivalent in
large samples. These three tests have equal empirical sizes
for T > 10 and n > 30.

The findings concerning the clustered EPA tests robust
to SCD are similar to those in the case of DGP1, with a
few points worth mentioning. The test C,g) behaves in
line with theoretical expectations such that it has lower
size distortions for large T and small n and it performs
slightly worse than the overall test SnT The tests based
on estimated common factors are found to be oversized
in small samples when the number of common factors
is chosen by the researcher. The IC-based version shows
fewer size distortions. For small T it outperforms Cn?
overall. Finally, the IC-based test and the test with m = 2
have identical sizes in the largest samples. This is ex-
pected because the information criterion IC,; consistently
chooses the number of common factors when n and T are
large, as seen in Table 9.

We conclude this section by reporting the following
two simulation exercises. In the first, we evaluate the
performance of the test statistics SffT) and SffT). In the
second exercise, we study the properties of the ]D test
statistic of QTZ. We note that the modified test s® oT 1S
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Table 5
Small sample properties of Sff% and §fl3} under deviations from normality.

DGP1 DGP2
nT 10 20 30 50 100 nT 10 20 30 50 100

Size

s 10 8.6 6.3 6.4 5.1 5.1 s 10 93 7.6 6.8 5.8 57
20 8.4 74 5.0 6.0 5.3 20 102 7.3 6.9 5.9 5.3
30 105 66 6.3 6.2 5.7 30 96 7.7 6.7 5.2 5.6
50 8.3 7.6 6.1 6.0 55 50 101 7.2 7.4 5.9 6.6
100 89 7.0 5.8 5.3 5.0 100 8.1 6.2 5.6 5.1 5.6

8 10 4.1 3.9 5.0 44 48 $81 10 46 5.2 53 53 55
20 36 46 3.7 5.2 438 20 49 5.4 5.1 48 49
30 48 47 5.1 5.4 5.1 30 5.2 55 56 44 5.3
50 44 5.2 46 5.2 5.4 50 5.3 5.0 6.1 5.4 5.9
100 44 45 45 46 47 100 39 4.0 46 43 5.1

Power

s 10 134 149 208 278 453 s 10 728 935 982 1000  100.0
20 213 259 336 493 735 20 744 956 992 1000  100.0
30 252 346 467 638 872 30 776 953 989 1000  100.0
50 320 494 631 836 980 50 779 954 991 1000  100.0
100 525 754 880 980 1000 100 789 968 993 1000  100.0

5 10 7.0 112 170 254 439 59 10 605 906 974 1000  100.0
20 121 208 295 462 722 20 622 933 987 1000  100.0
30 149 282 422 620 866 30 658 932 988 1000  100.0
50 207 418 595 821 976 50 659 938 989 1000  100.0
100 383 689 854 976 1000 100 664 953 992 1000  100.0

Note: The tests are introduced in Section 3.1. The nominal size is 5%. The power is calculated under the homogeneous alternative

hypothesis.

valid only for one-step-ahead forecasts. Furthermore, it
requires normality under SCD.

Table 5 reports the finite sample properties of 5,(13T) and
5,(3) under the failure of normality assumption. As can be
seen, the test statistic §£3T) is perfectly sized irrespective
of the sample size, even when normality fails, under both
DGPs. Turning to the performance of J?, we note that the
test is valid only under WCD (DGP1). This is confirmed
by the results reported in Table 6, where the test’s size is
very close to the nominal size irrespective of the sample
size for DGP1, while it is grossly oversized under DGP2.

To summarize, in the case of both DGPs, the overall
EPA hypothesis can be tested with a size close to the nom-
inal value for almost all sample sizes. In particular, it is
found that test S,(fT) has very good properties in both DGPs.
In addition, §,(13r) can be used for one step ahead forecasts
with size practically equal to the nominal size, irrespec-
tive of the type of CD in the loss differentials. For DGP1,
for small T and large n, the kernel robust test is preferred
over the test based on the partial sample estimator, given
that the distance metric is correctly specified. Finally, the
test Cg) is preferred over others; however, QS?T) also has
good properties when the number of common factors is
overspecified.

4.3. Power properties

The power results of the tests for DGP1 under the
homogeneous alternative hypothesis are given in Table 7.
In the previous subsection, we have seen that the size
of the overall EPA tests SﬁlzT), Q;ZT) and SfT) approach to
the nominal level for this DGP. Here, it is seen that the
power of the tests §;2T) and S;ZT) converge to 100%, for the

Table 6

Size properties of the clustered test ],’f of QTZ.
n|T DGP1 DGP2

10 20 30 50 100 10 20 30 50 100

10 55 50 54 51 56 154 158 157 15.1 157
20 56 51 58 50 52 195 203 207 203 199
30 55 56 53 55 55 23.0 227 233 239 229
50 59 53 6.0 56 44 286 286 293 305 278
100 55 52 67 6.1 63 47.0 485 46.8 462 479

latter, the distance metric is unimportant. Hence the test
is consistent in all cases. For moderate to large T, the
test SffT) is correctly sized. We observe that its power is
slightly lower compared to that of S,(fT) in these sample
sizes. For instance, when T = 100 and n = 10 the power
of 5;(121) equals 70.8% whereas those of S,ﬁ) and 55131) are 63.5%
and 57.2%, respectively. Hence, even though they wrongly
assume that there are common factors in the DGP, the
power of the factor-robust tests 5%) are close to that of
5,(131)- To conclude, we see that the factor robust tests have
lower power under WCD, as expected.

The previous results of the clustered EPA tests showed
that, in general, they are correctly sized only for large
T. Here we see that their power is only slightly lower
than the overall tests. For instance, the power of the
asymptotically correctly sized tests S,(]ZT) and C,(ﬁ) are 19.1%,
and 17.3%, respectively, and their power reaches 100% in
the largest sample.

Table 8 reports the power results of the tests for DGP2
under the homogeneous alternative hypothesis. For this
DGP, we have seen that the tests S,(fT) are oversized, even

asymptotically. Hence, we focus on the tests S,(fT) and 551?
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Table 7
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Power under homogeneous alternative - DGP 1: No common factors, spatial dependence.

Overall EPA Tests

Clustered EPA Tests

nT 10 20 30 50 100 nT 10 20 30 50 100
s&) 10 191 266 308 476 70.8 c 10 173 223 268 403 64.1
20 246 401 531 712 932 20 217 343 457 637 88.4
30 336 519 672 852 98.9 30 295 446 578 784 973
50 486 716 878 975 1000 50 428 635 811 948 100.0
100 712 941 984 1000  100.0 100 634 898 968 1000 1000
s [ms] 10 218 299 349 516 73.8 chms) 10 200 261 306  45.1 68.3
20 287 453 573 751 95.0 20 249 396 519 685 91.1
30 376 563 712 879 993 30 339 496 628 824 983
50 524 752 898  98.1 100.0 50 470 680 846 962 1000
100 743 952 987 1000 1000 100 674 918 978 1000 1000
s@ 10 203 233 270 410 64.2 c@ 10 315 309 330 455 67.7
20 270 387 520 688 92,0 20 309 368 455 612 87.0
30 362 529 656 834 986 30 437 523 651 826 97.8
50 506 725 858  97.1 100.0 50 560 709 839 954 100.0
100 733 945 985 1000  100.0 100 666 868 946 996 100.0
SO 10 165 217 254  39.1 63.5 c® 10 185 199 223 320 535
20 238 373 489 662 90.4 20 260 325 423 578 84.9
30 318 488 630 822 98.3 30 331 429 543 732 96.3
50 470 677 843 963 100.0 50 455 607 784 928 100.0
100 685 922 978 999 1000 100 662 884 958 998 1000
@ m=21 10 174 208 251 360 57.2 ®mm=21 10 210 218 235 310 474
20 255 386 504  67.1 90.1 20 280 378 463 614 849
30 343 523 669 841 98.1 30 344 478 588 790 96.9
50 503 721 873 973 100.0 50 487 676 819 955 100.0
100 730 944 987 1000 1000 100 686 920 975 999 100.0
sBm=1 10 194 240 283 415 61.9 m=1 10 234 256 273 387 57.2
20 283 428 535 718 92.1 20 283 402 508 6638 88.3
30 363 547 701 863 98.8 30 361 506 627 813 97.5
50 524 744 891 977 100.0 50 504 699 840 964 100.0
100 755 953 989 1000 1000 100 704 928 979 1000 1000
$@ ic] 10 163 210 238 368 64.9 P ic] 10 191 197 209 306 56.4
20 238 387 560 763 95.8 20 266 353 516 711 933
30 316 560 731 890 99.4 30 335 499 657 854 987
50 482 770 909 985 100.0 50 470 718 871 976 100.0
100 718 964 993 1000 1000 100 680 942 986 1000 1000

Note: See the note of Table 3.

