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Abstract This paper presents an assessment of the sea-
sonal prediction skill of current global circulation models,
with a focus on the two-meter air temperature and precip-
itation over the Southeast United States. The model sea-
sonal hindcasts are analyzed using measures of potential
predictability, anomaly correlation, Brier skill score, and
Gerrity skill score. The systematic differences in prediction
skill of coupled ocean—atmosphere models versus models
using prescribed (either observed or predicted) sea surface
temperatures (SSTs) are documented. It is found that the
predictability and the hindcast skill of the models vary
seasonally and spatially. The largest potential predictability
(signal-to-noise ratio) of precipitation anywhere in the
United States is found in the Southeast in the spring and
winter seasons. The maxima in the potential predictability
of two-meter air temperature, however, reside outside the
Southeast in all seasons. The largest deterministic hindcast
skill over the Southeast is found in wintertime precipitation.
At the same time, the boreal winter two-meter air temper-
ature hindcasts have the smallest skill. The large wintertime
precipitation skill, the lack of corresponding two-meter air
temperature hindcast skill, and a lack of precipitation skill
in any other season are features common to all three types of
models (atmospheric models forced with observed SSTs,
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atmospheric models forced with predicted SSTs, and cou-
pled ocean—atmosphere models). Atmospheric models with
observed SST forcing demonstrate a moderate skill in
hindcasting spring-and summertime two-meter air temper-
ature anomalies, whereas coupled models and atmospheric
models forced with predicted SSTs lack similar skill.
Probabilistic and categorical hindcasts mirror the deter-
ministic findings, i.e., there is very high skill for winter
precipitation and none for summer precipitation. When
skillful, the models are conservative, such that low-proba-
bility hindcasts tend to be overestimates, whereas high-
probability hindcasts tend to be underestimates.

1 Introduction

In recent years, there has been a growing interest in the
dynamical or statistical downscaling of Global Circulation
Model (GCM) seasonal and climate forecasts to produce
regional-scale predictions. For such an approach to produce
useful regional forecasts, the GCMs driving the regional
predictions must have a reasonable fidelity of the large
scale. The aim of this study is to document the existing
seasonal predictability and forecast skill—or lack
thereof—of GCMs over the Southeast United States for
near-surface variables, and to identify the sources of pre-
dictability and skill and their limitations.

The southeast sector of the United States is an area
strongly influenced by ENSO (e.g., Ropelewski and Halpert
1987, 1986; Kiladis and Diaz 1989). This influence is most
pronounced in precipitation and surface air temperature
(e.g., Barnston 1994; Higgins et al. 2000; Markowski and
North 2003; Saha et al. 2006). Here, El Nifio winters tend to
be wet and cold, and La Nifia winters tend to be warm and
dry. In summer, the impact is reversed, and much weaker.
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A number of studies have shown high predictive skill for
winter precipitation in various dynamical models (e.g., Saha
et al. 2006; Cocke et al. 2007), but a comprehensive study
documenting inter-model comparisons for the Southeast
United States’ climate has been lacking thus far.

Despite the continuous advancements in numerical
modeling, dynamical forecasting on time scales of a month
or longer remains a challenging problem because of the
chaotic nature of the atmospheric system and the large
number of different processes that act at different space and
time scales. The potential feasibility of dynamical seasonal
forecasting is based on the premise that there is long-term
predictability associated with the slowly varying (and
therefore relatively predictable) surface boundary condi-
tions. In other words, anomalies of the atmospheric states
are largely governed by anomalies in the boundary condi-
tion forcing. One of the most important surface boundary
conditions for the atmosphere is the sea surface tempera-
tures (SSTs).

SST anomalies associated with ENSO have been widely
shown to be responsible for the bulk of the variability of
the tropical circulation on monthly and seasonal time scales
(e.g., Shukla et al. 2000). The extent to which skillful
seasonal predictions due to anomalous ENSO forcing are
feasible in the extratropics remains subject to some debate
(Kumar and Hoerling 1995; Shukla 1998). The prediction
skill in general varies both geographically and seasonally
and is dependent on the specific variable being forecast.
Additionally, some boundary condition regimes—such as a
strong ENSO-are associated with increased predictability
and skill (Brankovic and Palmer 2000).

