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ABSTRACT

We perform a direct comparison between a statistical forecast model using space-time principal
components as predictors and a series of experimental long-range (up to 44 days) dynamical
forecasts performed at Météo-France using a simplified-physics version of the former french
operational forecast model “Emeraude”. The comparison is made possible by forecasting the
same upper air quantity, the monthly averaged 50 kPa geopotential height, at the same forecast
dates and lead times, using the same skill measure. A disappointing result is that most of the
skill differences are nonsignificant, due to the small number of forecast cases used (40).
Moreover, the skill comparisons are obscured by inherent biases due to the combination of
trends, interdecadal variability and systematic errors. We use a very conservative significance
testing procedure taking into account these problems. A careful examination of the skill leads
to the conclusion that the statistical model performs better in the long run than the dynamical
one. Of particular relevance is the question whether the valuable information contained in the
empirical and the dynamical forecasts differ. If such is the case an appropriate combination of
both forecasts, and/or forecasting algorithms could lead to an improvement of the skill. This
is our second purpose: we propose here two hybrid procedures which combine objectively the
dynamical and statistical predictive information contents. The skill of these hybrid models is
compared to that of the two original models. One of the two hybrid schemes is shown to be

significantly more skillful, at long lead times, than the dynamical model.

1. Introduction

The development of computer resources has,
during the last decade, raised the possibility of
using large numerical models for monthly-to-
seasonal atmospheric predictions. These models
are generally derived from the currently opera-
tional short-range forecast models, by reducing
horizontal resolution and simplifying the vari-
ous physical parametrizations. This dynamical
approach of long-range prediction relies on the
hypothesis that, given the computer time and
memory constraints, the most skillful model must
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be the most physically accurate one, in its repres-
entations of the complex processes of the earth-
ocean-atmosphere system. Numerous experiments
have been conducted to assess the validity of
dynamical models for long-lead forecasts (Tracton
et al., 1989; Brankovic et al., 1990; Milton and
Richardson, 1991; Déqué and Royer, 1992; Palmer
and Anderson, 1994 (for a thorough review)).
However, despite the fact that dynamical
forecasts are based on the most scientific grounds,
they are still at an experimental stage and appar-
ently fail to exhibit significantly higher skill than
empirical forecasts (Van den Dool, 1994), such as
provided in an operational fashion by various
meteorological and climatic centers (Folland
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and Woodcock, 1986; Livezey and Barnston,
1988; Barnston, 1994). Such empirical forecasts
are mostly based on linear techniques such as
canonical correlation analysis (Barnett and
Preisendorfer, 1987; Barnston, 1994), or on ana-
logue techniques (Bergen and Harnack, 1982;
Folland and Woodcock, 1986; Livezey and
Barnston, 1988). Admittedly, the reason for the
apparent failure of dynamical models in the long
range rests upon its inherent numerical con-
straints: the large computing time required inhibits
the possibility of carrying out long validation
experiments necessary to measure skill with any
statistical reliability. This difficulty is increased by
the fact that the skill is anyway expected to be
low. Moreover, development, tuning and valida-
tion of new physical parametrizations require
many of these long validation experiments, and it
is plausible that the full validation of a long-range
forecast model takes longer than its own obsoles-
cence time.

At present, a major part of the long-range
forecast error of dynamical models is the system-
atic error (Tracton et al., 1989; Brankovic et al.,
1990; Déqué, 1991). Conversely, empirical forecast
schemes are likely to mimic the climate of the
past, but are less able to forecast its drift, which
is not a serious limitation for time scales shorter
than a season. However, if the climate trends (or
its ultra-low frequency fluctuations) are due to
modifications in the occurrence frequencies of
particular high-amplitude events, models trained
from the past climate hold the knowledge of these
events, and therefore should be able to adapt
themselves to the modified environment. For
the above reasons, one is lead to doubt that,
for several years or perhaps decades, dynamical
models will undeniably beat empirical models, and
will be used as such for operational long-range
forecasting.

There is, to our knowledge, no quantitative
investigation of the difference between statistical
and dynamical models’ skill for real-atmosphere
long range forecasts. This is mostly due to the
quoted difficulties in assessing dynamical forecasts
skill. The skill of statistical models, by contrast,
has been addressed in many articles (Folland et al.,
1986; Barnett and Preisendorfer, 1987; Livezey
and Barnston, 1988; Barnston, 1994). Another
difficulty comes from the nature of the output
forecasts. Statistical forecasts are often put into
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discrete, categorical, probabilistic forecasts, while
dynamical forecasts are generally continuous and
deterministic. Therefore, an important problem is
to use the same skill index for both.

The first goal of the present study is to provide
a direct comparison between a statistical forecast
model, using space-time principal components
(ST-PCs) as predictors, as developed by Vautard
et al. (1996; hereafter VPP, see also Vautard,
1995), and a general circulation forecast model,
namely the former french numerical weather
prediction model EMERAUDE. The long-
lead dynamical forecast experiments with
EMERAUDE have already been described in
Déqué and Royer (1992), and Déqué et al. (1994)
with skill estimation procedures somewhat differ-
ent to that we shall use. Here, the direct compar-
ison is made possible by forecasting the same
upper-air quantity, the 50 kPa geopotential height,
at the same forecast dates and lead times, using
the same measure of skill.

An interesting point is to examine whether there
are certain circumstances where our simple statist-
ical model formulation can perform better, in the
long-range forecasting sense, than a general circu-
lation dynamical model. Above all, we address
here the question whether the valuable informa-
tion contained within the statistical and the
dynamical forecasts differ. If such is the case, an
appropriate combination of both strategies could
lead to an increase of the prediction skill. This is
our second goal. We propose here two hybrid
forecast schemes where the statistical and the
dynamical predictive knowledges are combined.
The idea of combining statistical knowledge
(obtained from data processing) with dynamical
knowledge (obtained from the laws of physics) is
not new: A simple hybrid formulation has been
proposed, for instance, by Madden (1981), Déqué
et al. (1994), who used either a combination of
damped persistence and simplified GCMs or the
dynamical model’s output statistics in order to
improve the forecast skill. In these studies, how-
ever, the statistical formulation was not as sophist-
icated as up-to-date statistical models. In a recent
study, Jianping et al. (1993) proposed a more
elaborate analogue-dynamical forecast combina-
tion, where only perturbations from the best ana-
logue are integrated from the dynamical model.
The skill was indeed improved relative to the
analogue model itself, but the validation procedure
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was performed over a very limited number of
cases. Meteorological centers producing on an
experimental or even on a routine basis long-
range forecasts generally use some blending pro-
cedure: the strategy is most often to perform, on
the one hand, ensemble average forecasts, by per-
turbing the initial condition with perturbations
representative of the initial error, and on the other
hand, to use sophisticated statistical models.
The final forecast provided to the public is gener-
ally a blend of the two outcomes, involving a
large degree of subjectivity. We propose here
objective hybridization methods for this blending
procedure.