It is seen that the power of both tests is very similar for
all sample sizes. For instance, for rnost of the sample sizes
that we consider, the power of c8 T equals the power of
C (n3T when the number of common factors is chosen by the
IC.

The power of the tests S (3T) and 5(3) under non-normality
are reported in the second panel of Table 5. As is stated
in the previous subsection, SnT improves greatly over S
in terms of size. We now see S( ) has less power for any
sample 51ze compared to S ) 1t has to be noted, however,
that SnT still performs very well, and its power equals
100% as the sample size increases.

We do not report the power results under the hetero-
geneous alternative hypothesis to save space. The mam
fmdmgs are summarized in Fig. 1 where the power of SnT,

nT )and JP are shown under DGP1 so that the assumptions
of QTZ are satisfied. It can be seen that under the homo-

. 3) 3

geneous alternative, the power of our tests S,/ and C;
rapidly approach 100%. Whereas the power of ],? is very
low compared to our proposed tests, although it increases
with sample size. Under the heterogeneous alternative
on the other hand, the power of the overall test 5,(1‘? ap-
proaches the nominal size. This is because the overall EPA

hypothesis holds under this alternative hypothesis. On the
other hand, the expected value of the loss differentials
is different from zero for clusters of panel units; hence
the clustered EPA test CnT has power under this scenario.
Under this alternative hypothesis, we see that the power
of J? approaches zero. Hence, it is inconsistent contrary to
our proposed test Cﬁ)

5. Guidelines for empirical applications

The application of the panel EPA tests requires some
preliminary information on the cross-sectional and tem-
poral dependence properties of the loss differentials. First,
the researcher has to determine whether the loss series
contain CD to choose between the non-robust tests S
and C,(,}), and the other tests which deal with CD. If the
data displays CD, one must have some information on the
type of the CD in loss differentials, as WCD and SCD ma}/
require different tests. Exceptions to this are SnT and CnT ,
which are shown to be performing very well under any
type of CD in our simulations. Second, to determine the
time series kernel bandwidth parameter, one has to de-
termine whether the loss differentials are autocorrelated.
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Fig. 1. Power of Selected Tests Under Different Alternative Hypotheses for DGP1 (5% Nominal Size)
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Power under homogeneous alternative - DGP 2: Common factors, spatial dependence.

Overall EPA Tests

Clustered EPA Tests

nT 10 20 30 50 100 nT 10 20 30 50 100
s&) 10 918 989 999 1000 1000 c? 10 900 986 999 1000 1000
20 928 992 1000 1000  100.0 20 911 992 1000 1000  100.0
30 956 995 1000 1000  100.0 30 949 996 1000 1000 1000
50 971 999 1000 1000  100.0 50 971 1000 1000 1000 1000
100 985 1000 1000 1000  100.0 100 999 1000 1000 1000  100.0
s [ms] 10 938 993 1000 1000  100.0 P ms) 10 930 993 999 1000 1000
20 963 996 1000 1000  100.0 20 959 997 1000 1000 1000
30 976 998 1000 1000  100.0 30 974 998 1000 1000 1000
50 983 1000 1000 1000  100.0 50 989 1000 1000 1000 1000
100 992 1000 1000 1000  100.0 100 997 1000 1000 1000  100.0
s@ 10 888 983 999 1000 1000 ) 10 931 988 1000 1000  100.0
20 936 993 1000 1000  100.0 20 956 996 1000 1000  100.0
30 955 996 1000 1000  100.0 30 981 1000 1000 1000 1000
50 963 999 1000 1000  100.0 50 993 1000 1000 1000 1000
100 984 999 1000 1000  100.0 100 1000 1000 1000 1000  100.0
SO 10 745 931 990 1000  100.0 ) 10 813 949 992 1000 1000
20 749 948 994 1000  100.0 20 87 982 996 1000 1000
30 777 956 993 1000  100.0 30 894 992 998 1000 1000
50 781 954 995 1000  100.0 50 943 998 1000 1000  100.0
100 790 966 997 1000  100.0 100 997 1000 1000 1000  100.0
@ m=21 10 738 928 98.9 1000  100.0 cHm=21 10 82.4 95.1 99.3 100.0  100.0
20 746 946 993 1000  100.0 20 885 984 997 1000  100.0
30 774 956 992 1000  100.0 30 918 994 998 1000 1000
50 779 954 995 1000  100.0 50 963 999 1000 1000 1000
100 789 966 997 1000  100.0 100 997 1000 1000 1000  100.0
s m=1 10 736 926 989 1000  100.0 cm=1 10 81 962 993 1000  100.0
20 742 945 993 1000  100.0 20 901 989 997 1000 1000
30 774 956 992 1000  100.0 30 928 995 999 1000 1000
50 778 954 995 1000  100.0 50 970 999 1000 1000  100.0
100 789 966 997 1000  100.0 100 998 1000 1000 1000  100.0
$@ic] 10 743 930 99.0 1000  100.0 € ic] 10 81.3 94.7 99.2 100.0  100.0
20 749 947 994 1000  100.0 20 860 980 997 1000  100.0
30 776 956 992 1000  100.0 30 897 993 998 1000 1000
50 781 954 995 1000  100.0 50 945 999 1000 1000 1000
100 790 966 997 1000  100.0 100 997 1000 1000 1000  100.0

Note: See the note of Table 3.

This panel EPA testing approach is based on the following
three steps.

Step A- Analysis of CD: Test the no CD hypothesis using a
test such as that of Breusch and Pagan (1980, BP hereafter)
or the modified and standardized version of it Pesaran,
Ullah, and Yamagata (2008, Modified BP hereafter). If the
no CD hypothesis is not rejected, proceed to Step B.1;
otherwise, calculate IC,; and proceed to Step B.2.

Step B- Testing for no autocorrelation: Consider the follow-
ing empirical model for loss differentials:

ALy = mw1ALje 1 + 1ALy > + - - + 1 ALty + a; + Eie,

(32)

and the hypothesis H{ : m1 =y = - - - = 7).

1. Run a fixed effects regression on (32) and test H§*
using a Wald test with a variance robust to panel-
level heteroskedasticity.

2. Run a fixed effects regression on (32) and test HJ¢
using a Wald test with a variance calculated by
clustering on time index.

If the no autocorrelation hypothesis is not rejected, set
dr = 1; otherwise, set dr > 1. If the no CD hypothesis

is not rejected in Step A, proceed to Step C.1; otherwise,
proceed to Step C.2.

Step C- Testing for EPA:

1. To test the overall EPA hypothesis Hj use S“), and
for the clustered EPA hypothesis Hm use C!
2. If ICy indicates m = 0, use Sffr § ) or S d' to test
Hg, and €, c? or ¢ to test HC. If IC,, mdlcates

T
m > 0, use S(Tﬂqor 5(351to test H“ and C(T or CE?T) to
test H§".