A standard tool for assessing the predictability inherent
to a modeling system is the comparison of the external
(i.e., boundary-forced) variability to the internal variability.
In practice, the external and internal variability are esti-
mated by using an ensemble forecast approach. A situation
in which the externally forced variability exceeds the
internal variability is an indication of the forecast system’s
ability to distinguish effectively between different forcing
regimes (see “Appendix A1”). However, there is no cer-
tainty that, under such circumstances, the response to the
different forcing regimes would be accurate. To assess the
accuracy of the forecast system response, measures of
forecast skills must be applied.

The present assessment is conducted in a multimodel
framework using a collection of GCM hindcasts of pre-
cipitation and two-meter air temperature for a 20-year
period. The model skill is evaluated in terms of anomaly
correlations between the hindcast and observed seasonal
means for each grid point in the domain. The collection of
hindcasts used in this paper encompasses a range of models.
Some are atmospheric models that use prescribed observed
SSTs, some are atmospheric models that use prescribed
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predicted SSTs, and others are coupled ocean—atmosphere
models that predict their own SSTs consistent with the
evolution of the atmosphere. We find systematic differences
in the forecast skills among the three types of models in
terms of forecast skill, as will be discussed further.

The remainder of this paper is organized as follows. The
models used for the assessment are described in Sect. 2.
The methodology for the model evaluation is presented in
Sect. 3. Section 4 presents and discusses the study findings.
A summary and conclusions are given in Sect. 5.

2 Models

The model data used in this diagnostic study consist of
seasonal hindcasts for 1982-2001 from several global
models hosted by the Asia Pacific Economic Cooperation
Climate Center (APCC). APCC maintains a diverse inter-
national collection of GCM seasonal forecasts that are
freely available in real time, along with an archive of the
GCM hindcasts. Since very few other sources systemati-
cally provide GCM seasonal forecast data in real time with
open access, it is important to assess the potential useful-
ness of this collection for future regional predictions.

From all the models available in the APCC collection,
we selected the six that had the longest hindcast period in
common and contained the variables of interest. The salient
features of these models, such as their original resolution,
number of ensemble members, and SSTs used, are sum-
marized in Table 1. Although this sample of models is
limited, we feel that the results presented here represent the
nature of seasonal forecast skill in current global circula-
tion models. The study includes both coupled and uncou-
pled global atmospheric models (the latter using a variety
of prescribed SSTs), encompassing the current practices for
issuing dynamical seasonal forecasts.

The models used in this study fall into one of three
types, depending on the source of SSTs used in the inte-
gration, as described below. With the exception of the
Center for Ocean-Land-Atmosphere (COLA) model,
which is run in the Atmospheric Model Intercomparison
Project (AMIP) mode (Gates et al. 1999) (i.e., as a restart
of a continuous multi-decadal integration with observed
SST), all hindcasts are initialized roughly a month before
the beginning of the target season. The number of
ensemble members for each model is different: roughly ten,
but for some models as few as six, and for others as many
as fifteen (see Table 1 for details).

2.1 GCMs using prescribed observed SSTs

Two of the models use prescribed observed SSTs as a
boundary condition over oceans. The first is the COLA
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Table 1 Summary of the models used for the multimodel skill
comparison and the type of SSTs that they use

1982-2001 Hindcast Type
MODEL AMIP SMIP-2 | SMIP/HFP | SMIP/HFP | Ensemble
2-tier 1-tier members
(interpolated to
2.5x2.5) continuous | seasonal | seasonal run, | seasonal run,
Horizontal/Vertical | " run, prescribed interactively
prescribed | prescribed | forecast SST | coupled SST
observed observed
SST SST
COLA 10
T63/L18
CWB N 10
T42/L18 Statistical SST
forecast
HMC V 10
(1.1x1.4)/L28 Persistence
MGO 6
T42/114
NCEP \ 15
T62/L64
POAMA «I 10
T47/L17

model (Schneider 2002). This is the only AMIP-type run in
the set, with atmospheric conditions initialized in 1981. It
uses prescribed weekly SSTs from the NOAA Optimum
Interpolation Sea Surface Temperature Analysis (OISST-
V2) data set (Reynolds et al. 2002).

The second model using prescribed observed SSTs is the
Russian MGO model (Shneerov et al. 2002). The SSTs
used by this model are also from OISST-V2. The model is
initialized using the 00Z and 12Z analyses from the
Hydrometeorological Centre (HMC) in Moscow for the
3 days immediately preceding the target season.