In Section 2, we describe the data set, the
validation procedure, and the forecast experiments
performed with the dynamical and statistical
models. Section 3 is devoted to a comparison of
the skill of the models in extrapolating the space-
time principal components. In Section 4, the skills
of the models in forecasting grid-point values
of the 50kPa 30-day averages are compared.
Section 5 describes the formulation of two hybrid
models and their skill is compared with those of
the original models. Section 6 contains a summary
and a short discussion.

2. Data, models and methodology

2.1. Basic data set

Throughout this article, we use as predictor (for
the statistical model) the geopotential height at
50 kPa over the extratropical northern hemisphere
(NH: 25°N-86°N), whereas the predictand is
restricted to 30-day averages of 50 kPa heights

over the midlatitude Atlantic area (ATL: 30°N-
70°N, 80°W-40°E). The original datasets are the
daily analyses of the 50 kPa geopotential height
from NMC and ECMWF. NMC data are used
for the period 1 April 1950-30 April 1983, and
are initially given on a regular 5x 5 degree grid.
The ECMWF analyses, covering the whole globe,
are used for the period 1 May 1983-31 January
1994. Both NMC and ECMWF data are inter-
polated onto a T21 gaussian grid.

2.2. Validation procedure and predictands

For the dynamical forecasts, a set of 40 experi-
ments, performed at METEO-FRANCE, is avail-
able at dates specified in Table 1. These dates are
all contained within the cold seasons 1983-1984
to 1992-1993. Hence, for the construction of
the statistical model, we use a single learning
period (1 April 1950-31 March 1983); all verified
dates belong to the complementary period, the
verification period. Regardless of the existence
of any trend in the data, annual cycle removal,
principal component analysis, tercile separator
estimation (see below), are carried out using data
belonging to the learning period only. Such
a procedure differs from the classical cross-
validation (Tukey, 1958), in which data are suc-
cessively used for learning model coefficients and
for forecast verification. However, the hybrid
models construction, as well as the removal of
systematic errors, requires the knowledge of some
dynamical forecasts, for which we shall use a
cross-validation technique, by omitting in these
calculations the cold season over which the

Tables 1. Starting dates of the 40 Emeraude ensemble forecasts (Déqué et al., 1994)

Nov. Dec. Jan. Feb.

16 Oct. 1983 16 Nov. 1983 15 Dec. 1983 16 Jan. 1984
16 Oct. 1984 16 Nov. 1984 15 Dec. 1984 16 Jan. 1985
16 Oct. 1985 16 Nov. 1985 15 Dec. 1985 19 Jan. 1986
19 Oct. 1986 16 Nov. 1986 14 Dec. 1986 18 Jan. 1987
18 Oct. 1987 15 Nov. 1987 13 Dec. 1987 17 Jan. 1988
16 Oct. 1988 20 Nov. 1988 18 Dec. 1988 22 Jan. 1989
16 Oct. 1989 16 Nov. 1989 16 Dec. 1989 16 Jan. 1990
16 Oct. 1990 16 Nov. 1990 16 Dec. 1990 16 Jan. 1991
16 Oct. 1991 16 Nov. 1991 16 Dec. 1991 16 Jan. 1992
16 Oct. 1992 16 Nov. 1992 16 Dec. 1992 16 Jan. 1993

Tellus 48A (1996), 4

D U SWB 1 341 39S *[9202/70/9T] Uo ARIqIT 8UIIUO /B]1M ‘80UB|OXT 2180 PUE UIESH 10} I IIsu| UOTN ‘FOIN Aq X'€0000-E-TOY966T 0280-009T [/VE0T 0T/I0p/wod A3 |1mAReIq 1 [Bul U0/ SANY W01} PAPEOJUMOQ 7 ‘966T ‘0/80009T

2518017 SUOWLIOD SATER.D 2IGEO1IACE U1 Aq POUBAOB 9.2 SIPILE WO 580 J0.S3INI 0} ARI]IT BUINO ABIIAA UO



STATISTICAL AND DYNAMICAL LONG-RANGE ATMOSPHERIC FORECASTS 521

forecast is verified against the analysis, as in Déqué
and Royer (1992).

The ATL area includes 176 grid-points. As in
VPP and many other long-range predictability
studies (Folland and Woodcock, 1986, Livezey
and Barnston, 1988), the 176 predictands are
classified into three equally-probable terciles
(whose separators depend on the grid point). The
categories are called A (above normal), N (near
normal) and B (below normal). Calendar-time
dependent tercile separators are calculated, as in
VPP, by sorting, over the learning period, the
monthly mean values of months covering at least
15 days of the current calendar month.

Each issued monthly-mean 50 kPa height tercile
forecast (from any model) is verified against the
actual tercile, and a 3 x 3 contingency table n;;(x)
is built at each grid point x. The measure of skill
used here is the categorical LEPS (linear error in
probability space) score (Ward and Folland, 1991;
Barnston, 1992). In practice, each entry of the
contingency table n;;(x) (the number of cases with
the i verified tercile and the j forecast tercile) is
multiplied by a constant scoring weight W,;, the
same as used for terciles by Ward and Folland
(1991) and VPP. The final score is obtained, at
each grid point x, by summing up all the products,

i nij(x)vvij
S(x)= it —, (1)

Y m()W

i=1

where n;(x) is the number of verified occurences
in category i.

