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Abstract The current generation of subseasonal operational model forecasts has, on average, low skill for
leads beyond 3 weeks. This is likely a fundamental property of the climate system, due to the relative high
amplitude of unpredictable weather variability compared to potentially predictable, but generally weaker,
climate signals. Thus, for subseasonal forecasts to be useful, their high versus low skill events should be
identified at time of forecast. We show that a linear inverse model (LIM), an empirical‐dynamical model
constructed from covariability statistics of wintertime (December–March) weekly averaged observational
analyses, can be used to identify, a priori, the expected extratropical subseasonal surface and
midtropospheric forecast skill. The LIM's predicted signal‐to‐noise ratio identifies the subset (10%–30%) of
Weeks 3–6 forecasts—of the LIM and two operational models from the National Centers for Environmental
Prediction and the European Centre for Medium‐Range Weather Forecasts—with relatively higher skill
versus the much larger remainder of forecasts whose skill cannot be distinguished from random chance.

Plain Language Summary Our current understanding of weather prediction is that usable daily
forecasts cannot be made more than 15 days in advance. This is a consequence of chaos: Any small initial
uncertainty in our picture of the atmosphere (e.g., wind, temperature, and pressure) when the forecast is
made will lead to errors growing to become as large as the weather we are trying to predict. Recently,
however, focus has turned to “subseasonal” forecasts, predictions of weekly averaged weather made 3 to
6 weeks ahead, because climate phenomena (e.g., El Niño) sometimes produce persistent weather patterns
that might be predicted even though individual storms within them cannot be. To identify when these
“forecasts of opportunity” will occur, we developed a statistical subseasonal forecast model capable of
predicting when its own forecasts—and those of sophisticated physical models from U.S. and European
operational centers—will be usable. Our model successfully identifies the 20%–30% of forecasts at Weeks 3
and 4 and 10% of forecasts at Weeks 5 and 6 that are usable. Our results show a path forward to develop
techniques for identifying usable subseasonal forecasts beforehand, so that practical forecast guidance may
be given to end users in a variety of societal contexts.

1. Introduction

Subseasonal climate prediction is aimed at forecast leads between about 3–6 weeks, past the expected pre-
dictability limit of daily weather variations (e.g., Bauer et al., 2015; Simmons & Hollingsworth, 2002;
Zhang et al., 2019). In principle, slowly evolving climate phenomena provide subseasonal skill (Butler
et al., 2019; Vitart et al., 2017, and references therein) despite the loss of predictability due to error growth
associated with chaotic nonlinearities (Lorenz, 1963, 1969; Weber &Mass, 2017). Unfortunately, in the extra-
tropics, unpredictable daily weather has such high amplitude that subseasonal forecast skill is, on average,
quite low, and can be highly variable even when climate anomalies are large (e.g., El Niño–Southern
Oscillation; Zhang et al., 2018). This has led to a focus on identifying “forecasts of opportunity,” those sub-
seasonal forecasts with sufficiently high skill to be useful (e.g., National Academies of Sciences,
Engineering, and Medicine, 2016).

If we view subseasonal forecast skill as inherently limited by largely unpredictable weather noise, then
subseasonal predictability (i.e., the potential for skill) can be assessed from the signal‐to‐noise ratio,
which may be observationally determined (e.g., Chen & van den Dool, 1999; Feng et al., 2013;
Madden, 1976; Shukla & Gutzler, 1983). This approach often implicitly assumes that variability can be
separated into “slow” (e.g., climate) and “fast” (e.g., weather) time scales. In this case, especially when
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predicting only the slow subseasonal component, nonlinear dynamics may be well approximated by
stochastically forced linear dynamics, which in turn may be empirically captured with a linear
inverse model (LIM; Penland & Sardeshmukh, 1995; Winkler et al., 2001). The LIM has been shown
to produce extratropical subseasonal forecasts with skill comparable to comprehensive numerical models,
allowing it to quantify the forecast signal‐to‐noise ratio and thereby to estimate both overall limits of
potential skill (Pegion & Sardeshmukh, 2011) and, more importantly, the expected skill of each indivi-
dual forecast (Newman et al., 2003; hereafter N2003). The LIM's potential to “forecast the forecast skill”
(Tennekes et al., 1986) is particularly promising, especially since estimating perfect model predictability
from physical models currently offers relatively poor guidance for identifying high skill forecasts (Pegion
et al., 2017).