2.2 Uncoupled GCMs using prescribed predicted SST

Two of the models use prescribed predicted SSTs. One is
the Central Weather Bureau (CWB) model from Taiwan
(Liou et al. 1997). The SSTs used by this model are those
predicted by OPGSST (Optimized Global SST system).
OPGSST is an SVD-based statistical SST forecast system,
developed by CWB, whose predictors include the Nifio 3.4
SST index, tropical Pacific Ocean heat content, sea-level
pressure around the Philippines, and the predictions of two
simple coupled dynamical models (see Weng et al. 2005
for details). The CWB model is initialized with the
National Centers for Environmental Prediction/Department
of Energy (NCEP/DOE) Reanalysis Version 2 (Kanamitsu
et al. 2002) at 12Z on the last 10 days of the month
2 months prior to the target season (i.e., initialized on the
last 10 days of April for a summer, June-July—August,
forecast). The other model using prescribed predicted SSTs

is the Russian HMC model (Trosnikov et al. 2005). For this
model, the monthly mean SST anomaly prior to the target
forecast season is persisted for the duration of the inte-
gration. The ensemble members are generated by succes-
sively initializing the atmosphere from the last 5 days of
the previous month at 12-h intervals.

2.3 GCMs using interactively coupled SSTs

The remaining two models in our subset are coupled ocean—
atmosphere models in which the SSTs are freely evolving
instead of being prescribed. The first is the NCEP Coupled
Forecasting System (CFS) model (Saha et al. 2006), a fully
coupled GCM. The ensemble members are initialized at 15
different times, ranging from the 9th day of the month
2 months prior to the target season to the 3rd day of the
month immediately preceding the target season. The final
model used in this assessment is the POAMA-1.5 Coupled
Forecast System (Wang et al. 2008), developed by the
Centre for Australian Weather and Climate Research/
Bureau of Meteorology. This is a one-tier coupled model
that has the temperature assimilated into the top 500 m of
the ocean every 3 days, using Optimum Interpolation
(Smith et al. 1991). It is initialized from an atmosphere/land
pseudo-reanalysis, wherein the corresponding AMIP inte-
gration run is nudged to the 3-D atmosphere of the Euro-
pean Centre for Medium-Range Weather Forecast
(ECMWF) 40-year Reanalysis (ERA-40). The model is
initialized on the first day of the month preceding the target
season using 6-hourly lagged atmospheric initial conditions.

3 Methodology

All model outputs are converted from the corresponding
original grid (see the first column in Table 1) to a common
2.5° by 2.5° global grid. We have defined the Southeast
United States domain to be all the land points included
within 85°W-75°W and 22.5°N—40°N. The APCC model
anomalies are calculated relative to the respective model
climatology.

Following the recommendations for standardized veri-
fication set forward by the World Meteorological Organi-
zation’s Lead Centre for the Long range Forecast
Verification System (http://www.bom.gov.au/wmo/lrfvs/
datasets.shtml), verification observations are retrieved
from the Climate Prediction Center (CPC) Merged Anal-
ysis of Precipitation (CMAP) for the rainfall field (Xie and
Arkin 1996) and the European Centre for Medium-Range
Weather Forecasts (ECMWF) 40-Year Reanalysis (ERA-
40) for the two-meter air temperature field.

A comparison between signal and noise is used to esti-
mate the potential predictability in the multimodel system
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(see “Appendix 17). The skill of forecasts in a determin-
istic sense is assessed using temporal anomaly correlations.
The anomaly correlation between the hindcast (here, the
hindcast is the multi-model average of multiple models’
ensemble means) and observed time series is calculated as

AC; = ZI’LI (f'/(n)__]jf) (0(n) —0y)
\/Efqul (fi(n) = i) > (04i(n) — 07)2

Here f;j(n) is the hindcast at the (ij)th grid point at
time n, o4(n) is the corresponding observation,
a= ﬁZle a(n), and N is 20 (the number of years in the
data set).