This scoring system is equitable (Gandin and
Murphy, 1992), that is, the weigths W,; are such
that the score S(x) is 0 for random or a constant
categorical forecasts and 1 for perfect forecasts. It
also has correspondence with the standard correla-
tion measure (Barnston, 1992). The values of W;
are obtained from information theory and repres-
ent the probabilistic value of a forecast of tercile
j when tercile i actually occurred (Ward and
Folland, 1991). The weight matrix is W;; = W;3=
135, Wi, =W, =Wao=Wy=—0.15 Wy =W;3=
—1.30 and W,,=0.30. The global skill score S is
estimated by simply averaging, over the geograph-
ical domain of the predictands, the values of the
grid-point LEPS scores.
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2.3. Trends, skill biases, and statistical significance
of the LEPS scores

Here we have to face one major difficulty in
assessing the confidence of the skill scores: Real-
atmosphere data are not stationary in the statist-
ical sense. These nonstationarities can be due, for
instance, to the considerable changes in observa-
tion and assimilation procedures since the early
50s. However, the climate itself has its own natural
trends that we are not able to separate from the
analysis biases. It may be desirable to substract
trends from a data set (Barnston, 1994) since it
can inflate artificially the skill, especially
when a cross-validation procedure is used.
However, we choose here not to do so, mostly
because the extrapolation of a linear trend calcu-
lated from the 33-year learning period is a disast-
rous estimate of it over the verification period.
Indeed, trends in the 50 kPa are highly nonlinear,
and probably largely dominated by interdecadal
variability. Instead, our estimation of the statistical
significance of the skill scores takes this trend
into account.

Owing to the above choice, three difficulties
arise in assessing skill significance. The first one
is due to the bias of the LEPS skill score when
verification terciles are not balanced, i.e., do not
occur exactly one third of the time. In this case, a
random model having the “right climatology”, i.e.,
a number of forecast occurrences equal to the
number of observed ones over the verification
period, has a strictly positive skill score. The
second difficulty arises from the combination of
trend and systematic errors: Assume that the
forecast model has a systematic error that is so
large that it always forecasts a given extreme
tercile; When this tercile turns out to have also
the largest verified occurrence probability, the
LEPS score is positively biased. In the opposite
case, it is negatively biased. Finally, when the
variance of the forecasts is much smaller than the
observed variance, the N category is overforecast
and the skill is negatively biased (Ward and
Folland, 1991). In this case, one still has the
possibility of inflating artificially the variance, but
the inflation factor can only be estimated using
cross-validation. We are not aware of any univer-
sal scoring system which avoid these peculiarities.
We choose, here, to assess the statistical signific-
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ance by a simple non-parametric test that takes
into account the above problems.

The statistical significance test compares the
measured LEPS score with that of a random
forecaster predicting the same tercile frequencies
as the model to be tested. Tests are done in a non-
parametric way, almost like in Déqué and Royer
(1992), but they are inherently model — and grid
point — dependent: The 40 forecast tercile maps
are shuffled 1000 times, but not the verified tercile
maps, yielding 1000 contingency tables from which
LEPS scores are calculated. The 900th value, as
obtained by sorting them into ascending order,
provides a one-sided 90% significance test above
which the model score is expected to lie. In this
way, all skill bias problems mentioned above also
occur for the random forecaster. By substracting
the average over the 1000 LEPS score values from
the model score, one also obtains an unbiased
estimate of the score.

This method of estimating score significance,
and removing its bias, is very conservative: A
simple persistence model, which is, by definition,
able to take trends into account, has a vanishing
unbiased score. Note also that, in the presence of
trends, the unbiased score of perfect forecasts is
lower than 1. In the results presented below, both
unbiased and standard LEPS scores will be shown
in order to allow discussion about the ability of
the models to accomodate to the existence of
trends.

2.4. The dynamical model

The EMERAUDE model (Déqué and Royer,
1992) is adapted from the previously-operational
short-range forecast model developed at Météo-
France between 1984 and 1992. It is a T42 spectral
model, with 20 levels in hybrid vertical coordin-
ates. The simplified physical parametrizations
include radiation, convection, hydrological cycle,
interactive cloudiness. The integration scheme is
semi-implicit with a time-step of 20 mn. Boundary
conditions are monthly climatological sea surface
temperatures (SST), to which is added a persistent
anomaly, computed from days —11 to —2 before
the starting analysis. For further details about the
model itself, the reader is referred to Déqué and
Royer (1992).

The model is run up to 44 days (D + 44) starting
from the 40 dates listed in Table 1. Each forecast

consists of a set of 5 lagged integrations starting
from ECMWEF analyses of days D-2 to D with a
12-h step. In this work, and unless specified other-
wise, we always use the average of the ensemble
forecast, which provides slightly improved skill, as
mentioned by Déqué and Royer (1992). Forecasts
of the 50 kPa height are therefore averaged over
the 5 individual members, and finally placed into
their respective terciles at each grid point.

Fig. 1 shows the large EMERAUDE systematic
error in forecasting 30-day averages, over the ATL
sector, calculated from the 40 cases, at a 14-day
lead time, i.e., for periods (D+15, D+44). There
is a large underestimation of the height in the
mid-Atlantic, and a smaller overestimation over
Europe, at all lead times. The systematic error is
found to be very similar if calculated from only
the first or second half of the experiments. In the
following, we denote by DYN the categorical
dynamical forecasts and DYN-S the forecasts
obtained by removing the cross-validated system-
atic error before tercile calculation. As mentioned
above, the cross-validated systematic error is
obtained, for a given winter, from the 36 forecast
cases issued during the 9 other winters.

2.5. The statistical model

The statistical model is that described by VPP
(see also Vautard, 1995). It is based on a two-step
procedure. First, “predictable components” are
calculated, and are extrapolated, using a linear
autoregressive model. Second, these extrapolated
components are used as predictors for a specifica-
tion stage using a simple analogue method. We
recall here briefly its main characteristics, and the
reader is referred to VPP for further technical
details.

The first step consists in calculating 5-day aver-
ages (pentads) of the 50 kPa geopotential height
field anomalies over the whole Northern
Hemisphere on the T21 gaussian grid, and per-
forming a principal component analysis (PCA) of
these data (Preisendorfer, 1988). Then, space-time
principal components (ST-PCs) are obtained from
a multichannel singular spectrum analysis (MSSA:
Broomhead and King, 1986a,b; Plaut and
Vautard, 1994), which is a PCA in the delay-
coordinate phase space, that is, the space of T-long
sequences of consecutive state vectors defined
by the first 10 S-PCs, as in VPP. These filtered
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Systematic Error

Fig. 1. Systematic error of the 50 kPa height monthly averages (days 15 to 44) of the EMERAUDE dynamical model.

ST-PCs achieve a good compromise between pre-
dictability and explained variance (VPP). T is
called the window length, and is fixed to 90 days
in the present study. Since S-PCs represent
pentads, the numerical window length is 18, and
the lag-covariance matrix diagonalized by MSSA
is 180 x 180.