For the LIM to assess subseasonal forecast skill of an ensemble prediction system, however, predictability
needs to be primarily due to variations in the forecast ensemble mean, which a LIM can capture, rather than
to variations in the forecast ensemble spread, which it cannot. Previous LIM studies have suggested this
might be the case, but they focused on shorter forecast leads of 2–3 weeks and did not evaluate skill of opera-
tional forecast models. In this paper, we test this hypothesis by developing a new LIM to examine skill of the
subseasonal (Weeks 3–6) surface and midtropospheric forecasts from two current generation operational
models, the European Centre for Medium Range Forecast Integrated Forecasting System (ECMWF IFS‐
CY43) and the National Centers for Environmental Prediction Climate Forecast System version 2 (NCEP
CFSv2). For all three models, we find that while median forecast skill at leads beyond Week 3 is quite low,
a small subset of forecasts has notably higher skill occurring more frequently than expected from random
chance. To isolate these forecasts, we use the LIM's signal‐to‐noise ratio to compute its expected perfect
model ensemble mean skill, which can identify skillful forecasts a priori for the Pacific and Atlantic basins
for both the LIM and the operational models.

2. Models and Metrics
2.1. Linear Inverse Model

The nonlinear dynamics of an anomalous climate (coarse grained) state vector xmay be approximated with
the stochastically forced, stable linear dynamical system:

dx
dt

¼ LxþBη (1)

(e.g., Hasselmann, 1976; Just et al., 2001; Penland, 1996), where the linear operator (L) represents the sum of
both the linearized and the linearly parameterizable nonlinear physics of the climate system and
Bη represents forcing by the unpredictable (i.e., rapidly decorrelating) nonlinear remainder, with B a noise
amplitude matrix and η a vector of unit variance white noise. Then, as in N2003, B is assumed state indepen-
dent and constant, so that (on average) there is no covariance between the noise and atmospheric state. The
infinite‐member ensemble mean forecast at lead τ is bx t þ τð Þ ¼ exp Lτ½ �x tð Þ, with individual ensemble mem-
bers derived from different noise realizations and integration of (1) over the interval [t, t + τ].

Following N2003, we estimate (1) from observations by constructing a LIM. We define the state vector using
Japanese Meteorological Agency 55‐year Reanalysis (JRA‐55; Kobayashi et al., 2015) data, coarse‐grained in
time with a 7‐day running mean filter and in space by area averaging onto a 5° grid, to obtain anomalies from
1979 to 2015 climatologies (corresponding to relevant cross‐validation periods; section 2.2) of mean‐sea level
pressure (MSLP, 0°–90°N); tropospheric stream function (0°–90°N at 750 hPa); 500 hPa geopotential height
(0°–90°N); stratospheric stream function (30°–90°N, at 100 and 10 hPa); and a measure of column integrated
diabatic heating (30°S–30°N), for the extended winters (December–March) of 1979–2015. Additional details
on LIM construction and discussion of LIM variable choice are in supporting information Text S1; none of
these choices materially affect our results. This LIM is improved relative to N2003 because it uses a
4DVar‐based reanalysis and represents both surface and vertically deep stratospheric variability (Albers &
Birner, 2014; Birner & Albers, 2017; Hitchcock & Haynes, 2016; O'Neill & Pope, 1988), allowing future diag-
nostic studies of dynamical processes to go beyond earlier LIM analyses (e.g., Newman & Sardeshmukh,
2008; Winkler et al., 2001).
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2.2. Hindcasts

We examine hindcasts of two operational models, both obtained from the Subseasonal‐to‐Seasonal
Prediction Project database (Vitart et al., 2017): ECMWF's IFS CY43R1/R3, operational in 2017, and
NCEP's CFSv2, operational starting in 2011. Common initialization dates are used whenever comparing
hindcast skill between models. The “three‐model common period” is therefore 1999–2010, sampled at the
twice weekly frequency of the IFS‐CY43 hindcasts. We also use the full IFS‐CY43 period (twice weekly) or
the full LIM period (daily). See supporting information Text S2 for details of these models, including their
hindcast sample sizes. To focus on boreal winter, we only include forecast initialization dates on or after 1
December that also have verification dates on or before 15 March.