Brier skill score (Murphy 1973) (see “Appendix 2” for
details) is used as a measure of probabilistic skill, and a
multicategory equitable threat score (Gerrity skill score,
Gerrity 1992) is used for the assessment of categorical
forecast skill. The commonly used equitable threat score
(ETS) is a probabilistic forecast measure for dichotomous
forecasts. It reflects the fraction of observed and/or forecast
events that were correctly predicted, adjusted for hits
associated with random chance. The value of ETS for a
perfect deterministic forecast is 1, and for a climatological
forecast, 0. Accounting for hits due to chance by the ETS
allows scores to be compared more equitably across dif-
ferent regimes. The Gerrity skill score is an extension of
this concept to a multicategory forecast. In this case, we
have used three categories: “below normal,” “normal,”
and “above normal,” defined as the lower, middle, and
upper, respectively, terciles of either precipitation or two-
meter air temperature anomaly.

4 Results and discussion

Figure 1 shows the anomaly correlation of the APCC
multimodel ensemble seasonal precipitation with the
observations, along with contours of potential predictabil-
ity, over land for the contiguous United States. This mul-
timodel ensemble groups all three types of hindcasts (see
Sect. 2): those forced with observed SSTs, those forced
with prescribed forecast SSTs and those with coupled
SSTs. While this is not an operationally useable combi-
nation, it is a useful theoretical construct that illustrates the
potential skill and predictability from a diverse set of
seasonal hindcasts. The anomaly correlation is shown by
the color of the shading. Based on a one-tailed test for a
series of twenty data points (the 20 years in our data set),
correlations above 0.38 are significant at the 95% confi-
dence level. The reason for displaying pixels with corre-
lation values below the significance threshold is two-fold.
First and foremost, it allows for visually estimating the
degree of spatial homogeneity of the results. Second, the
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color scale is such that these results can be directly mat-
ched with those of Saha et al. (2006) for the NOAA/NCEP-
CFS model, thus allowing for a visual comparison. The
potential predictability, i.e., the ratio between the external
and the total variance, is indicated with dark red contours;
these contours are dashed for the 0.40 to 0.50 levels and
solid for values above 0.50.

The Southeast is the only region in the United States that
reaches a predictability ratio exceeding 0.5. This is found
in both spring (MAM) and winter (DJF). For these two
seasons, only the wintertime hindcasts are associated with
remarkably strong anomaly correlations—exceeding 70%.
The springtime forecasts, in contrast, show very low
anomaly correlations—between 10 and 30%. These values
are below the threshold for statistical significance (38%),
but they are consistent across the Southeast domain.

In summer and autumn, the only skillful hindcasts are
for summer over the Northwest. Elsewhere in the United
States, there is neither predictability nor anomaly correla-
tion skill for these seasons.

Figure 2 shows similar maps for the anomaly correlation
and potential predictability of the two-meter air temperature
anomalies for the four seasons. Interestingly, the regions of
predictability are now shifted toward the west. The highest
external-to-total variance ratios are found over Texas in the
winter and over Arizona, New Mexico, Texas, and the
Pacific Northwest in the spring. There is also a pocket of
high predictability ratio for the summertime two-meter air
temperatures over the state of Nevada. The areas of high
predictability ratio for the temperature hindcasts tend to
coincide with the regions of high hindcast skill. The
Southeast region as a whole shows no noticeable predict-
ability or skill for the two-meter air temperatures, regardless
of season, although there is some suggestion of anomaly
correlation skill for parts of the domain in some seasons.

The results in Figs. 1 and 2 are based on grouping the
hindcasts from all member models. As discussed in Sect. 2,
not all of these models have the same treatment of the
oceanic temperatures. Since sea surface temperatures are a
significant source of predictability on seasonal time scales,
it is of interest to investigate the degree to which having
perfect SSTs, versus SSTs predicted in either coupled or
uncoupled mode, would affect the hindcast skill.

Figure 3 shows the anomaly correlation of precipitation
over the Southeast for the four seasons and for three
multimodel ensemble configurations. The first column
corresponds to the multimodel ensemble including all
member models. The second column corresponds to an
ensemble of the two models that use observed (“perfect”)
SSTs (COLA and MGO), and the third column, to an
ensemble of the two models using coupled SSTs (NCEP
and POAMA). The predictability ratio is shown only in the
first column, i.e., when all models are included.
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Fig. 3 20-year anomaly correlation (shading) of (a) the six-member
multimodel ensemble mean (left column), (b) the two-member mean
of models using prescribed observed SSTs (central column), and