The behaviour of the ST-PCs bears similarity
with that of forced-damped stochastic oscillators,
which justifies the use of autoregressive models
for their time extrapolation. The leading 10
ST-PCs are extrapolated using a linear autoreg-
ressive model with, as regressors, the leading 100
ST-PCs taken 7 days before. Assume, for instance,
that present is time t. In order to forecast 50 kPa
averaged over the period (t+s, t+s+30) (s is
called, as in Barnston (1994), the lead time), the
current ST-PCs, constructed with the latest T-long
sequence of observed data, are extrapolated up to
the latest time of the average t'=t+s+ 30.

The second step is the specification (or “down-
scaling”) step. The problem is to estimate, from
the leading 10 extrapolated ST-PCs, the value at
each ATL grid point of the 30-day 50 kPa geopot-
ential field average. VPP proposed a probabilistic
approach, which has also been used for various
specification problems (Klein, 1983). Instead of
estimating the values of the predictand, one estim-
ates crudely its conditional probability distribu-
tion (CPD), discretized into the three terciles. The
CPD is calculated by seeking, within the learning
period, the 500 nearest neighbours (analogues) of
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the forecast 10-dimensional ST-PC vector, and
counting the number of occurrences of predictand
values falling within each tercile. Then, a determin-
istic decision is made by forecasting the tercile
having the largest conditional probability. The
similarity measure used for determining the best
analogues is the pattern correlation in the
10-dimensional space spanned by the leading 10
ST-PCs. The use of pattern correlation was also
made in long-range forecasting by Bergen and
Harnack (1982).

The above forecast scheme was shown by VPP
to provide forecast skill larger than the direct
forecast by the analogues, skipping the first extra-
polation stage. The technical differences between
the scheme used by VPP and the present one are
as follows.

(a) The window length is T=90 days, instead
of 180 days in VPP. This choice increases slightly
the skill because it reduces the number of para-
meters to be estimated.

(b) Predictands and predictors are the 50 kPa
heights instead of 70 kPa heights in VPP. This is
not a major change for monthly means, owing to
their intrinsic barotropic nature. Also, in VPP, the
prior PCA was performed over the ATL domain
only. Here PCA is performed over the global
Northern Hemisphere, which adds information to
the predictor and increases slightly the skill.

(¢) The pool of analogues is restricted to the
winter season November through March.
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Learning ST-PCs are sampled every 5 days,
yielding a pool of about 1000 possible analogues.
Our results are fairly insensitive to the choice of
these statistical model’s parameters. The statistical
forecasts will be denoted STA hereafter. Since
there are climate differences between the learning
and the verification periods, the statistical model
has “systematic errors” due to the fact that it is
built only from the 1950-1983 analyses. In order
to make a fair comparison with DYN-S forecasts,
the systematic errors of the linear ST-PC extra-
polation can be corrected in the same manner as
for the dynamical model. The resulting forecasts
are called STA-S.

3. Forecast of “predictable modes”

3.1. Dynamical versus empirical extrapolations of
the ST-PCs

In order to assess the skill of each model in
extrapolating the low-frequency modes of the
atmosphere, we first examine the average pattern
correlation between extrapolated and actual
ST-PCs. The pattern correlation is defined as the
cosine of the angle between two ST-PC vectors

(of dimension 10). The dynamically-extrapolated
ST-PCs are calculated after the forecast, by pro-
jecting the average forecast onto the correspond-
ing ST-EOFs. Since ST-PCs are 90-day averages
of the 50 kPa anomalies, weighted by the ST-EOF
coefficients, their extrapolation by the dynamical
model uses ECMWF analyses in the early part of
the 90-day window, and model forecasts in the
later part.

Fig. 2 shows the average pattern correlations
using the two extrapolation models, calculated
from the 40 forecast cases, as a function of the
extrapolation time. Also shown is the average
pattern correlation obtained from individual mem-
bers of the dynamical ensemble forecast, and the
average pattern correlation obtained from the
linear regression model, but calculated over all
dates belonging to the winter season (instead of
from the 40 cases only). As mentioned above,
winter is defined as the period november-march.
Fig. 2 shows basically that all extrapolation
models have almost the same extrapolation
skill. The ensemble-averaging operation increases
slightly the skill. Dynamical extrapolations, when
averaged over their five members, beat the linear-
regression extrapolations at all lead times consid-
ered here.

g
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074 ... DYN (Individual members)
-— STA
----- STA (All winter days)
0 10 20 30 40

Lead Time (Days)

Fig. 2. Average pattern correlations between extrapolated ST-PC vectors, using the dynamical (DYN) and the
statistical (STA) models, and actual ST-PC vectors (as obtained from ECMWF analysis after projection onto the
ST-EOFs). Note that lead time is defined here as the lag between extrapolation time and the time of the forecast.
Light vertical bars: standard deviation for 40 starting dates randomly choosed (see text). Heavy error bars: the same

for 100 random starting dates.
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In order to check to what extent does the
restriction to 40 cases limit the statistical signific-
ance of our comparison, we randomly generate
1000 sets of 40 starting analysis dates (4 within
each of the 10 winters 1983-1992) and forecast
the corresponding ST-PCs with our linear statist-
ical model. In this way we have at our disposal
1000 values of the pattern-correlation at any lead-
time and are able to compute a mean and a
standard-deviation (light vertical bars of Fig. 2).
Notice however that these cases are not independ-
ent. Since we cannot check in a similar way the
pattern correlations of the dynamically forecast
ST-PCs, we can do no more than conjecture the
following (see Fig. 2): (i) The 40 cases under study
are probably not favourable to the STA model,
since the corresponding skills lie in the lower part
of significance interval; (ii) No definite conclusion
may be drawn from the 40 cases in assessing the
difference between dynamical and statistical
models skill; (iii) Even if one used 100 cases (10
within each of the 10 winters), instead of 40 (heavy
bars on Fig. 2), and provided the dynamical model
pattern correlations do not change much, more
definite conclusions could hardly be drawn.