IFS‐CY43 and CFSv2 hindcasts are coarse‐grained (section 2.1) to match the LIM hindcasts and verification
data sets, and their anomalies are computed by removing the lead dependent and model specific climatolo-
gies, which also serves as a mean bias correction. Tenfold cross‐validated LIM hindcasts are calculated for
~4‐year periods where L is trained on the JRA‐55 data remaining after removal of the relevant hindcast per-
iod. When constructing the cross‐validated L, the time series is recentered, ensuring that as τ increases the
LIM forecasts asymptote to climatology.

2.3. Predictability and Skill Metrics

Assessing predictability within the LIM is straightforward since (1) has distinctly predictable and unpredict-
able dynamics. The expected deterministic skill of any perfect model infinite‐member ensemble‐mean fore-
cast for lead τ at forecast initialization time t is

ρ∞ t; τð Þ ¼ S2 t; τð Þ
S2 t; τð Þ þ 1
� �

S2ðt; τÞ� �1=2 (2)

(Sardeshmukh et al., 2000), where the forecast signal‐to‐noise ratio, S2(t; τ), is determined in the LIM from
the state‐dependent forecast signal bx t þ τð Þ and the expected state‐independent, forecast lead‐dependent
error variance (N2003). That is, for a given forecast lead, since each LIM forecast distribution has identical
shape (e.g., spread) and differs only in its mean displacement from zero, ρ∞ is sufficient to describe the pre-
dictability of (1) (N2003; Chang et al., 2004).

Figure 1. IFS‐CY43 (a, d), CFSv2 (b, e), and LIM (c, f) ACs for Weeks 3/4 (top panels) and Weeks 5/6 (bottom panels) MSLP hindcasts, for 1999–2010 common
model period only (Weeks 3/4 include 536 forecasts and Weeks 5/6 include 440 forecasts). The two boxes in the bottom LIM panel show the Pacific and Atlantic
regions used for all APC calculations.
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Hindcast skill can be similarly measured by correlating ensemble‐mean forecast anomalies (f ′ ) to observed
verification anomalies (v′). Following other subseasonal prediction studies (e.g., N2003; Robertson & Vitart,
2018, and references therein), we use local anomaly correlation (AC) and uncentered, area‐weighted anom-
aly pattern correlation (APC), written as

AC x; yð Þ;APC tð Þ½ � ¼
∑t f ′i−f

′

� �
v′i−v

′

� �
∑t f ′i−f

′

� �2
∑
t

v′i−v
′

i

� �2
� 	1=2 ; ∑x;y f ′i;j

� �
v′i;j

� �
∑x;y f ′i;j

� �2
∑x;y v′i;j

� �2
� 	1=2

2
6664

3
7775;

where (x,y) denote longitude and latitude and t denotes time. For AC, each time series is additionally cen-
tered about its mean, indicated by overbars. APC is computed for the NH (20°–90°N), Pacific basin (20°–
60°N and 150°–240°E), and Atlantic basin (30°–80°N and 275°–355°E; see Figure 1f). Other related metrics
yield qualitatively consistent results (see supporting information). We define minimum “useful” skill as cor-
relations >0.5–0.6, following the criterion outlined by Arpe et al. (1985) and Murphy and Epstein (1989).
Bootstrapping is used to estimate APC confidence intervals (see supporting information).

For a perfect model forecast ensemble evolving from some initial state, ρ∞ is the expectation value of skill
taken over all forecast outcomes weighted by their relative probabilities. However, for a given forecast
only one outcome occurs, whose actual skill may be above or below ρ∞. Also, case‐to‐case variations in

Figure 2. Weeks 2–6 APC distributions for NH (a), Pacific (b), and Atlantic (c) MSLP hindcast skill for the common model period. Circles denote median values;
whiskers denote bootstrap confidence intervals. The 2.5th to 97.5th percentile range of the forecast distributions from the Monte Carlo set of random‐skill realiza-
tions (section 2.3) is shown with gray shading. See supporting information Figure S2 for sample sizes at each forecast lead.
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predictability (ρ∞) give rise to variations in actual skill. To help isolate predictable from random skill
variations, we use as our null hypothesis forecasts that are “randomly chosen states of the system”

(Lorenz, 1969). In this “random skill” model, every forecast is a random draw from the climatological
distribution of observed anomalies, with a Monte Carlo approach taken to address the limited
observational sample (see supporting information for details) and determine confidence intervals. This
model is perfect (and reliable) since all its forecast states are drawn from nature's attractor, with no bias,
but its ρ∞ is zero. Its individual forecasts, however, have a range of skill values whose distribution serves
as a baseline for model hindcast skill distributions.