A number of features stand out from this intercompari-
son. Foremost, there is very large skill in wintertime
hindcasts of precipitation, regardless of whether one is
using prescribed or forecast SSTs. There is also some
suggestion of skill (although below the significance
threshold) for springtime precipitation using perfect SSTs,
which is lacking in the case of coupled SSTs. Finally, there
is no skill in the hindcasts of seasonal precipitation,
regardless of the SST source, in summer and autumn.
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(c) the two-member mean of models using coupled SSTs (right
column) for precipitation. The verification season is: MAM (fop row),
JJA (second row), SON (third row) and DJF (bottom row)

Q.6 Q.7 Q.8

A similar intercomparison for the two-meter air tem-
peratures is shown in Fig. 4. It is striking that models with
prescribed SSTs are significantly more skillful than the
coupled models, with particularly high skill in spring and
summer, especially for the coastal grid points. These results
should be interpreted with caution, since the land-sea mask
of the models has not been taken into account. It is quite
possible that near the coast ocean temperature information
may be directly incorporated into the calculation of the
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Fig. 4 As in Fig. 3 but for two-meter air temperatures

“land” grid-points’ two-meter air temperature. The coupled
models have hardly any skill in hindcasting the two-meter
air temperature anomalies for the Southeast. Surprisingly,
winter, which is the season with the largest skill for pre-
cipitation hindcasts, is the season with the smallest skill for
two-meter air temperature hindcasts.

Figure 5 shows the area-averaged anomaly correlations
for the individual ensemble mean of each of the six
member models (see Table 1); the six-member multimodel
mean; and the two-member multimodel means for (i) the

0.3 0.6 Q.7 0.8 0.9

models with prescribed observed SSTs, (ii) the models with
prescribed predicted SSTs, and (iii) the models with cou-
pled SSTs. The area averaging is done only over the land
points of the Southeast domain (85°W-75°W and 22.5°N-
40°N). The results are stratified by season and shown for
(a) precipitation, (b) two-meter air temperatures, and
(c) 850 mb zonal wind.

In addition to summarizing the results seen in the spatial
maps of anomaly correlation, Figure 5 illustrates the
degree of spatial skill homogeneity across the different
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Fig. 5§ Area-averaged anomaly (a) (b)
correlations for each member
model’s ensemble mean (bar 06
colors correspond to the colors
in Table 1), the six-member 04
multimodel ensemble mean
(“ALL”), and the two-member 0.2
multimodel ensemble mean of
the models with (i) prescribed 0
observed SST (“OBS SST”), 02
(ii) prescribed predicted SSTs e
(“STAT SST”), and (iii) o4 o4
coupled model SST ' ’
(“COUPLED SST”). The (c)
panels show the anomaly 06
correlations of (a) precipitation,
(b) two-meter air temperatures, 0.4
(¢) zonal wind at 850 mb, and
(d) meridional wind at 850 mb, 0.2 B COLA
grouped by season, as indicated E MGO
on the abscissa. The area 0 = HMC
averaging is done all over land
points in the Southeast United 0.2 MAM LA SON DJF O cws
States = NCEP
0.4
O POAMA
CY I ALL
0.6
[Z2 OBS SST
0.4 [ STAT SST
0.2 =1 COUPLED SST
04
02 MAM JIA ON DJF
0.4

models in the collection. For precipitation, the model
hindcast skill appears consistent across models, regardless
of their SST treatment. In terms of area-averaged skill,
winter hindcasts of precipitation anomalies are by far
superior. This skill homogeneity across models reflects the
high degree of ENSO influence on the region’s precipita-
tion and the high skill of coupled and statistical models in
forecasting Niflo 3.4 SSTs (Kirtman et al. 2002; Wang
et al. 2009). The complete lack of skill of summer and
autumn precipitation anomaly hindcasts is likely due to the
inability of the coarse resolution global models to resolve
tropical storm activity and local convection and to the
declining influence of ENSO. Interestingly, the large
hindcast skill in winter precipitation anomalies coincides
with a relatively large hindcast skill in the zonal wind
anomaly at 850 mb. The hindcast skill of the 850 mb
meridional wind anomaly (not shown) is smaller, although
it also peaks during the winter season.