3.2. Spread of dynamical forecasts and skill

Many meteorological centers now carry out
dynamical extended-range forecasts using several
realizations of the initial conditions in order to
provide an ensemble forecast. The actual atmo-
sphere’s state is thus expected to lie within the
cloud of forecasts, which in principle is rigorously
true when (i) the cloud of initial conditions encom-
passes the actual one (Epstein, 1969), and (ii) when
the model is perfect. In practice, condition (i) is
hard to verify while condition (ii) is definitely not
satisfied. Fig. 3 shows, for instance, the evolution
of each of the five individual dynamical forecasts
projected onto the plane spanned by ST-EOFs 3
and 4, for the forecast case starting on 18 january
1987. Also shown in Fig. 3 are the verifying
ST-PCs obtained from ECMWF data and the
extrapolation obtained by the linear regression
model. For this particular case, the verification
ST-PCs do not lie within the cloud of forecasts,
even when the systematic error of the model is
removed (Fig. 3b). This indicates that systematic
errors may not be the only source of the displace-
ment of the forecast cloud with respect to reality.

Tellus 48A (1996), 4

However, for this example, we do not have any
mean of determining whether condition (i) or (ii)
are violated. The perturbation generation proced-
ure is very simple here, and the simulation of
analysis errors can certainly be improved by the
use of more sophisticated schemes such as the
“bred growing modes” (Toth and Kalnay, 1993),
or the “optimal perturbations” (Mureau et al.,
1993).

4. Predictability of monthly-mean
geopotential heights

In this section, we compare the LEPS skill
scores of the 30-day average tercile forecasts, for
the DYN, DYN-S, STA and STA-S models.

4.1. Global scores

The global skill scores of the models DYN and
STA are displayed in Fig. 4a as a function of lead
time. Lead time is defined, as in Barnston (1994),
as the time interval between the latest known data
and the first day of the average to be forecast.
Since DYN forecasts are carried out for periods
of 44 days, the lead times run here from 0 to 14
days. The DYN forecasts have a clearly higher
skill at shorter lead times, but for lead times
exceeding 10 days, the score difference with STA
forecasts becomes nonsignificant. Note that, due
to the small number of cases, the skill score of the
STA model turns out to be higher at long lead
times than at short lead times. When the score of
STA is calculated from all winter days (november
through march), it decreases monotonically with
lead time, as expected. Once again, the 40 selected
cases turn out to have below-average score. Also
shown on Fig. 4a is the average score of the single-
member DYN forecasts, which is slightly lower
than that of the ensemble average forecasts.
Finally, these scores are clearly higher than those
obtained from a simple persistence model, where
the forecast tercile is the latest-known tercile, i.e.,
that of the 50 kPa 30-day average ending at the
day of the forecast.

The DYN scores are significant at the 90%
confidence level at all lead times. Note that our
significance test leads to 10%-90% error bars
lying entirely in the positive score domain. This
results from the combination of trends and system-
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Fig. 3. Extrapolations of ST-PCs issued from various models, starting on January 18, 1987, projected onto the plane
spanned by ST-EOFs 3 and 4: (a) Raw dynamical forecasts (DYN), and (b) corrected ones (DYN-S). Light dashed
lines: individual members of the ensemble forecasts; heavy dashed lines: average DYN and DYN-S extrapolations;
heavy solid line: extrapolation from the linear regression scheme; line with triangles: projected ECMWF verifying
analyses. The curves all start from a single point representing the state of the ST-PCs at the time of the forecast.

atic errors mentioned in Section 2. The STA model
score, when calculated from the 40 cases, is only
marginally significant at some lead times; however,
the STA score calculated from all winter days (not
shown) is, in fact, significant at all lead times.
Note finally that the confidence intervals are
tighter for the DYN model than for the STA
model. This is due to the combination of two
factors: (i) STA tends to produce more extreme

forecasts than DYN (see VPP for explanations),
and (ii) LEPS scores rewards (penalizes, respect-
ively) more correct (erroneous, respectively)
extreme tercile forecasts than near-normal fore-
casts. Note finally that the persistence model has,
as anticipated in Subsection 2.3, a nonsignifi-
cant score. This confirms the severity of our
significance test.
Fig. 4b shows (see

the unbiased scores
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Fig. 4. Global LEPS scores of the DYN, STA, and per-
sistence models, versus lead-time, for the forecasts of the
50 kPa heights. (a) Raw forecasts for the DYN, STA,
persistence, and individual-members of the dynamical
model. Heavy error bars represent the 10%-90% con-
fidence interval for the random forecaster associated to
the DYN meodel; Light error bars stand for the STA
model, and light bars without caps stand for the persist-
ence model. See also the legend on the graph. (b) Same
as (a) for the unbiased LEPS score of the DYN, DYN-S,
STA, STA-S models. Heavy (light, respectively) error
bars are associated to the DYN-S (STA-S, respectively)
model.

Subsection 2.3 for definition) of the DYN, STA,
DYN-S and STA-S models. The STA and DYN
unbiased score curves cross at a lead time of 8
days. A comparison of the difference between the
two curves with the size of the confidence intervals
shown in Fig. 4a indicates, however, that the signi-
ficance of this difference cannot be fully established
from our experiments. Figure 4b also shows that
the removal of systematic errors does not clearly
improve the unbiased skill of the models. The
STA-S scores are even almost systematically non-
significant at the 90% confidence level.
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Fig. 5. (a) Number of cases for which DYN beats STA

(shaded bars), and reverse (solid bars), versus lead-time.

(b) The same for DYN-S and STA-S.

The variations of the respective skills of the
DYN and STA models with lead time are also
illustrated on Fig. 5a (Fig. 5b, respectively for the
DYN-S and STA-S models) by calculating the
number of cases, among the 40 considered, for
which one model provides a better forecast than
the other. The skill measure is again the LEPS
score of the contingency matrix, but is cumulated
over the 176 ATL grid points only, for a given
case and lead time. For lead times longer than 8
days the STA (resp. STA-S) forecasts seem more
accurate than the DYN (DYN-S, respectively)
forecasts, in terms of number of successes.

A complementary way to characterize both
model performance is to examine the cumulated
contingency tables they produce. With 40 experi-
ments and 176 grid-points, a random forecaster
should provide roughly 780 events in each cell of
the contingency table. The most outstanding fea-
tures of DYN forecasts at a 14 day lead-time
(Table 2) mainly consist in a 50% excess of right
tercile B forecasts, together with an equivalent
shortage of wrong tercile A forecasts. In fact, the
DYN model forecasts almosts twice as many B
terciles as A terciles. The STA model is more
balanced, but with an excess of extreme tercile
forecasts, which is inherent to the Bayesian formu-
lation of the statistical model (Van den Dool and
Toth (1991) and VPP for explanations).