3. Results
3.1. Overall Skill

For all three models (IFS‐CY43, CFSv2, and the LIM), median weeks 3–6 skill is generally low. The LIM and
operational models have broadly comparable extratropical skill, with similar spatial features for both MSLP
(Figure 1; see Figure S2 for MSESS) and 500‐hPa geopotential height (Figures S3 and S4). Skill of MSLP hind-
casts is largest over the Pacific and Atlantic basins but few locations at weeks 3 and 4, and no locations at
weeks 5 and 6 have median AC values representing useful (see section 2.3) skill.

We assess how often individual hindcasts have useful skill from the distribution of hindcast APC skill values
for each lead. Figure 2 showsMSLP distributions, evaluated separately for the NH, Pacific basin, and Atlantic
basin (Figure S5 shows week 1; Figure S6 shows similar results for geopotential height). Distributions are
derived via kernel density estimation (see supporting information and Figure S7 for details). Not surpris-
ingly, for increasing forecast lead time, the median skill of all three models decreases toward zero and the
distributions become notably less skewed, with high skill hindcasts occurring less frequently and low skill
hindcasts occurring more frequently, especially for the larger NH domain.

Figure 3. Pacific (a, b) and Atlantic (c, d) basin MSLP (top row) and geopotential height (bottom row) median APCs for hindcasts (over the common model period)
corresponding to the 90th–100th percentile of ρ∞ values (darker bars) versus the remaining 90% of hindcasts (lighter bars). Whiskers denote bootstrap confidence
intervals. See supporting information Figure S2 for sample sizes at each forecast lead.

10.1029/2019GL085270Geophysical Research Letters

ALBERS AND NEWMAN 12,531



Given how many hindcasts have low (even negative) skill, do all hindcasts with relatively high skill reflect
true predictability? To answer this, Figure 2 also shows distributions from the random skill model, whose
95% confidence interval is shaded, determined separately for each region. These distributions illustrate the
difference between a skillful model (e.g., at Week 2, the IFS‐CY43 and CFSv2 distributions are largely dis-
joint from the random skill distributions) versus a low‐skill model whose skill distribution is not significantly
different from random chance (e.g., at Week 6, the CFSv2 for the Atlantic basin). At Weeks 4–6, the models
all have median skill < 0.2, statistically indistinguishable (i.e., the error bars of the median values overlap)
from the random‐skill model (Figure 2), yet their skill distributions have enough negative skew—particu-
larly for the two ocean basins—to be significantly different, even at Week 6. The key question then becomes:
How can those forecasts with predictable high skill be identified a priori?

3.2. A Priori Skill

In this section, for each lead time τ we relate actual hindcast skill to the LIM's expected perfect model
ensemble‐mean skill ρ∞(τ), which varies for each initialization time t. With increasing lead, ρ∞ typically
decreases monotonically as the signal‐to‐noise ratio decreases. However, for some initial states, ρ∞ will be
larger and decrease more slowly with lead time; on average, these higher ρ∞ events should be more predict-
able and correspond to higher skill forecasts.

First, for each model we separated hindcasts whose predicted skill (ρ∞) lay in the upper decile from the
remaining 90% of hindcasts. For the Pacific region, the upper ρ∞ decile indeed corresponds to higher

Figure 4. Pacific (a, b) and Atlantic (c, d) basin MSLP (top row) and geopotential height (bottom row) median APCs (1979–2015) for hindcasts corresponding to the
90th–100th percentile of ρ∞ values (dark orange bars), actual 90th–100th percentile of ρ∞ values (dark gray bars), the remaining 90% of hindcasts corresponding to
the 90th percentile of ρ∞ (light orange bars), and the actual ρ∞ values in the 90th percentile (light gray bars). Whiskers denote bootstrap confidence intervals. See
supporting information Figure S2 for sample sizes at each forecast lead.
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median skill of both MSLP and geopotential hindcasts (Figures 3a and 3b), though the difference between
high and low ρ∞ conditioned skill is larger for the LIM than for the IFS‐CY43 and CFSv2. For the Atlantic
region (Figures 3c and 3d), conditioning on ρ∞ identifies higher skill through Week 4 for MSLP and
Weeks 3 or 4 for geopotential, depending on the model, though these differences are within the bootstrap
confidence intervals. For all three models the Atlantic relationship fails for Weeks 5 and 6.