In the case of two-meter air temperature hindcasts, the
skill homogeneity across models is absent. The two models
with prescribed observed SSTs exhibit similar hindcast
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skills, with large area-averaged correlations for spring and
summer and decreasing correlations toward the second half
of the year. In contrast, neither the models with prescribed
predicted SSTs nor the coupled models show a similar
pattern. Since the Nifio 3.4 temperatures of the coupled
models are relatively well simulated (Wang et al. 2009),
this leads us to conclude that ENSO has a negligible effect
on the modeled seasonal anomalies of two-meter air tem-
peratures over the Southeast United States. This suggests
that knowledge of the SST anomalies in regions outside of
the highly predictable Nifio 3.4 region or other surface
boundary conditions (e.g., soil moisture) may be important
for simulating the interannual variability of the near-
surface temperatures of the Southeast United States.
Figure 6 shows two reliability diagrams (plots of the
observed conditional versus forecast event frequency) for
wintertime precipitation anomalies exceeding 0 and
0.5 mm/day respectively. The values of the Brier skill score
(BSS), which measures the probabilistic hindcast skill
compared to a climatological hindcast, are labeled on the
diagrams. Shown underneath each reliability diagram is the
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Fig. 6 Reliability diagram (fop) and relative frequency distribution
(bottom) for DJF precipitation anomaly for all land points in the
Southeast United States for a precipitation anomaly P, exceeding a
threshold of 0 mm/day (left) and 0.5 mm/day (right). The Brier skill

relative frequency of each forecast probability bin. These
results are obtained using all land points within the South-
east domain and all model ensemble members. A similar set
of diagrams is shown for summer precipitation in Fig. 7.
The diagrams demonstrate that in probabilistic terms,
anomaly precipitation skill is present in winter and absent in
summer. When present, the skill is the result of both the
reliability and the resolution terms of the BSS decomposi-
tion. Low probability forecasts tend to be overestimates,
whereas high probability forecasts tend to be underesti-
mates. Similar diagrams for the two-meter air temperatures
(not shown) demonstrate lack of probabilistic skill.

Table 2 shows the three-category Gerrity skill score for
both precipitation and two-meter air temperatures and for
(i) the multimodel ensemble, (ii) models with observed
SSTs, (iii) models with prescribed predicted SSTs, and (iv)
models with coupled SSTs. The hindcast categories are
“below normal,” “normal,” and “above normal,” as deter-
mined from distribution terciles. To illustrate the meaning of

005 015 025 035 045 055 065 0.75 0.85 0.95

score BSS is indicated on the respective plot. The forecast probability
is calculated as the fraction of all models’ ensemble members
forecasting threshold exceedance. The observed unconditional event
frequency is indicated with a red dot

a GSS score of a given value, sample contingency tables
corresponding to the multimodel ensemble winter precipi-
tation and autumn two-meter air temperature are shown
in Tables 3 and 4, respectively. All models have high skill
in categorical hindcasts for winter precipitation. Models
using observed SSTs have high categorical skill for spring
and summer two-meter air temperature, whereas models
without observed SSTs show no skill in categorical hindcasts
for two-meter air temperatures in any season.

5 Summary and conclusions

The season-and-variable combination associated with the
largest deterministic hindcast skill for the Southeast United
States is the boreal winter season precipitation. At the same
time, wintertime two-meter air temperature hindcasts have
the smallest skill. The large wintertime precipitation skill,
the lack of corresponding two-meter air temperature
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Fig. 7 As in Fig. 6 but for JJA precipitation
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Table 2 Three-category Gerrity skill score for both precipitation and two-meter air temperatures, for (i) the multi-model ensemble, (ii) models
with prescribed observed SSTs, (iii) models with prescribed predicted SSTs, and (iv) models with coupled SSTs

Precipitation Two-meter air temperature
Multi-model Observed Predicted Coupled Multi-model Observed Predicted Coupled
SSTs SSTs SSTs SSTs SSTs SSTs
MAM 0.06 0.07 0.01 0.06 0.17 0.35 —0.01 0.05
JJA 0.01 —0.04 0.06 —0.03 0.16 0.28 0.06 0.01
SON 0.01 0.01 0.06 0.04 0.17 0.15 0.01 0.12
DIJF 0.37 0.30 0.35 0.30 0.00 0.15 —0.07 —0.02