528 J. SARDA ET AL.

Table 2. Contingency tables of 30-day average Z500 grid-point forecast for a lead time of 14 days

Emeraude (DYN)
(DYN experiments)

Statistical (STA)
(STA experiments)

Statistical (STA)
10 full winters

B N A B N A B N A
tercile B 1249 885 805 1218 1056 769 1204 980 784
tercile N 725 798 842 283 391 466 335 355 436
tercile A 374 555 807 847 791 1219 804 909 1233

Rows correspond to forecast terciles, and columns to observed terciles. There are 40 x 176 =7004 possibilities. The
10 full winter table has been renormalized to make comparison easier.

4.2. Do models forecast trends?

The title of the present subsection may appear
somewhat provocative since trends involve at least
multi-annual observations, while the present study
deals with intraseasonal forecasting. It should be
more exact to ask whether models trained with a
given “climate” are able to take into account the
climate differences between learning and verifica-
tion periods. Particularly, the statistical model
should eventually (for infinite lead times) provide
a forecast that converges toward the climate of
the learning period. The key question is whether
this convergence time exceeds the lead times under
consideration. We demonstrate here that such is
the case.

We display in Fig. 6 the difference between the
verified probabilities of tercile A and B at a 14-day
lead time, and the same difference but for STA
and DYN forecast terciles. Relative to the
1950-1983 climatology, the verified dates display
a clear lack of A terciles, in the area South of
Greenland, and an excess of A tercile over Europe.
The systematic drift of the DYN model towards
its own climate leads to a large excess of B terciles
in the mid-Atlantic area, together with an excess
of A terciles in the Mediterranean area. Although
the pattern showed in Fig. 6b is correlated with
that of Fig. 6a, one cannot conclude that the DYN
model is able to correctly take the trend into
account, since the systematic error of the model
(see Fig. 1) has significant correlation with the
pattern of Fig. 6a: it is so large that in the mid-
Atlantic area the tercile B is forecast for all the 40
cases. The correlation between systematic error
and trend is likely to be due to pure chance.

The “systematic error” of the STA model can
only stem from the trend itself and only results in
underestimation of the trend, as revealed by com-

parison of Fig. 6a and 6¢c. However, the trend
pattern itself is largely recovered. For this model,
skill inflation due to trends is due to true ability
of the model to adapt to the trend, and is thus
not artificial. Therefore, one must be very carefull
in interpreting scores in the presence of trends.
Actually, going back to Fig. 4, the low unbiased
score of the STA model indicates that over these
40 cases, the greatest part of the STA model’s skill
comes from adaptation to the trend itself, while
for short leads, DYN forecasts tend to have a true
skill in forecasting the variability about this trend.

4.3. Local scores

As already mentioned by Déqué and Royer
(1992), local scores may be hardly seen as signific-
ant in a 40-case study. The results presented below
confirm this point. Figs. 7a-d show the grid-point
LEPS scores of the DYN, DYN-S and STA
models, at a 14-day lead time. The DYN model
achieves the highest (lowest, respectively) scores
South of Greenland and over the Mediterranean
area (resp. over the Eastern Atlantic). However, it
is likely that these peak scores are mostly due to
the combination of trends and systematic errors,
as mentioned above, since the peak values occur
precisely where the trends are highest (compare
with Fig. 6a). When the systematic error of DYN
is removed, the score pattern still exhibits a large
area of negative values over the Eastern Atlantic.
The STA model (Fig. 7c) has a more homogeneous
score pattern, with negative values only in scat-
tered areas, over the very Eastern part of the
domain and North Africa. Its score also exhibits
larger values over Europe and South of Greenland.

In order to have a better estimate of the STA
score pattern, Fig. 7d shows the score map obtained
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Fig. 6. Difference between the occurrence probabilities of the A tercile and the B tercile, calculated from the 40
forecast cases at lead time 14 days, for (a) the verifitcd ECMWF analysis (ANA), (b) terciles forecast by the DYN
model and (c) terciles forecast by the STA model. Contour interval is 0.1.
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Fig. 7. Geographical distribution of the (biased) LEPS score for the DYN (a), DYN-S (b), and STA (c) models. In
panel (d), the score of the STA model, calculated from all possible predictand days within the cold season along the
verification period (10 winters) is represented (STAa). Contour interval is 0.1.

from forecasts over all winter days of the verifica-
tion period. The resulting map strongly resembles
the score map of VPP, who also found significant
skill in 3 major areas of the same domain: near
Greenland, over the Southern Atlantic and over
Europe. These significant skill areas were shown to
correspond to an enhanced predictability of the
NAO seasaw (Déqué, 1988; VPP).

The unbiased score maps of the three models,
at a lead time of 14 days, are shown in Figs. 8a—c.
Both DYN and DYN-S still exhibit large areas of
negative skill, with scattered peaks which are now
located at different places relative to that of the
biased skill maps. The significance (not shown) of
these maps is, as anticipated, very poor. Only
areas of score roughly higher than 0.2 are sig-
nificant at the 90% confidence level. Some scat-
tered grid points satisfy this condition, for both
DYN and DYN-S, while the STA score map
exhibits three areas of significant skill: over the
Mediterranean area, along a ridge extending from
the South Atlantic to the British Isles, and near
the Labrador sea. It can be pointed out that, like
for its systematical error, the pattern correlation

of DYN appears rather robust against partitions
of DYN experiments (not shown).

These maps also show that the distribution of
skill of the STA and DYN models are qualitatively
different. One should therefore expect to gain
some skill from the combination of the two
forecasts, which is the purpose of hybridization.
The fact that the skill of the two models is very
different not only results from the systematic errors
of the dynamical model, but also from its system-
atical deficiencies, that is, systematic errors in
higher-order moments.

5. Hybrid forecasts

5.1. The hybrid models

If indeed ST-PCs are predictable features, they
should be well extrapolated by the dynamical
model itself. One way to improve the statistical
model is therefore to replace the linear extrapola-
tion of the ST-PCs by a dynamical one and to
apply the specification stage exactly as before,
using the analogue method. This is the first, simple
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Fig. 8. Same as Fig. 7, but for the unbiased LEPS score of the DYN, DYN-S and STA models calculated from the

40 cases only.

hybrid statistical-dynamical model, called here-
after HYBI. This very simple method has the
advantage of retaining, from the dynamical
forecasts, only the most predictable modes. The

Tellus 48A (1996), 4

systematic error of the dynamical model is not
removed before the projection onto ST-EOFs,
hence the HYBI1 forecasts only use statistics from
the learning period.
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The STA forecasts and the HYBI1 forecasts both
use extrapolated ST-PCs as predictors for the
specification stage. If one of the two extrapolation
models turns out to be largely more skillful than
the other, then one should use it for the specifica-
tion. However, the extrapolation error can be of
the same order of magnitude, but have different
statistics. In this case, it should be useful to
combine these extrapolations in order to reduce
further the extrapolation error. The second hybrid
model, denoted hereafter HYB2, consists in calcu-
lating a best linear unbiased estimate (BLUE:
Jazwinski, 1970; Gelb, 1986) of the two extrapol-
ated sets of ST-PCs (STA and HYBI1), and apply-
ing again the same specification procedure as for
the STA model.