The poorer results in the Atlantic might mean that the three‐model common period has an inadequate sam-
ple size to quantify the potential for high skill. While the full IFS‐CY43 period provides little improvement
(not shown), the longer 1979–2015 period does allow the upper decile of ρ∞ to generally identify higher
LIM hindcast skill for all leads (cf. orange bars for Figures 3 and 4). Additionally, Figure 4 shows that in both
basins, bootstrap confidence intervals for the high ρ∞ cases are narrowed for the longer period, while those
for the low ρ∞ cases remain wide, reflecting the inherently greater forecast uncertainty typifying cases with
low signal‐to‐noise ratio.

To differentiate between predictable and random high skill, we compared ρ∞ and actual skill for every
Pacific basin MSLP hindcast (Figure 5 for selected leads and Figure S8 for all leads). Red, orange, and yellow
shading indicates whether ρ∞ lies in the top, second, or third decile, respectively, with remaining hindcasts
shaded gray (next 40%) or blue (bottom 30%). For each ρ∞ category, as forecast lead increases both the med-
ian skill decreases (Figures 5d and 5h) and the range of skill increases, until eventually the distribution of
skill cannot be distinguished from the random‐skill model. However, this transition (frommostly predictable
to mostly random skill) occurs at later forecast lead times for the top ρ∞ categories than for the bottom ρ∞
categories. For example, the IFS‐CY43 skill distribution at Weeks 1 and 2 has almost uniformly high skill
and is largely disjoint from the random‐skill distribution (Figures S5 and 2b), with useful median skill for
every ρ∞ percentile (Figures 5e, and 5h). In contrast, by Week 6 the small portion of the IFS‐CY43 skill

Figure 5. Pacific basin APCs for the LIM (top row; 1979–2015 as gray outlined dots; 1996–2015 IFS‐CY43 sampling as bold black outlined dots) and IFS‐CY43 (bot-
tom row; 1996–2015 all forecasts) versus corresponding ρ∞ values for MSLP hindcast Weeks 1 (a, e), 3 (b, f), and 6 (c, g). Colors indicate the upper tercile of ρ∞
hindcasts in 10% increments (red, orange, and yellow), the lower tercile of ρ∞ hindcasts (blue), and the remaining middle 40% of the data (gray). Median APCs for
each percentile category at all hindcast leads are also shown (d, h). See supporting information Figure S2 for sample sizes at each forecast lead.
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distribution that significantly extends outside the random‐skill distribution (Figure 2b) is largely due to the
top ρ∞ decile (denoted by the red dots and red line in Figures 5g and 5h, respectively), while the remaining
(~90%) hindcast skill values appear largely random.

At Week 1, all IFS‐CY43 hindcast categories have high skill, while the LIM reaches useful skill only for the
ρ∞ upper tercile (Figure 5a). This is entirely unsurprising, since the IFS‐CY43 also has daily skill while the
LIM, approximating daily variability as white noise, does not, although it is interesting that both LIM and
IFS‐CY43Week 1 skill are stratified by ρ∞. ByWeek 3, however, IFS‐CY43 forecasts have useful skill for only
the upper tercile of ρ∞. By Week 4, only ~20% of the forecasts for either model are useful, decreasing to ~10%
by Weeks 5 and 6. Overall, Figure 5 shows that ρ∞ successfully sorts high from low skill forecasts for all per-
centile categories, at all leads, for both the LIM and IFS‐CY43.

Finally, recall that LIM assesses predictability by assuming that skill results from changes in the mean of the
forecast PDF, rather than from changes in its shape. To test this assumption, we repeated Figure 5 but com-
pared hindcast skill to a standard measure of ensemble spread (Whitaker & Loughe, 1998) determined from
each IFS ensemble for each initialization. Ensemble spread was a significantly weaker and less consistent
predictor of skill than ρ∞ (Figure S9; also cf. Tables S3–S5), supporting our use of ρ∞ to identify a priori
ensemble mean skill.