In Step A, we suggest two tests of CD. The null hypoth-
esis of the BP test is the joint absence of CD between all
pairs in the panel. The statistic is distributed as x(f with
q = n(n — 1)/2 under the null. Hence, the test is more
suitable for the cases of fixed and small n. The Modified
BP statistic is a bias corrected and standardized version
of the LM test. It is asymptotically normal under the null
of no CD as n — oo and is more suitable for large panels.
These CD tests can be used to test the hypothesis of no CD
in a data set, but they do not help to identify the type of
the CD. We suggest the information criterion ICp; in (31)
to see if the loss differentials contain common factors. As
seen in our simulations (Table 9), this IC performs quite
well to choose between WCD and SCD.
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Table 9

Small sample properties of the information criterion ICp.
n|T DGP1 DGP2

10 20 30 50 100 10 20 30 50 100

10 5.00 500 495 457 257 500 500 5.00 500 5.00
20 5.00 388 1.09 020 0.01 5.00 552 448 373 3.28
30 499 1.12 025 0.06 0.00 5.00 4.07 280 245 2.28
50 494 0.15 0.05 0.01 0.00 5.00 225 208 2.04 201
100 3.62 0.01 0.00 0.00 0.00 498 194 1.99 2.00 2.00

In Step B, we analyze the serial correlation in loss
differentials. The test of the no autocorrelation hypothesis
follows the analysis of the CD properties of the loss differ-
entials because the variance computed for the Wald test
of the no autocorrelation hypothesis depends on whether
the loss series contain CD or not. We suggest using a vari-
ance estimator calculated by clustering on the time index
if the no CD hypothesis is not rejected in Step A. This
estimation corresponds to the Driscoll and Kraay (1998)
variance estimator with a time series kernel bandwidth
chosen such that the error terms in (32) are assumed
to be serially uncorrelated. For simplicity, here we do
not distinguish between WCD and SCD, although this is
possible by considering other variance estimators such as
that of Kim and Sun (2013). However, as noted by Driscoll
and Kraay (1998), their variance estimator is valid under
WCD. A critical point in Step B is the determination of the
lag length p. Han, Phillips, and Sul (2017) found that the
BIC is inconsistent in panel autoregressions even in the
absence of fixed effects. We suggest using the general-
to-specific methodology that they propose. The method
starts with p,. chosen by the researcher and continues
by eliminating the biggest insignificant lag until a signifi-
cant lag is found. If the significance level of these tests is
fixed by the researcher, the probability of overestimation
of the lag length is non-zero. To avoid this, we determine
the significance level as a,r = exp{ln(O.ZS)«/ﬁ/lO}, as
suggested by Han et al. (2017).

Finally, in Step C, we test the EPA hypotheses H{ or
H§" based on the outcome of the two previous steps. As
documented in this methodology, pre-testing may affect
our proposed tests’ properties. This is an interesting issue
worth exploring but goes beyond this paper’s scope. In the
next section, we follow this methodology.

6. Empirical applications
6.1. Comparing OECD and IMF economic growth forecasts

We compare the OECD and IMF GDP growth forecasts
using the EPA methodology described above. Our applica-
tion can be seen as complementary to the application of
QTZ comparing the IMF forecasts to Consensus Economics
forecasts. The data for the IMF forecasts come from their
Historical WEO Forecasts Database. The database includes
historical h-years ahead forecast values, h = 1,2, ...,5,
for the GDP growth rate and covers up to 192 countries
and starts from the early 1990s. We collected similar
data from the past vintages of the Economic Outlook of
the OECD. The Economic Outlook contains only 1-year
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ahead forecasts. Both organizations publish their forecasts
twice a year. Our application focuses on their summer
forecasts made for the following year. The OECD publishes
these forecasts yearly in June, whereas IMF forecasts are
published in April. Publishing dates are close, hence the
forecast errors are comparable. To compute the forecast
errors, we use the GDP growth outturns by the IMF.
We also tried using the GDP growth published by the
OECD, and the results are unchanged (the Pearson corre-
lation coefficient between the two outturn series equals
0.995; hence the difference is negligible). Eventually, we
constructed a balanced panel data set of annual GDP
growth forecast errors of 29 OECD countries from the two
organizations between 1998 and 2016.
We use quadratic loss, which is defined as

(q9) _ ;2 2
AL =e1 — €54

where, as is throughout this application, the first orga-
nization is the OECD. This loss function is arguably the
most frequently used one and is robust to measurement
errors contrary to other loss functions such as absolute
loss (Hoga & Dimitriadis, 2022).

We begin the analysis with the DM tests applied to
each country. In the computations of the DM test statis-
tics, we use a bandwidth parameter dy = 1 because we
have 1-step ahead forecasts. Note that below, an autocor-
relation test is used to confirm that the loss differentials
are serially uncorrelated.* The DM test results are given in
Table 10 where we report average loss differentials, DM
test statistics, and their p-values for each country over the
period 1998-2016.

First, in terms of the sign of the average loss differ-
entials, a considerable amount of heterogeneity can be
observed in the sample. We see that roughly half of the
statistics are negative. Second, most of these statistics
are statistically insignificant, except for Belgium, Spain,
Hungary, and Luxembourg. For Belgium, a country where
the predictive ability of the IMF is superior, the EPA hy-
pothesis can be rejected at 10%. For Spain’s OECD pre-
dictions, Hungary’s IMF predictions outperform them. For
Luxembourg, we can reject the EPA hypothesis at the 10%
level, and the predictive ability of the IMF is found to be
superior for this country.

Finally, at the bottom right of Table 10, we report
average loss differentials over clusters of countries and
the period 1998-2016. The average quadratic loss differ-
ential over all 29 OECD countries in the sample is 0.009.
This shows that, when we average over all countries,
the difference between the predictive ability of the two
institutions is positive but very small.

An interesting question is whether there are clusters
of countries for which the forecast performance of the
two institutions differs dramatically. Dreher, Marchesi,
and Vreeland (2008) test the hypothesis that the fore-
cast performance of the IMF differs with respect to the

4 1t is worth noticing that we use the summer forecasts of the
two organizations, and they are expected to be autocorrelated by
construction. Nevertheless, as the autocorrelation test indicates the
absence of autocorrelation, its effect must be negligible. Below, for the
panel tests, we also use a different bandwidth for robustness, and this
expectation is confirmed.
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Table 10
Average loss differentials for the economic growth forecasts, DM test
statistics, and their p-values, 1998-2016 (OECD vs. IMF).

Country Statistics Country Statistics
Australia —0.052 Iceland —0.484
(—0.451) (—0.459)
[0.652] [0.646]
Austria —0.035 Italyt 0.492
(—0.293) (1.047)
[0.770] [0.295]
Belgium 0.555 Japant 0.191
(1.701) (1.040)
[0.089] [0.298]
Canadat 0.273 South Korea 0.571
(1.504) (0.564)
[0.133] [0.573]
Switzerland 0.272 Luxembourg 1.951
(1.131) (1.757)
[0.258] [0.079]
Czech Republic —1.295 Mexico 0.009
(—1.014) (0.007)
[0.311] [0.994]
Germany+t —0.627 Netherlands 0.405
(—1.125) (1.549)
[0.260] [0.121]
Denmark —0.150 Norway —0.165
(—=0.771) (—0.614)
[0.440] [0.539]
Spain —0.657 New Zealand —0.463
(—1.726) (—1.443)
[0.084] [0.149]
Finland 0.062 Poland —0.477
(0.079) (—0.903)
[0.937] [0.367]
Francet 0.216 Portugal 0.062
(1.505) (0.128)
[0.132] [0.898]
United Kingdomt —0.143 Sweden 0.269
(—0.740) (0.501)
[0.459] [0.616]
Greece —-2.111 Tiirkiye —0.746
(—1.465) (—0.306)
[0.143] [0.760]
Hungary 1.303 United Statest 0.150
(1.873) (0.460)
[0.061] [0.645]
Ireland 0.875 Average 0.009
(0.761) Average (G7) 0.079
[0.447] Average (Non-G7)  —0.014

Note: ¥ G7 countries. DM statistics in parentheses are calculated as
PN d N =2

S = VT(ALi1/8i1) > N(0, 1) where 6% = 1 3°1_, AL2. Differences

significant at 10% are shown in bold. p-values are in brackets.

direct influence of a country on the institution. They use
a country’s GDP as a proxy of political influence and find
evidence that the forecast bias of the institution declines
with GDP. To see if we can find similar evidence regarding
the differences between the bias and efficiency of the
forecasts made by the two institutions, we divide our
country sample into the G7 and non-G7 countries. The
GDP of the G7 countries accounted for almost 70% of the
total GDP of all 29 countries in our sample in 2016, the
last year of our data set. Hence, if the OECD’s forecast
performance does not vary with a country’s GDP but the
performance of the IMF does, as found by Dreher et al.
(2008), we expect to have heterogeneity in the average
losses of the G7 and non-G7 countries.
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The table shows that the average quadratic loss for
G7 countries is 0.079. For non-G7 countries, this average
is —0.014. This shows that for G7 countries, the IMF
has superior performance, whereas, for non-G7 countries,
the OECD does better in terms of their growth forecasts.
Hence, the forecast ability of the two institutions in-
deed varies with country clusters. Below, we test if these
averages are statistically different from zero using our
tests.