The hindcast categories are “below normal,” “normal,” and “above normal,” as determined from distribution terciles. A score of 1.0 corre-
sponds to a perfect forecast, and a score of 0.0 corresponds to climatology

hindcast skill, and a lack of precipitation skill in any other
season are features common to all three types of models
(the atmospheric models forced with observed SSTs, the
atmospheric models forced with predicted SSTs, and the
coupled ocean—atmosphere models). Models with observed
SST forcing demonstrate a moderate hindcast skill for two
meter air-temperature anomalies in the spring and summer
seasons, whereas the coupled models and the models
forced with predicted SSTs do not have any skill.
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The high predictability of winter precipitation can be
attributed to the remote ENSO forcing. A large fraction of
the rainfall in the winter over the Southeast United States is
of large scale and associated with fronts. Above normal
winter precipitation in the Southeast United States is the
result of increased frequency and intensity of winter cold
fronts (Hardy and Henderson 2003; Winsberg 2003). This
frequency is controlled by the relative locations of upper
air troughs and ridges above the North American continent
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Table 3 Contingency table for the multimodel ensemble precipita-
tion in winter (DJF), with a GSS score of 0.37

Obs |Below [Normal |Above
|Fest
Below |23 10 5
[Normal [10 11 9
Above |3 12 18

Table 4 As Table 3 but for two-meter air temperature in autumn
(SON), with a GSS score of 0.17

Obs [Below [Normal [Above
|[Fest
Below |15 12 3
Normal |14 11 7
Above [9 10 15

and the strength and position of the subtropical jet stream.
Stronger than usual subtropical jet westerlies over the
region result in increased frequency and intensity of cold
fronts and Gulf of Mexico winter cyclones (Kiladis and
Diaz 1989; Hardy and Henderson 2003), and therefore in
increased precipitation amounts. Such conditions are
strongly associated with increased large-scale meridional
temperature gradients resulting from the relatively well-
predicted positive ENSO signal in the Tropical Pacific
SSTs.

The models’ lack of hindcast skill in precipitation in
summer and fall seasons can be attributed to the largely
convective nature of precipitation during the warm months.
Neither the processes responsible for organized convection
(such as sea breeze or tropical storms) nor those governing
convection (parameterized processes) in general are prop-
erly resolved in the coarse resolution global circulation
models.

A possible explanation for the presence of skill in
hindcasts of warm season two-meter air temperature in
models with observed SST and the lack of corresponding
skill in coupled models is that local effects are the pre-
dominant factor. During the warm months, air temperatures
are dominated by local forcing through surface fluxes
(Misra and Dirmeyer 2009). In coastal areas, part of the
underlying surface is ocean; models with prescribed perfect
SSTs accurately reflect the local SST gradients for such
grid points, whereas models with predicted SSTs do not.

The lack of hindcast skill in winter two-meter air tem-
peratures, regardless of the SSTs used in the model, is more
difficult to explain. As Misra and Dirmeyer (2009) indi-
cate, during winter season, surface evaporation over the
Southeast United States is energy limited. In other words,
the near-surface temperature variations are dictated by
radiative and sensible heat fluxes. As a result, precipitation
and near-surface temperature are not significantly corre-
lated, Therefore, forecast skill in precipitation will not
necessarily translate to two-meter air temperature forecast
skill. The low winter season hindcast skill of the two-meter
air temperature could be reflective of poor fidelity of the
radiative fluxes and cloud cover in the models. Since very
few other sources systematically provide GCM seasonal
forecast data in real time with open access, it is important
to assess the potential usefulness of this collection for
future regional predictions.

From all the models available in the APCC collection,
we selected the six that had the longest hindcast period in
common and contained the variables of interest. The salient
features of these models, such as their original resolution,
number of ensemble members, and SSTs used, are sum-
marized in Table 1. Although this sample of models is
limited, we feel that the results presented here represent the
nature of seasonal forecast skill in current global circula-
tion models. The study includes both coupled and uncou-
pled global atmospheric models (the latter using a variety
of prescribed SSTs), encompassing the current practices for
issuing dynamical seasonal forecasts.

Given the inability of models with predicted SST (either
separately forecast or computed in a coupled mode) to
produce skillful seasonal forecasts of near-surface variables
(with the notable exception of winter precipitation), their
practical utility for the Southeast is limited. It remains to be
seen whether dynamical or statistical downscaling of sea-
sonal and climate forecasts can overcome the global model
forecast limitations described above.
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Appendix 1: Potential predictability
Following Kumar and Hoerling (1995), consider an

ensemble of forecasts for any forecast variable A. Let there
be I = 1, N ensemble members with oo = 1,M years of
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external forcing. The ensemble mean forecast, or the most
likely outcome, for a given year « is then

1 N
A_rz:_ Ajy.
>

The internal variance, or spread, of the ensemble
members around this mean is
N
1

