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[1] Forecasting rainfall at the seasonal time scale is highly challenging. Seasonal
rainfall forecasts are typically made using statistical or dynamical models. The two
types of models have different strengths, and their combination has the potential to
increase forecast skill. In this study, statistical-dynamical forecasts of Australian
seasonal rainfall are assessed. Statistical rainfall forecasts are made based on observed
relationships with lagged climate indices. Dynamical forecasts are made by calibrating
raw outputs from multiple general circulation models. The statistical and dynamical
forecasts are then merged using a Bayesian model averaging (BMA) method. The skill and
reliability of the forecasts is assessed through cross-validation for the period 1980–2010.
We confirm that the dynamical and statistical groups of models give skill in different
locations and seasons and the merged statistical-dynamical forecasts represent a significant
improvement in terms of maximizing spatial and temporal coverage of skillfulness. We find
that the merged statistical-dynamical forecasts are reliable in representing forecast
uncertainty.
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1. Introduction

[2] The demand for accurate and reliable forecasts of
seasonal climate, particularly rainfall, continues to be strong.
Objective seasonal rainfall forecasts are produced using
either statistical models or dynamical models such as general
circulation models (GCMs). In Australia, the Bureau of
Meteorology issues its operational seasonal rainfall forecasts
based on a statistical model [Fawcett et al., 2005; Fawcett,
2008], which uses climate indices as predictors. The climate
indices represent the El Niño Southern Oscillation (ENSO)
and the status of the Indian Ocean. In line with international
trends, the Bureau is also developing a GCM with the view
that it will eventually replace the statistical model as the
operational model. The coupled ocean–atmosphere GCM,
the Predictive Ocean Atmosphere Model for Australia
(POAMA), is tailored to seasonal forecasting.
[3] Statistical models have been used extensively through-

out the world to forecast seasonal climate [e.g.,Barnston et al.,
1999; Fawcett et al., 2005; Folland et al., 1991; Landsea and
Knaff, 2000; Rajeevan et al., 2007; Shabbar and Barnston,
1996]. They are based on observational relationships, and
their main advantage is that they are simple to implement and
operate. The main concern with statistical models is the fact

that they are reliant on stationary relationships between the
predictor and predictand variables, which is not guaranteed in
a changing climate.
[4] GCMs are increasingly being used to forecast seasonal

climate [e.g., Lim et al., 2009; Palmer et al., 2004; Saha
et al., 2006; Yasuda et al., 2007]. They are based on the
laws of physics and their main advantages are that they
have the ability to capture nonlinear interactions of the
atmosphere, land and ocean, and are adaptable to shifts in
climate. GCMs also provide spatially and temporally coherent
forecasts of multiple variables (e.g., temperature, pressure) at
high temporal resolution (e.g., daily). However, they suffer
from the general problem that the spread of ensemble mem-
bers tends to be too narrow (overconfident) [e.g., Graham
et al., 2005, Lim et al., 2011] and the climatology of the
simulations is not always aligned with that of the cor-
responding observations. It is therefore common to apply
statistical models to calibrate raw GCM output for bias cor-
rection and variance adjustment so that the forecast clima-
tology more closely matches the observed and the forecasts
are statistically reliable [e.g., Doblas-Reyes et al., 2005;
Feddersen et al., 1999; Landman and Goddard, 2002]. Of
course, statistical calibration also assumes stationary predictor-
predictand relationships and thus can be viewed as interim
solution while GCMs continue to be improved.
[5] Given their unique strengths, both statistical and

dynamical models are attractive approaches for seasonal
climate forecasting. Recently, Barnston et al. [2012] com-
pared the real-time performance of 12 GCMs and 8 statisti-
cal models for forecasting ENSO (Niño3.4) from 2002 to
2011. At this large scale, the group of GCMs was able to
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outperform the group of statistical models during the onset
or transition phases of ENSO events, suggesting dynamical
models may be starting to edge ahead in terms of skill.
However, a general conclusion was that there remains a
place in operational climate prediction for statistical model-
ing when GCMs fail to provide useful information. There is
also potential to improve seasonal forecasts by objectively
combining the information from statistical and dynamical
models, particularly for sub-grid scale processes such as
rainfall.
[6] Some recent studies have investigated Bayesian