Cross-sectional and temporal dependence in loss
differentials. As found in our Monte Carlo simulations,
the increase in the number of cross-sections increases
the power of EPA tests. However, the gain from the
usage of panels depends on the CD’s degree and na-
ture. Furthermore, applying the correct EPA tests requires
some information on the cross-sectional and temporal
dependence of the loss differentials, as we summarized
in the previous subsection. Hence, before proceeding to
panel tests of EPA, we analyze our dataset’s CD and
autocorrelation properties.

The results of BP and Modified BP tests show that the
null hypothesis of no CD is rejected using any test in
conventional significance levels. The results are omitted
to save space but are available from the authors. This
means that the tests which allow for CD are more reliable
for our data set. Next, IC,; indicates the existence of six
common factors in both loss differential series. Hence,
we conclude that both series display SCD. To determine
the time series kernel bandwidth parameter, we estimate
(32) with p = 1, which was chosen by the general-to-
specific methodology, and check the significance of the
common autoregressive parameter by clustering in the
time index. This autocorrelation test confirms that the loss
differentials are serially uncorrelated; hence, first we set
dr = 1. To see the impact of the change in the time series
bandwidth, we also try dy = T/3.

To see the time series profile of the common factors
in the loss differential series, we report the plot of the
first 6 PCs of the loss differential series in panels (a)
and (b) of Fig. 2. The PCs are numbered in decreasing
order with respect to their eigenvalues. For a better in-
terpretation of the common factor estimates, we report a
focus on the first three PCs of the quadratic loss differen-
tial. Associated factor loadings estimates are reported in
Table 11. Estimated loadings for other PCs are dropped
to save space, but they are available from the authors
upon request. The estimates of the common factors in
loss differentials show the effect of the financial crisis.
The first three common factors in quadratic loss fell in
2009. As can be seen in Table 11, for 20 countries in
the sample, the factor loading estimates are negative for
the first common factor. Hence, the OECD had a superior
predictive ability compared to the IMF in this year. The
second PC shows a similar pattern, whereas the third PC
has a movement in the opposite direction in the recovery
period. This PC, therefore, compensates for the effect of
the first two common factors for some countries.

Panel tests for the EPA hypotheses. Here we apply
the panel EPA tests to compare the performance of the
two institutions. Following the insights of the Monte Carlo
results and the CD analysis, we apply the factor-robust
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Fig. 2. PC Estimates of the Common Factors in the Loss Differentials of the Economic Growth Forecasts Errors (OECD vs. IMF)

Table 11
PC estimates of the factor loadings in the loss differentials of the
economic growth forecasts (OECD vs. IMF).

Countries PC1 PC2 PC3
Australia —0.05 —0.20 0.26
Austria —0.14 0.27 —-0.21
Belgium 0.37 0.26 —-1.10
Canada 0.26 0.14 —0.20
Switzerland —0.08 —0.48 —0.42
Czech Republic 0.07 —-2.97 —-1.71
Germany —1.01 —1.66 0.65
Denmark 0.24 0.08 0.09
Spain 0.17 1.01 0.95
Finland —1.06 —2.69 0.61
France —0.08 —0.09 —0.28
United Kingdom —0.08 0.09 0.58
Greece —-1.12 3.76 —3.58
Hungary —0.03 —-0.17 —2.38
Ireland —1.55 —3.53 0.18
Iceland 0.79 —0.86 1.42
Italy —0.65 —-1.29 —0.85
Japan 0.04 —0.34 0.06
South Korea —2.56 —-2.31 1.10
Luxembourg —1.04 —-1.67 —3.53
Mexico —-2.13 —3.24 —1.47
Netherlands —0.08 —0.70 —0.50
Norway 0.43 0.28 0.80
New Zealand 0.18 0.08 0.66
Poland —0.78 0.66 —1.04
Portugal —0.36 -0.10 —0.42
Sweden —0.31 —0.56 —1.33
Tirkiye —10.32 2.03 0.93
United States —0.50 —0.92 0.09

tests SfT), C,(é), QST) and C f}) As a benchmark, we also report
the results from the tests assuming no CD, namely S.}) and
ciy.

The results are given in Table 12. The first part of
the table reports the tests of the overall EPA hypothe-
sis. Hence, they are the significance tests of the overall
difference reported in Table 10, which is 0.009. The test
statistics for the non-robust test SST) are equal to 0.06 for
both bandwidth parameters considered. The conclusion

does not change using the robust tests for which the test
statistics are slightly weaker. Our results are in line with
those obtained by QTZ on comparing IMF forecasts with
Consensus Economic forecasts because they do not find
a significant difference between the predictive ability of
the IMF and Consensus Economics using EPA tests based
on the summer forecasts of the two institutions.

The results for the clustered EPA tests are reported
in the second part of the table. The clusters we consider
are G7 countries and the non-G7 countries for which the
average loss differentials are reported in Table 10. It is
seen that for these clusters, the clustered EPA hypothesis
cannot be rejected using any test and any bandwidth pa-
rameter. Hence, the predictive ability differences between
the two institutions are insignificant.

6.2. An evaluation of the IMF consumer price inflation fore-
casts

In a second application, we challenge the quality of the
IMF CPI forecasts by comparing them with random walk
(RW) forecasts. In a similar exercise, QTZ compares IMF
CPI inflation forecasts with those obtained from the AR(1)
model. In this subsection, we summarize the application
and its results. The details can be found in Appendix C.
The data on the IMF CPI forecasts used in this appli-
cation come from the Fund’s Historical WEO Forecasts
Database. The sample contains 127 countries over the
period 1991-2019. We restrict our attention to the period
also considered by QTZ, but we use the data from all coun-
tries available, contrary to their sample, which covers 86
countries. In this application, in addition to the quadratic
loss function, we use the absolute loss function, defined
as

ALES) = leqic| — leiel,

where e ; is the forecast error made by the IMF for
country i and year ¢, and e, ; is the RW forecast errors
calculated using the CPI data published by the IMF. We
consider two different country clustering schemes. The
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Table 12
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Panel tests of EPA for the economic growth forecasts (OECD vs. IMF).

Overall EPA tests

Clustered EPA tests

Test dr = dr = T1/4 Test dr =0 dr = T4
st 0.06 0.06 ch 0.41 050
(0.95) (0.95) (0.82) (0.78)
SO 0.04 0.04 c® 0.42 059
(0.97) (0.97) (081) (0.74)
@ 0.04 0.04 ) 0.42 0.41
(0.97) (0.97) (0.81) (0.81)

Note: The values shown in parentheses are p-values.

first divides the sample of countries into OECD and non-
OECD countries, and the second divides them into G7
countries, non-G7 OECD countries, and non-OECD coun-
tries. In addition to the full sample analysis, we split the
sample into pre- and post-global financial crisis periods.

The results show a small but statistically significant
difference between the average absolute losses of the IMF
and the RW forecasts in favor of the latter in the full
sample. When we divide the sample into pre- and post-
crisis periods, we see that these differences are driven by
the differences in the pre-crisis period. The clustered EPA
hypothesis can be rejected for the absolute loss in both
pre- and post-crisis periods.