Ga—_ i — o) -

Since the spread can be dependent on the particular
choice of year, the internal variance is then g2averaged
over all possible a, or

1 11
2 _ 2:__
G’_M;J“ MN

The external variance is an estimate of the degree to
which the difference between the ensemble mean forecast
for different years is due to the boundary conditions rather
than to “chance”; thus it is a measure of the forecast’s
ability to distinguish between different regimes associated
with different boundary conditions. The overall mean
forecast, averaged over all realizations and boundary
conditions, is given by

eSS A

letl

T

o=1 i=1

then the external variance is given by
13 2
(A, —A)".
o=1
The total variance of the system is then
0%- = 012.5 + 0%.

By estimating the ratio of ¢% to g2 or g7 we can then

judge what part of the observed signal is due to boundary
conditions and what part is due to the uncertainty of initial
conditions, i.e., is effectively noise. The larger the ratio, the
higher the predictability inherent to the system. The values
of the ratio range between zero and one. In the case of zero,
the ensemble does not see the boundary conditions, i.e., the
outcome is entirely due to noise. In the case of one, the
boundary conditions overwhelmingly mask out the effect
of uncertainty of initial conditions.

The distance between the centroids of distributions for
two different boundary condition regimes is a represen-
tation of the system’s external variability. The sharpness
of the distribution associated with a particular regime is
representative of the internal variance and represents the
range of possible incomes associated with the particular
boundary conditions. If the distributions are well
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separated, either because they are narrow or because their
center points are far apart, the two states can be easily
distinguished. If the reason for the distinguishability is that
the curves are narrow, it can be said that the predictability
is due to the internal variability being low. If what makes
the distinction possible is that the two states are far apart,
then the predictability is attributable to the large external
variance.

Appendix 2: Brier skill score and reliability diagram

A probabilistic forecast is one that estimates the probability
of occurrence of a chosen event &, such as a precipitation
rate anomaly relative to the mean state exceeding a pres-
elected threshold level. For an ensemble of equally reliable
models the probability P of the event & is (m/M) x 100,
where m is the number of ensemble members forecasting
&, and M is the total number of ensemble forecasts. Since
for a single realization a probability forecast is neither
correct nor wrong, probability forecasts are verified by
analyzing the joint (statistical) distribution of forecasts and
observations.

The Brier score measures the magnitude of the proba-
bility forecast errors. It is defined as

=S - oty
k=1

where the index k refers to the forecast/observation pairs,
and 7 is the total number of such pairs within the data set,
and both the forecast (f) and the observations (o) are in
terms of probabilities. The lowest possible value of the
Brier score is zero, and it can only be achieved with a
perfect deterministic forecast.

Let the probabilistic forecast for & be done within /
discrete categories y;. The frequency with which forecasts
of y; are issued is p(y;). The frequency within a category y;
forecast with which the event & actually occurs is the
conditional frequency o; = p(o(k) = 1]y;). A reliability
diagram is a plot of 0; versus y;, accompanied by the
forecast frequency distribution p(y;) versus y;. For a perfect
forecast, the reliability diagram would be a line at 45°.

As suggested by Murphy (1973), it is useful to decom-
pose the Brier score into three terms: reliability, resolution,
and uncertainty:

/
b= p(i)(i p(yi) (@ — o)’ +0(1 —0)
> Lo
uncertainty
reliability resolution
= brel - bres + bunca

where 0 =1%""  o(k) is the unconditional mean fre-
quency of occurrence of the event &.
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The reliability term evaluates the statistical accuracy of
the forecast—a perfectly reliable forecast is one for which
the observed conditional frequency o; is equal to the
forecast probability (i.e., over all forecast for y percent
chance of &, & will occur in y percent of the times). The
resolution term addresses the distance between the forecast
frequency and the unconditional climatological frequency.
Forecasts that are always close to the climatological fre-
quency exhibit good reliability (since the forecast fre-
quency matches the observed frequency) but poor
resolution (since they are not able to distinguish between
different regimes). The uncertainty term is a measure of the
variability of the system and is not influenced by the
forecast. The Brier skill score is calculated with respect to a
reference forecast as

b— bref

BS=-—————=1—-—— sincebp,sis0.
bperf - bref ref

For a perfect forecast system, BS = BS;e] = BSres = 1,
while for a climatological forecast BS = BS;e = BS;es = 0.
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