4. Concluding Remarks

While weather predictability is typically related to the spread of the forecast ensemble (e.g., Grimit & Mass,
2007; Hopson, 2014; van Schaeybroeck & Vannitsem, 2016), seasonal predictability often appears better
related to variations in the forecast ensemble mean (e.g., Doblas‐Reyes et al., 2000; Tang et al., 2008, Chen
& Kumar, 2015, Pegion et al., 2017; Newman & Sardeshmukh, 2017). The nature of predictability on the
intermediate subseasonal time scales has been less clear, although studies have found the relationship
between predictability and spread to considerably weaken by Week 2 (e.g., Barker, 1991; Whitaker &
Loughe, 1998; Hopson, 2014). In our study, a stochastically forced, linear dynamical model (namely, a
LIM derived from observations) is used to demonstrate what earlier analyses (N2003; Pegion &
Sardeshmukh, 2011) have suggested: Subseasonal predictability is largely due to shifts in the ensemble‐mean
signal, at least for the Northern Hemisphere extratropical wintertime variables analyzed here. Specifically,
(1) the LIM's deterministic skill is competitive with ensemble‐mean skill from two operational models,
NCEP's CVSv2 and ECMWF's IFS‐CY43, and (2) the LIM's expected skill ρ∞ can identify the small subset
(~10%–30%, depending upon forecast lead) of subseasonal MSLP and 500‐hPa geopotential height forecasts
with predictable “useful” skill (correlations >0.5–0.6) for both itself and the operational models, with skill of
the remaining forecasts statistically indistinguishable from chance (i.e., climatology). Even over the short
1999–2010 three‐model common period, the LIM can predict hindcast skill in the Pacific basin, correctly
stratifying IFS‐CY43 and LIM forecast skill for all ρ∞ percentiles at all leads. In the Atlantic, the relationship
is weaker so that statistical significance may require more than the 20 years of twice weekly IFS‐CY43 hind-
cast data available, but the 36 years of LIM hindcast data appears sufficient.

Ours is not the only study to identify forecasts of opportunity using deterministic metrics of hindcast skill,
despite the inherently probabilistic nature of the subseasonal forecast problem. For example, many studies
have related state dependence of hindcast skill to specific climate phenomena such as El Niño–Southern
Oscillation, the Madden‐Julian oscillation, and sudden stratospheric warmings (e.g., Barnston et al., 2017;
DelSole et al., 2017; Kim et al., 2018; Tripathi et al., 2015; Vitart &Molteni, 2010). The LIM has also been used
in this manner (Winkler et al., 2001; N2003), but here we exploited its ability to estimate ρ∞ and thereby
quantify the predictable signal from the combination of all such sources of predictability, which is different
at every forecast time and forecast lead. Other studies have explored hindcast skill dependence on different
weather regimes, often suggested to result from enhanced nonlinear predictability resulting from locally
reduced forecast uncertainties (e.g., Ferranti et al., 2018; Vigaud et al., 2018). However, such state‐dependent
skill could also be consistent with the LIM framework (N2003), especially if the LIM could be constructed to
include “correlated additive‐multiplicative noise” (Martinez‐Villalobos et al., 2019; Sardeshmukh &
Penland, 2015), which allows for non‐Gaussianity (Sura et al., 2005; Sardeshmukh et al., 2015) while impact-
ing only the unpredictable denominator of S in (2).
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Future operational model skill might eventually eclipse that of any LIM‐based model, although it is note-
worthy that N2003's fundamental conclusions remain relevant even after nearly two decades of model devel-
opment. Still, regardless of the method used to identify high skill periods, our results suggest that relatively
small forecast ensembles may be enough to determine case‐to‐case variations in subseasonal predictability,
as they are mostly due to mean shifts in the ensemble forecast distribution. In contrast, it may take very large
forecast ensembles to realize significant additional predictability gains from higher order moments of the
ensemble distribution. For example, Buizza and Leutbecher (2015) were unable to establish significant mean
Week 4 predictability with a 51‐member forecast ensemble, a size that has yet to be used for the lengthy hind-
cast ensembles likely required for adequate probabilistic calibration and comprehensive predictability ana-
lysis. Meanwhile, the much cheaper LIM is available to be exploited now to guide forecasts of forecast
skill for every operational subseasonal forecast ensemble.
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