Using quadratic loss, QTZ finds that the IMF CPI fore-
casts are significantly more accurate than the AR(1) fore-
casts. Our results show that IMF CPI forecasts are less
accurate than RW forecasts. However, for this loss func-
tion, neither the overall EPA hypothesis nor clustered EPA
hypothesis can be rejected at conventional levels using
CD-robust tests.

7. Conclusions

In this paper, we proposed a novel predictive ability
test for panels, corresponding to two different equal pre-
dictive ability hypotheses. Several overall EPA tests were
developed to evaluate the hypothesis that the predictive
ability of two forecasters is equal on average over all
periods and units. Consistent clustered EPA tests were
also built, which can test the hypothesis of whether two
forecasters have equal predictive power for all clusters of
units. Our proposed tests are robust to different forms of
cross-sectional dependence in the loss differentials arising
from weak and strong cross-sectional dependence. The
proposed tests have appropriate size and power in a set
of Monte Carlo simulations. In particular, the overall EPA
tests robust to arbitrary cross-sectional dependence are
correctly sized. Finally, we provided some useful three-
step guideline on how to run the tests, which is then im-
plemented in two applications. We compare the predic-
tion performance of two major organizations, the OECD
and the IMF, on their historical economic growth fore-
casts. In a second application, we evaluate the CPI fore-
casts of the IMF by comparing them with random walk
forecasts. We found evidence of strong cross-sectional
dependence in loss differentials of forecast errors in both
applications. The results showed that there are only minor
differences between the predictive ability of the OECD and
the IMF in terms of their economic growth forecasts, and

20

they are statistically insignificant. We found some evi-
dence that the RW forecasts of consumer price inflation
are significantly more accurate than those made by the
IMF.
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Appendix A. Loss differentials specification: A justifica-
tion

In this appendix, we present the derivation of the
model for the loss differentials starting from a pure com-
mon factor model for the forecast errors assuming the two
most commonly used loss functions, namely absolute loss
and quadratic loss. The forecast error e; ; of the forecaster
I =1, 2, is assumed to be given by

el.i[:cn—kﬂf,»gn-i-ul,i[, i=1,2,....,n, t=1,2,...,T,
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where g; = (gus,...,8m,) is an m; x 1 vector of
common factors, 0; = (6ji 1, ..., 6im) is their respective
factor loadings vector, and u;; is an error term which
can, in general, be serially and cross-sectionally weakly
correlated. Since our objective in this section is to demon-
strate the validity of the common factor model for the loss
differentials, we will not focus on the weak dependence in
the errors. We assume that E(u; ;|g;) = 0 and E(ufit|gt) =
of for | = 1,2 where g = (g},,8)). QIZ has used a
similar factor model for forecast errors, but they impose
cgi=0foralli=1,...,n,and =1, 2.

The absolute loss differential is given by d; ;; = |eq,i| —
lez.it|. Then, we have E(dqi|g:) = wi + Ajf; where &; =
(0%, 05, i = E[sign(ey it )]cy; — E[sign(ez i )]czi and
(gllr’ _glzr),’
(g/]tv g’zt)/7
(_gllt’ _glzt)/7 if €t < 0 and €t = 0,

(—& 85)s ife1i <Oandey; <O.

Hence, the model for the loss differentials is obtained with
m = my+m; in the case of the absolute loss function. The
quadratic loss differential is defined as da ; = €% ;, — €3 ;..

To simplify the notation, let us assume that ¢; = 0 for
each [ = 1, 2. The squared forecast error then satisfies

ifery >0and ey >0,
ifery >0andey; <0,

2 / / / 2
€ =088 01 + 20,81y ic + uj;

m my
= Z Z Ot kOt ey 8l ¢ 8y ¢ + 20)i81eUnie + UPy,
k=1 ky=1
mf
= Z Vi + 204 Ui + uf
k=1

/ / 2
=yl + zoligltul,it + Uy

with straightforward definitions of y;;  and hy  which are
the kth elements of m? x 1 vectors y;; and ¢, respectively.
Then, we obtain the model for the loss differentials as
E(dy,ic|g) = pi+Aff with 1 = o — 02, A = (¥}, — V%)
fr = (), ) and m = m? + m2.

Appendix B. Proofs

In this appendix, we present the proofs of Theorems 1
and 2—propositions 1-4 are special cases of these the-
orems. Let H, be an n x G matrix which has L{c,i, the
gith column of Ig, in its ith row with g; € {1,2,..., G}
being a variable which states the cluster which ith unit
belongs to. Define also €,; = (€1, €2y ---»€nt), € =
diag(ci, ¢, ..., &), G = Y peoCinn An = (A1, A2, ..., An),
C=Y o Cnfi=fi—1 > f i =eni—1 3 e
D, = diag(ni, n, ..., ng) and yj 4., = E(€ices).

Define

n
1 ,
Viar = - E Lgilg Vil
i=1
n
1 s
Vonr = H E lgitgj i ¥arLj,
ij=1

1 — 1 —
Vi = — e MDA+ — Lo L, T P, T
3T = 1o gilg it TA T 1o gitgTi.Vnrl).-
ij=1 ij=1
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To prove Theorems 1 and 2, we need the following lem-
mas.

Lemma 1. Suppose Assumption 1, 3 and 6 hold. Then, as
T,n— oo,

(i) \/% S Hien, 4 N(0,V,), where
vl = lim(n.T)—>oo vl,nT.

(i) ~= Y1 HiRaen 4 N(0,V,), where
V, = limg; 1y 00 Vo ur,

(iii) L= Y Wy Af; 4 N(0,V3), where

V3 = lim(n, 1)~ 00 V3,17-

Lemma 2. Suppose Assumption 1, 2 and 6 hold. Then, for
any fixed n, as T — oo

(i) TV3 ) o kr (des/dp) £8, — T'r = 0,(1),
(i) T13") o kr (des/dp) BE, — T'r = 0,(1),
(ii)) T13"( _y kr (des/dp) £€) s = 0,(1),

(iv) TV Y1 o kr (dis/dr) &nc€, — Pur = 0p(1).

Lemma 3. Suppose Assumption 1, 3, 6 and 7 hold. Then,

(i) 3= 301 Yot ey kr (dig/dr) EiEis = 0, (1),
(ii) 530 [% >t st kr (dis/dr) (ﬁrf]’fs - Mfrf%-)]
=0p (1).

Proof of Lemma 1. (i) is a special case of (ii) with R, =
I,; hence we focus on the two last results. We start by
applying the Beveridge-Nelson (BN) decomposition (see,
for instance, Phillips & Solo, 1992) to each component of
€c. We have € = ¥ie + Yie—1 + Vi, where ¢y =
Y heo CnWie—n, Cin = ZJ‘:H] ¢;- Then, we can write

T T
1 1
—2 H R.€, =—§ H R.c.¥
T e g

1 ~ 1 ~
+ 7H;Rn'ﬁn,1 - 7H/an‘ﬁn,T

~/nT V/nT
= A] + A2 + AS’
where ¥, = (Y1, Yo, ..., ¥n) and Ve =
(Y1, Yoty - .-, Yne). The variance of the first term is

Va.r (AD) = n! Z?}.Zl lgi.l';.(.fncill‘j}fgj. A typical element of
this matrix, say lwth, satisfies

1 / /
Y e
i€Gy jeGy
1 n o0 o0
B AT DI
i€G) jeGy k=1 h=0 h'=0
1 n o0 o0
== DO il D0 leal |
ieGy jeGy k=1 h=0 h'=0
_l n oo oo
<=0 Il DIl Il D el = 0(1),
k=1 ieG Jj€Gy h=0 h'=0
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where we used the fact that absolute summability is
implied by the summability condition we impose on co-
efficients c¢;; in Assumption 1. Hence we showed that
A1 is 0p(1). The variances of the second and the third

terms are Var (Ay) = (nT)™' Y0, Lgir;.E(l}nJ]};’l)rj‘l./gj

~ ~1/
and Var(43) = (nT)™! ZE,‘:] lgir;AE(lﬁanwnYT)l'j'ligj. re-
spectively. For (ii) to hold, we need to show that these
are asymptotlcally negllglble This holds if elements of

(1/;,, 1lﬁn 1) and E( 'ﬁn Twn ) are finite which holds under
Assumption 1 as shown by the BN Lemma in Phillips
and Solo (1992). Then the lwth elements of Var (A;) and

Var (A3) satisfy ( ’Z:ec, Z]ecw r;1;.0(1) ‘ which is

O(T~') under Assumptlon 3. It follows that the second and
the third terms are dominated by the first one. Since the
variance of the first term is O(1), it satisfies a central limit
theorem for triangular arrays (Kelejian & Prucha, 1998)
and (ii) follows.