Let us denote a;(t+ 1) the actual kth ST-PC at
time t+7t (which uses observed data from the
window (t-T+71, t+71)), G(t+7) the kth ST-PC
extrapolated from the linear regression model, and
a,(t +7) the kth ST-PC extrapolated by the dynam-
ical model. The BLUE procedure provides another
extrapolated estimate d,(t+7) which is a linear
combination of the two extrapolations,

A (t+1)=h(1)a,(t +7) + (1 = b (7)), (¢ + 7). 3)

The weights h(r) are those which minimize the
rms error between d;(t+7) and the observed
ST-PC a,(t+7) over the learning period. In fact,
the BLUE procedure results from a more general
estimation problem, based on a maximum likeli-
hood procedure which assumes that errors follow
a gaussian distribution. Given this assumption,
the new estimate (3) gives actually the peak of the
conditional distribution of a,(¢+ 1) given its two
estimates @, (t+7) and d,(t +1).

When one of the two extrapolations is more
skillful on average, its weight is naturally found
larger. In principle, an even better estimate can be
provided from a multivariate estimate, by a global
minimization of the rms error between the estim-
ated ST-PC vector A (t+1) (of dimension 10), and
the observed ST-PC vector A(t+ 1), which would
take into account the cross correlation between
ST-PC errors. However, this approach fits
weighting matrices instead of single weights. In
our case, this would lead to fitting 10 x 10=100
coefficients instead of 10 coefficients. Since the
number of independent forecasts is small, overfit-
ting problems make the multivariate approach
useless. The lag-dependent weights h, (1) are given

by
=2
Ok —C
hO)= 55— 4
k( ) 6}%‘]’&%_20];’ ( )
where 2 and 42 are the respective variances of

the (lag-dependent) errors of the linear and the
dynamical extrapolations of the kth ST-PC, and
¢, is the covariance between their errors. The
weights are calculated in cross-validation mode,
as mentioned in Subsection 2.2, as for the removal
of the systematic error: The BLUE coefficients are
calculated, for a given verification winter, using
the extrapolated ST-PCs from the 9 other winters.
The number of extrapolations used to calculate
these coefficients is thus 36, which is probably too
small a number to substancially improve the
forecast skill. Note that for the same reason,
although it results in increased correlations in the
learning period ST-PCs, the use of less-constrained
parametrizations, such as a linear regression,
instead of eq. (3) would lead to increased overfit-
ting problems.

The pattern correlation between the three sets
of extrapolated ST-PCs (remember the ST-PCs of
HYBI1 are by definition those DYN), and the
actual ST-PCs, is shown in Fig. 9, in the same
format as in Fig. 2. Although the difference
between the three curves is nonsignificant in a
statistical sense (compare with the error bars in
Fig. 2), one notices that the linear combination
between ST-PCs extrapolated from the dynamical
model and the linear regression produces a mar-
ginal improvement, especially at long lead times.
At shorter lead times, the skill of the BLUE

0.85

0.80 —

Pattern Correlation

0.75

0.70

—
40

Lead Time (Days)

Fig. 9. Same as Fig. 2 for the dynamical (DYN), linear
regression (STA), and the BLUE hybrid (HYB) extra-
polation models.
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extrapolation is the same as that of the dynamical
extrapolation.

5.2. Skill of the hybrid models

Fig. 10a shows the (standard) global LEPS
scores of the DYN, STA, HYB1 and HYB2 models.
The global scores of HYB1 exceeds 0.24 at all lead
times. Only at lead times smaller than 2 days does
DYN perform better than HYB1. The score of
HYB2 forecasts is smaller than that of HYBI,
presumably due to sampling problems. The two
hybrid models have scores significant at the 90%
confidence level, using the same testing procedure
as above. When considering unbiased scores
(Fig. 10b), however, HYB1 does not beat STA for
lead times longer than 10 days. By contrast, at
long lead times, the BLUE procedure seems to
provide the best skill (HYB2). By comparing the
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Fig. 10. (a) Same as in Fig. 4 (biased LEPS score), for
the STA, DYN, HYB1 and HYB2 models (see legend on
the graph). Heavy error bars stand for the HYB1 model
and light error bars stand for the HYB2 model. (b) Same
as Fig. 10a, but for the unbiased LEPS scores.
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size of confidence intervals (Fig. 10a) with the
difference between the DYN and HYB2 curves of
Fig. 10b, one notices that the HYB2 procedure
significantly improves the skill of the dynamical
model in the long run, while the difference between
HYBI1, HYB2 and STA scores is nonsignificant.

The biased/unbiased score maps of HYBI and
HYB2 are shown in Figs. 11a-d, which are to be
compared with Figs. 7, 8. From a qualitative
point-of-view, the skill of HYB1 and HYB2 do
not differ greatly, with peaks South of Greenland
and over Europe. The skill values are positive
almost everywhere, and are much higher than
those of STA and DYN. However, when skill bias
is removed (Figs. 11c—d), there are still areas of
negative skill, such as over Eastern Europe and
the North Atlantic. Once again, grid-point skill
scores are generally nonsignificant at the 90%
confidence level, and it is hard to draw any definite
conclusions from these figures. Note finally that
HYBI1, which does not use any data in the veri-
fication period, does correctly take into account
the climate differences (or trends) between learning
and verification (not shown).

The ideal behaviour of an hybrid model would
be to perform better than the two original models.
With the above formulation, this can only be true
in a statistical sense. Moreover, due to the very
different nature of the two models (DYN is con-
tinuous and deterministic while STA is discrete
and probabilistic), the HYB1 and HYB2 models
cannot be expected, in theory, to perform best
even in a statistical sense. For instance, at short
lead times, the skill of the hybrid models are lower
than that of DYN. From the statistical point-of-
view, the small size of the the dynamical forecasts
set is a strong limitation for hybridization proced-
ures. In the near future, long coupled ocean-
atmosphere simulations should improve this
shortcoming, and help us to identify what minimal
number of cases is required in order to reach
statistical convergence of the hybridization
coefficients.