To prove (iii), we apply the multivariate generalization
of the BN decomposition (see, for instance, Phillips & Solo,
1992, p. 985) to f;. We have

1
HAC!I/t-i- —H A, ¥,
1 -
‘m“’"“’f
=By + B> + Bs,

where ¥, = >ho CoW, 4 Cp = Zj.ih+le. The vari-
ance of the first term is given by Var (B;) = 5>/

15 A{CC'Ajt, jtg- The lwth element of this matrix satisfies

1 , 1
- oD e < = D0 nech|
ieG jeGy ieG jeGy
1
< 52 D ICIPInligl = oc),
i€Gy jeGy

where we used the fact that [|C||2 < Y7 [|Call* < oco. It
follows that By is Op(1). The variances of the second and

the third terms are Var (B2) = —-H, AqE( v, ﬁ/ )A,H,
and Var (B3) = H’A nE( M'IT )A H,, respectlvely

Similar to the reasomng above, we have E( ¥, !I/l) < 0

and E( Uy @;) < o0, under the summability condition
we impose on the coefficients of the process fr (see,
for instance Phillips & Magdalinos, 2009). Furthermore,
the [wth element of the matrix nizH;,AnA;,Hn satisfies

N2 e et 2ok k=1 Aikkjk/‘ = 0(1). Hence, B, and
B; are o0,(1). Since the first term is Op(1), it dominates
the second and third terms, and a central limit theorem
for triangular arrays (Kelejian & Prucha, 1998) applies to
the first term. Now, since the second term in Vs ,r is
O(n~1) from (ii), the asymptotic variance of Vs ,r equals
the asymptotic variance of B; which leads to (iii).

Proof of Lemma 2. (i) follows from the proof of The-
orem 2 of Jansson (2002) under Assumptions 1 and 2.
(ii) follows immediately from their proof noting that
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T ZrTzl fe
again by their proof, as by Assumption 66 f; and €, are
independent for every t, s, and noting that T~! ZL] €nt =

= 0p(1) under Assumption 66. (iii) holds

0p(1). Similarly, (iv) is a result of their proof under As-

sumption 1.

Proof of Lemma 3. We have %; fie = ALy — AL,T —
o~ - ,

Afe = (i — ALir) + (Mfe — Xft) + s,[ By Assump-
tions 1 and 6, ui — ALt = O (T‘ 2), & = 0p(1)

~~

and by Assumption 7 )Jf[ Afe = 0,057, After triv-
1al algebra this gives €& = é&irgis + O (8,7 1. Then

Z,’:1 Z[,s:1 ky (dts/dT) 5lt<915 = (nzT) Z, 1
ZZS Tkr (d/dr) 0p(8,)  + (TN 3
kr (dm/dr) gicsis = A1 + Ay, say. We have Ay = n2) 1|
0,(8,; E Iy K (h/dr)] where the term in brack-
ets is O(dr/T) by Assumption 2, which in turn gives
A= O(n”)Op((Sn‘Tl )0(dr/T) = 0,(1). For the second term,
we find E(4) = =30, 3 ke (dis/dr) ¥y, g T =

2y e T [T S rin ke (h/dr) wi, h] By Assump-
tion 1 the spectral density function of €;, fi(-), exists
and is bounded. By Theorem 2 of Jansson (2002), un-
der Assumption 2, limy_, oo T™! Z£;1T+l kr (h/dr) yin =
T~127f(0) = O(T~!) for each i. Then we have E(A;) =
O(T-"n=2 Y1 _ 1% = O[(nT)~']. For the variance, we
find

Var(A;) =

n4 2 Z Z kr (%)kT

i,j=1¢t1,51,t2,52=1

dfzsz
X Eity €is1 Ejty €jsy
dr
n T
! E E k e k
= T T
n4T? = dT
ij=1t1,51,62,52=1

d;

252

X ( 4 E(eir, &is, &jt, &5, )
T

1 ! r d
2 : } : 151
T nAT? kT( dr )kT

ij=1t1,51,t2,52=1

d:

252 / ’ / ’

X ( d E(r; €n., en,slri-rjﬁn,fzen,szrj-)
T

1< ! d d
_ 151 7]
= 7’147_2 Z Z kT ( d—r > kT ( dT )

i,j=1¢t1,51,65,55=1

n n
x E E Tity Tity €1,t1 €ly.5 § : Tjl3Tjls €156, €ly. 5,

1,b=1 I3,14=1
n T
1 1
= E Tty T TisTia | 72 E kr
ij.lq.00,13,14=1 t1.51.t3,5p=1
d; d
151 052
X kT E(Eh,t]612.51613,t2€14,$2) .
dr dr
(33)
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In general, the expectation in the last line can be written
as

E(ézl,r] €ly,51€l3,t5 614.52) =Vhly.deys; Visla.deys, + Vi3 deysy Viala deysy

+ Vilydeys, Vilsdeys, + Knbisty (81, 515 82, 52),

where «(-) is the cumulant of the fourth order between
€1t €h,sp» €31, and €, 5, (see Hannan, 1970, p. 23). In
our case, by Assumption 1 ¢; are

T-1
hy
COSERS 3 3EH D oy o PO
ij=11=1 h1:—T+1 T
n T-1
1 hy
x Do |1 2 kg ) e
T dr
=1 hy=—T+1
;1 hy
ZZ% T ke (=) v
T T
ij=11=1 hi=—T+1
n T-1
1 hy
x Dol p 2 kg ) v
T dr
I3=1 hy=—T+1
n n T-1 h
1
S35 & k(G )ne
ij=11=1 hi=—T+1 T
n T-1
1 h
2 2
YLD o o E

I4=1 hy=—T+1
= Ay +Apn +Az.

All terms in the brackets are O(T~!). Hence, Ay; =

(T~ 3oy Xl ity 2yt Ty, = OI(RT) ). Simi-
larly, Ay; = A3 = O[(nT)~2]. As a result, A, = O,[(nT)™"]
= 0p(1).

For (ii), we write }; f[f’l AEfA = (k f,— A ft)f’k +
k’ft(f’k] f1;). By Assumptlon 6 x’ft, and by Assumptlon 7
/):;f\ are Op(1). This implies that A; ftf/x —\EEA = 0p(5;)
by Assumptlon 7. Then for the expression in the state-

ment we obtain - Y7, 0,(5,") [% T kr (h/dT)]
= 0,(6710(dr/T) = 0,(1).

Proof of Proposition 1. This is a special case of Theo-
rem 1 withR, =1, and G = 1.

Proof of Proposition 2. This is a special case of Theo-
rem 1 with G = 1.

Proof of Proposition 3. This is a special case of Theo-
rem 2 with G = 1.

Proof of Proposition 4. This is a special case of Theo-
rem 1 with R, = I,,..
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Proof of Theorem 1. Define ALy =
(ALy¢, ALy, ..., ALy ). We have
1< 1<
ALy = D' ) M ALy =D ) THi (1 + Reen)
t=1 t=1

=ﬂn+D;

T
1 !
! ? E Hanfn,h
t=1

, n). It follows that

-1 1 T
—— > H/Ruen,.
VT =

Then +/n n;;/Tz(AinT — i) 2 N(0,1c), where £2, 7 =
S lgltgjl' Ynr¥. by Lemma 1(ii) and noting that

i.j=1 ng ng

n~'D, converges to a finite and nonsingular matrix un-
der Assumption 8. The matrix {2, ,r can be written as
25,7 = (Dy/n)" Wy p(D,/n)~". Since D, is known, es-
timation of £2; ,r, requires only the estimation of V; ;1.
Similarly, we write £25 .y = (D,/n)~ 'V ar(Dyp/n)~1 where

where p = (p1, 42, - - -

N (%)

T

dis d
Vznr——ZZkT< t>k5<d )W ALy AL,

i,j=1t,s=1

The lwth element of the matrices V; ,r and /\7“7 are

Uz nT = Z Z T Yoty (34)

zeG, Jj€Guw
and
~lw dis\ 7 7
) 3 k5< Yo (d) AT, AL,
T
leG, JjeGy t,s=1
respectively. We will show that 93", — v} = 0,(1)

which leads to the first result in the proposition. We have
ALy = 1} &, which gives ALy AL = 1} &, €, 1;. Then,

T
st =2 230 ()17 2w ()

ieGy jeGy t,s=1
. 1 ;-
X eTl,fen,s] I — E Z Z L Varlj.
ieGy jeGy
T
X ¥ ($)e1 2k
ieG jeGy t,s=1

dts ~ o~/ -
X di €nt€y s — Vnr rj
T

Iy [ (8) ] sp.

ieGy jeGy

Since p,r = O(1), and T~' Y/ kr(dss/dr)én €, —
Yar = 0p(1) by Lemma 2(iv), it suffices to show that
% ZieGl Zjecw ks (dU/d )rl I, = = 0(1 and ZlGGl Zjecw
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[1—ks(d u/d )Irx; = o(1) in order to prove the consis-
tency of 94" ;. Starting with the latter, we have

S )

ieGy jeGy
1-— ks < >

>y
Ps ZZ Ir; 1. |dp5 = O<dp5> =o(1),

I /\

|r1 ]|

IEGI JjeGw

" ieGy jeGy
where the last equality follows by the assumptions that
d, — oo and ps; > 1. For the first term, write

DR NACIEUEES SO UTEES 3p3

ieGy jeGy ieG jeGy i€G jeGy

y [1 ke (;’fﬂ fr = 0(1),

which follows from the fact that the first term is O(1) and
the second term is o(1) by the previous equation. Hence,
03"+ —v3" 7 = 0p(1) and the result follows. This completes
the proof of (i).

To show the con51stency of (22 a1 We first write (22 T

= (Dn/n)" 'V, ,1(Dy/n)~", where
1 &SI
e~ _ ts / T AT.
A I (?) tat, AT AL
i=1 j=1 t,s=1
The lwth element of this matrix, corresponding to clusters
land w is
! d
Al t: ~ ~
= [ 3 ()]
T
lsG, JEG,, t,s=1
where G,g8=1...,G is the set of indices in cluster

k which are used in the calculation of the partial vari-
ance estimate. This set has a cardinality of ng . Using this
expression together with (34), we can wrlte

~lw lw (Alw lw

1
=2,nT vZ nT — v2 nT v2 nT) + (v2wnT (35)

1
- Uzwnr ).

lw

where v}’ = 1 n DieG, Z}eG T} Y,rT;.. Our objective is to
show that both terms in parentheses approach zero. We

have
1y ds\. . -
ZkT €nt€p ¢ — Vur | L.
[s 1

The term in brackets is 0,(1) by Lemma 2(iv). Then it is
sufficient to show that i Zjegw r; 1; is bounded. We
have

EISITAE

— ieG jeG,,

Alw
Yot — ”2 nT =

DM

i€Gy jeGy,

)
i€Gy

TikTjk

|15
o
=2
=
=

IA

k=
1 ! n
- |Tik| E [rix] = =
n n

— ieG) k=1 JjeG,, -

which is O(1) because n;,/n — 7 € (0, 1). For the second
term in (35) we note that, by definition, lim 11— oo ylzl_UnT =
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limg 1y 00 V3% = Vi where v is the lwth element of
the matrix V, defmed in Lemma 1(ii).

Proof of Theorem 2. We have

T
_ B _ 1 _
ALy = ji, + Dnlf E H Ru€, + D,
t=1

from which we obtain

L D,\' 1 <&
VT(ALy — i) = (nn) m ;H;Rnfn,t

D.\' 1 <
+ —”) —— ) H Af.
From Lemma 1(ii) it follows that % ZtT HRen, =

0,(n~"/2). Then, f93 " 2(ALyr — i) = N(0, 1), where
Q300 = Y nglng gty (AM{I'rA; + r,,q1;) by noting
that n~'D, converges to a finite and nonsingular matrix
under Assumption 8 and Lemma 1(iii). The matrix 23 ,r
can be written as 23,1 = (D,/n)"V3,1(Dy/n)~L As
in the proof of Theorem 1, estimation of {2, ,r, requires
only the estimation of V; ;r because D, is known. Write

T
1 _
1? E H,'A,f:,
t=1

251 = (Dy/n) Vs ur(Dy/n)~" where
Vs = ZT Z Z kr ( )tglt ALy AL.
ij=1¢t,s=1

The lwth element of the matrices V3 ,r and 9\3,“, corre-
sponding to clusters [ and w are

T
) 1 2 2 : 2 : /
vl3unT = nzT ()‘;I’dtsxj + l'iA}’n’dtsl'j_),

(36)
i€G jeGy t,s=1
and
e 5D 3D 1 £ P
IEG[ JjeGy t,s=1
respectively. We will show that o4 — vl = o0,(1)

which gives the first result in the proposition. We have
AL,t =Af + r; €, which gives

AL AL = MEEA + MEE, 1y + 1) &0 FA) + 1, &n,€), ;..

Using the last three equations, we obtain

T
03 — Vi =ZZZA;[ er<d“>ftf r,}

i€G jeGy, t,s=1
r T
1 AR dis\ = -
R T T ()]s
i€G jeGy L ts=1
1 1 ds) . =
=D BA LD g, ) Enils | A
ieGy jeGy L ts=1
B T
1 ! dys
rar |k (f
i€G jeGy L t,s=1
X &€y, — )_’nT] Ij.

=D1 + Dy + D3 + Dy4.
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We will show that each of these four terms are o0,(1). By
Lemma 2, all expressions in square brackets are op(1). The
first term can be writtenas Dy = 5 >~ 0 Yo Aikjop(1).
By Holder's inequality we have [A/A;| < [IA;ll[|A;l| where
the right hand side is bounded by Assumption 66. This
shows that D1 = op(1). Other terms can be shown to be
0p(1) similarly which in turn gives V3 ;1 — V3 57 = 0,(1)
aAnd hence 25,1 — 23,7 = o0p(1). The consistency of
§23 o1, in turn, implies the asymptotic null distribution,
which completes the proof of (i).

For the second result, we write Q&nT = (Dp/n)” 1A3 T
(D,/n)~1, where
Vi = ZZkT< )tglzglftlf

i,j=1t,s=1

The lwth element of this matrix is
T

222m&)mn

i€G jeGy t,s=1

Lyy Sk (d>s§

IEGI jeGy t,s=1

Alw
73 nT =

Using this expression together with (36), we find

x;I“TxJ}
T

tar D k(G ) X Sren

ieGy t,s=1 ieG jeGy

o I CR)

i€Gy jeGy t,s=1
1 1 < d
’ ts =
TTZZ)% [T ng <dT)frﬂ—FT:|)~j
dts 1 L
nz Z Z Slté‘ts - 7 Z L Yarlj.

ieGy jer
ieG t,s=1 G jeGy

Alw
y&,nT

-y

i€G jeGy

lw
— U3t

T
dis \ ~a s
|: Z kT ( ‘ ) ,ftA,]fs -

t,s=1

The desired result now follows from Lemma 3(i),
Lemma 3(ii), Lemma 2(i) and by noting that the last term
is O(n~1). This completes the proof.