Finally, we emphasize that all these results are
fairly insensitive to the statistical model’s para-
meters. We have performed many experiments, by
using the ATL sector only, as in VPP, for building
the ST-PC sets, by changing the window length
between 60 to 180 days, the number of predictors
between 5 to 15, and the number of analogues
between 200 to 700. All these experiments yielded
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Fig. 11. Same as Fig. 7 and 8, but for the HYB1 (a) and HYB2 (b) biased scores, and the HYB1 (c) and HYB2
(d) unbiased scores.

the same qualitative conclusions. This allows us
to place some confidence in our comparative study
conclusions, despite the small number of forecast
cases processed. However, these conclusions may
a priori depend upon the choice of the 83-92
verification period.

6. Summary and conclusion

We performed a direct comparison between a
statistical (empirical) two-step forecast model and
a series of 40 experimental long range dynamical
forecasts performed at Météo-France using a sim-
plified-physics T42 version of the former French
operational model Emeraude. For each forecast
case, the dynamical model EMERAUDE was
initialized with ECMWF analyses of particular
fall or winter days between late 1983 and early
1993; anomaly of the boundary conditions was
persisted along the forecast. The statistical model,
designed by Vautard et al. (1996), consists in
(i) extracting from the set of predictors its most
“predictable components”, the space-time principal
components (ST-PCs), obtained through multi-

channel singular spectrum analysis (MSSA),
(ii) extrapolating these predictable components,
and (iii) using these extrapolated ST-PCs in a
specification procedure to forecast the predictand.
The success of this methodology results from the
filtering step, where unrelated noise produced by
the forecast models is removed.

The predictands of our experiments are the
50 kPa height 30-day averages over the Atlantic-
Europe sector. The comparison of the skill of both
models is made possible by placing the determin-
istic dynamical forecasts at each grid point into
terciles and using a common and objective proced-
ure for assessing skill, the so-called LEPS scoring
system (Ward and Folland, 1991), which quantifies
actually the value of a categorical forecast. This
score turns out to be biased when there are
imbalances in the tercile frequencies between the
learning period, from which the statistical model
is built, and the verification period over which the
true skill is estimated. These biases are enhanced
in the particular case when the model has system-
atic errors. These problems are addressed carefully
along the article.

The main outcome of the comparison is disap-
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pointing: We are not able, with only 40 independ-
ent forecast cases, such as provided by the
EMERAUDE experiments, to find any statistically
significant skill difference between the two models,
except at short lead times, where undoubtedly the
dynamical model beats the statistical model. At
longer lead times (typically for the forecast of the
50 kPa height of the average over days 15-44),
the global skills are not distinguishable. However,
a careful examination of biases and systematic
errors leads us to argue that at long lead times,
the statistical model beats the dynamical model,
mostly because of the systematical deficien-
cies of the latter. An interesting result is that the
statistical model turns out to be relatively skillful
at adapting to the trends, or, more precisely,
the climate differences between the learning
period (1950-1983) and the verification period
(1983-1993).

Another important aspect is that the skill pat-
terns of the two models are quite different,
although, once again, poorly significant. Therefore,
one expects that a proper combination of the two
forecasting systems should improve their skill. The
second major aim of this article is to develop and
apply two hybrid statistical-dynamical models.
The first one consists in the extrapolation of the
ST-PCs by the dynamical model itself, instead of
the statistical model, followed by the same speci-
fication procedure as for the statistical model. The
second hybrid approach consists in combining the
two ST-PCs extrapolations in an optimal manner,
using a classical estimation technique, the best
linear unbiased estimate.

The two hybrid schemes perform better than
both the dynamical and statistical model, at long
lead times, i.e. typically for the prediction of the
50 kPa average between days 15 and 44. The
average skill of the second hybrid model, in par-
ticular, is shown to beat significantly the dynam-
ical model. The skill values and their significance
are recapitulated in Fig. 12, for the above lead
time. Both in terms of score and significance, the
HYB2 model performs best. All models but the
persistence model have a score significant at
the 90% confidence level, but only the statistical
and hybrid models pass the test at the 95%
confidence level. The fact that the confidence
intervals lie in the positive score domain results
from trends present in the data, which bias the
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Fig. 12. Global LEPS scores of the various models at a
lead time of 14 days (Heavy dots with crosses), together
with the 10%—-90% (heavy shaded bars) and 5%-95%
(light shaded bars) confidence limits of their associated
testing random forecaster.

score estimates. The conservative significance test
performed here takes into account this bias. Fig. 12
demonstrates the advantage of the strategy con-
sisting in extrapolating only predictable modes
(this is the case for STA, HYB1, and HYB2) and
specifying predictands at a second stage, regardless
of the model used (empirical, dynamical or
hybrid).

All the experiments performed throughout this
article use upper-air predictands, but the speci-
fication (or downscaling) technique is fairly gen-
eral, and has also been used in previous studies
(Klein, 1983). Since models usually do not have
an accurate representation of the surface wea-
ther, the application of our statistical or hybrid
approach to surface weather prediction, which
is straightforward, can be very useful. Such
an application, for the seasonal prediction of
Canadian surface-air temperature, is proposed by
Vautard, Plaut and Brunet (1996; manuscript
in preparation). We also verified that the statistical
model could help curing the systematic deficien-
cies of the dynamical model, that is the model
eITOTS.

Many improvements could actually be brought
to our empirical forecast scheme, such as integrat-
ing more fields in our predictor set, in particular
SST anomalies. Further refinements of the speci-
fication technique can also be brought, such as
the use of canonical correlation analysis (CCA:
Hotelling, 1936; Barnett and Preisendorfer, 1987;
see also Von Storch, 1995 for an application of
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CCA to the downscaling problem). The hybrid
schemes themselves can also be refined.

The lack of statistical significance in the results
of this article is due to the small number of cases
(40) used, and calls for a methodological study
within a more idealized framework such as that
provided by a simplified general circulation
model, with a “perfect model” assumption. Using
a simple 3-level quasi-geostrophic model as this
ideal framework, Pires et al. (1996; manuscript in
preparation) obtain the same qualitative conclu-
sions as in the present article, but from many
more forecast cases, which actually makes our
results reliable and general.
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