Appendix C. Details on the evaluation of the IMF con-
sumer price inflation forecasts

In this appendix, we present the evaluation of the IMF
CPI forecasts summarized in Section 6.2. As in the applica-
tion of the comparison of the economic growth forecasts
of the OECD and the IMF, the data for the IMF forecasts
come from the Fund’s Historical WEO Forecasts Database.
Once again, we focus on their summer forecasts made
for the following year; hence we are dealing with one
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year ahead forecasts. Our data set contains 127 countries
for which the forecasts are available from 1991 to 2019,
i.e., the panel is balanced. We exclude five countries from
the original IMF data set as their loss differentials are
very different from the rest of the sample. These countries
are Brazil, the Democratic Republic of the Congo, Peru,
Venezuela, and Nicaragua. Notice that all these countries
experienced hyperinflation in the late 2010s in the case
of Venezuela and in the early to mid-90s for the rest. For
the first four countries, there are huge drops or jumps in
CPI inflation; hence their RW forecasts are very poor for at
least one year. Whereas for the last country, the situation
is the contrary; IMF forecasts are much worse than the
RW forecasts. Our conclusions should be understood to
apply to the 127 countries in our sample, which includes
the G7 countries, 22 OECD countries that are not part of
G7, and 98 non-OECD countries. As stated in the paper,
in addition to the quadratic loss function, we use the
absolute loss function in this application.

Cross-sectional and temporal dependence in loss
differentials: CPI forecasts. Before looking into the EPA
test results, we apply the methodology described in Sec-
tion 5 and check if we can find evidence for CD in our
sample and identify its type. To save space, we do not
report the diagnostic results in tables in this subsection.
The two CD tests, namely BP and modified BP, provide
p-values that are practically zero for both loss functions.
Hence, we conclude that the loss differentials contain
CD. Following the CD tests, we use the IC,;, indicating
six common factors in the loss differential series. We,
therefore, find out that both loss differential series display
SCD and apply our tests robust to SCD.

Panel tests for the EPA hypotheses: CPI forecasts.
As before, we report the tests robust to SCD as well as
the results for the non-robust tests as a benchmark. We
start the analysis with the overall EPA tests and continue
with the clustered EPA tests. As stated in the main paper,
we consider two different country clustering schemes:
the first divides the sample of countries into OECD and
non-OECD countries, whereas the second consists of G7
countries, non-G7 OECD countries, and non-OECD coun-
tries. We further split the sample into pre- and post-
global financial crisis periods and computed the average
loss differentials. The results for the average loss differen-
tials are given in Table C.13. In the full sample with the
absolute error loss, we see that the IMF does better than
the RW for all clusters except the non-OECD countries.
The global average is positive, which shows that the IMF
does worse than the RW overall. The results are similar for
the quadratic loss function, except that the average loss
is practically zero for G7 countries. In the pre-crisis pe-
riod, the overall differences between the IMF and the RW
model were more pronounced. In the post-crisis period,
however, the differences are very close to zero, especially
for the quadratic loss. In what follows, we use our test to
check the significance of these averages.

First, in Panel (a) of Table C.14, we see that all three
overall EPA test statistics are statistically significant at the
10% level for the absolute loss function. We also see here
the effect of taking CD into account: with Sfll} we can
reject the overall EPA hypothesis at 5% level, but this is



0. Akgun, A. Pirotte, G. Urga et al.

Table C.13

International Journal of Forecasting xxx (xXxx) Xxx

Average loss differentials for the CPI inflation forecasts of different country clusters (IMF vs. random walk).

Cluster Full sample 1991-2006 (Pre-crisis) 2009-2019 (Post-crisis)
Absolute loss Quadratic loss Absolute loss Quadratic loss Absolute loss Quadratic loss
G7 —0.0004 0.0000 0.0006 0.0000 —0.0019 —0.0001
Non-G7 OECD —0.0033 —0.0397 —0.0063 —0.0719 0.0002 0.0000
OECD —0.0026 —0.0301 —0.0047 —0.0546 —0.0003 0.0000
Non-OECD 0.0065 0.0134 0.0121 0.0243 —0.0014 —0.0002
All 0.0045 0.0035 0.0083 0.0063 —0.0012 —0.0002
Table C.14
Panel tests of EPA for the CPI inflation forecasts (IMF vs. random walk).
Overall EPA tests Clustered EPA tests
Cluster 1: OECD Cluster 1: G7

Cluster 2: Non-OECD

Cluster 2: Non-G7 OECD
Cluster 3: Non-OECD

Panel (a): Full sample

Test Absolute loss Quadratic loss Test Absolute loss Quadratic loss Absolute loss Quadratic Loss
s 2.04 0.42 ch 8.16 7.02 8.64 10.14
(0.04) (0.67) (0.02) (0.03) (0.03) (0.02)
SO 1.70 050 c® 323 3.65 3.62 449
(0.09) (0.62) (0.20) (0.16) (0.31) (021)
@ 178 050 c® 3.44 3.65 3.62 5.05
(0.08) (0.62) (0.18) (0.16) (0.31) (0.17)
Panel (b): 1991-2006 (Pre-crisis)
s 2.15 0.43 cth 9.08 7.29 9.78 7.53
(0.03) (0.67) (0.01) (0.03) (0.02) (0.06)
s 2.02 051 c 4.40 4,09 7.22 426
(0.04) (0.61) (0.11) (0.13) (0.07) (0.23)
2 1.99 051 ) 428 408 8.20 423
(0.05) (0.61) (0.12) (0.13) (0.04) (0.24)
Panel (c): 2009-2019 (Post-crisis)
st —1.59 —0.82 ch 2.66 225 8.29 6.31
(0.11) (0.41) (0.26) (0.33) (0.04) (0.10)
s —0.45 —0.40 c® 030 023 9.87 497
(0.66) (0.69) (0.86) (0.89) (0.02) (0.17)
s@ —0.45 —0.40 ) 0.41 0.24 8.27 6.34
(0.65) (0.69) (0.82) (0.89) (0.04) (0.10)

Note: The values shown in parentheses are p-values.

not the case for the tests Sf% and 5513; We remind that the
average absolute loss differential of IMF and RW forecasts
is 0.45, which is reported in the last row of Table C.13.
We conclude that, overall, there is a small but statistically
significant difference between the average absolute loss
differential of the IMF and RW forecasts in favor of the
latter.

With the quadratic loss function, we cannot reject the
overall EPA hypothesis at conventional levels using any
test. Therefore, the question is whether we can reject
the clustered EPA hypothesis using the clusters under
consideration. In the second block of the table, we have
the results for the clustered EPA tests using two clusters:
OECD and non-OECD countries. For these clusters, we can
strongly reject the clustered EPA hypothesis with both
loss functions using the C,El% However, when we consider
the CD in the loss differentials, the magnitudes of the test
statistics decline dramatically and are insignificant. In the
last block of the table, we have the results for the case
of the three clusters, G7, non-G7 OECD, and non-OECD
countries. Here, a similar picture arises such that we can
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reject the clustered EPA hypothesis with C,S? but this is

not the case for Cff% and C ff)T

In Panel (b), the results for the pre-crisis period are
reported. The results obtained from the overall tests are
similar to those of the full sample; we can reject the over-
all EPA hypothesis with the absolute loss function, but
this is not the case with the quadratic loss. Similarly, with
two country clusters (OECD and non-OECD countries), we
can reject the clustered EPA hypothesis using only Cr(f%
for both loss functions. However, when we consider the
three country clusters, we can reject the clustered EPA
hypothesis with the absolute loss function using any test,
at least at the 10% level. To conclude, using the absolute
loss function, a significant difference between the IMF and
RW forecast accuracy exists in the pre-crisis period.

As seen in Panel (c), the results are slightly different
for the post-crisis period. First, the overall test statistics
are negative for the absolute loss as IMF has less bias
in this period. However, these overall differences are not
statistically significant. When we look at the clustered
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EPA tests with two clusters, the differences are again sta-
tistically insignificant for both loss functions. Considering
the case of three country clusters, similar to the pre-crisis
period, we can reject the clustered EPA hypothesis with
the absolute loss function using any test. The statistics for
the quadratic loss differentials are insignificant as before.
This is not surprising as we have found that the average
loss differentials are very close to zero using the quadratic
loss, as is reported in Table C.13.
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