approaches for combining statistical forecasts with raw
GCM output. Coelho et al. [2004] developed a Bayesian
methodology for combining statistical forecasts with raw
GCM output to provide improved and well-calibrated long
lead Niño3.4 predictions. A statistical forecast was used as
an informative prior distribution, which was updated with
raw GCM output. Luo et al. [2007] adopted a similar
approach to update a climatology model with raw output
from multiple GCMs, but assumed model independence for
simplicity. A more flexible Bayesian approach to combine
multiple models, which does not assume model indepen-
dence, is to establish the models individually and weight and
merge forecasts based on past predictive performance
through Bayesian Model Averaging (BMA) [Hoeting et al.,
1999; Raftery et al., 2005]. Wang et al. [2012] developed a
BMA method for merging multiple statistical seasonal
rainfall forecasting models based on climate indices. Here,
we apply the method to merge multiple statistical forecasts
with calibrated dynamical forecasts from multiple GCMs.
[7] In this paper, we combine statistical and dynamical

forecasts of Australian seasonal rainfall. We use a consistent
Bayesian modeling approach to establish statistical models
based on lagged climate indices and to calibrate raw rainfall
forecasts from dynamical models. We demonstrate that the
statistical and dynamical models have different strengths and
weaknesses. In particular, they produce skillful seasonal
rainfall forecasts in different Australian regions and seasons.
We further demonstrate that by weighting and merging the
forecasts from the different models, we take advantage of
their respective strengths, and achieve greater spatial and
temporal coverage of skillfulness.
[8] The remainder of this paper is structured as follows. In

the next section, we present the statistical and dynamical
forecasting models and data. In section 3, we outline the

BMA method for merging forecasts and verification meth-
ods for assessing the skill and reliability of probabilistic
forecasts. In section 4, we present maps and diagrams
showing the skill and reliability of the forecasts and show
some examples of model weights. Section 5 provides some
supplementary discussion. Section 6 completes the paper
with a summary and conclusions.

2. Model Formulation and Data

[9] We seek to forecast seasonal (three month) rainfall
totals at lead times of 0 and 1 month for 2.5 degree grid cells
covering Australia. Multiple statistical models and dynami-
cal models are established for each season, grid cell and lead
time independently of the others. We also establish a cli-
matology model, which is a model with no predictor. Fore-
casts are made on the first day of each of the 12 months. We
use a common period of 1980–2010 for all data in this study
to coincide with the availability of POAMA hindcasts.
[10] The statistical models are established using lagged

climate indices as predictors. Only single predictor models
are used. The climate indices included in this study are well
known to represent anomalies in the large-scale circulations
in the tropical Pacific and Indian Ocean regions. As such,
they reflect the phases of the El Niño Southern Oscillation
and fluctuations in Indian Ocean SSTs which are the domi-
nant drivers of Australian rainfall [e.g., Risbey et al., 2009].
Schepen et al. [2012] showed significant lagged relation-
ships exist for some regions and seasons and therefore the
climate indices are also suitable for forecasting. In total there
are nine monthly climate indices. For lead time 0 forecasts,
each index is lagged by 1 month. For lead time 1 forecasts,
each index is lagged by two months. Table 1 summarizes the
nine climate indices and provides a brief description of each.
Climate indices based on sea surface temperatures were
derived from the NCAR Extended Reconstruction of Sea
Surface Temperature version 3 [Smith et al., 2008]. The
Southern Oscillation Index is sourced from the Australian
Bureau of Meteorology.
[11] The dynamical models used here are calibration

models that aim to correct biased and under-dispersed
raw GCM ensembles. The GCMs included in this study
are three variants of the Predictive Ocean Atmosphere
Model for Australia (POAMA), denoted as P24A, P24B and
P24C [Wang et al., 2011]. Compared to P24C, P24A and

Table 1. Climate Indices Used as Predictors of Australian Seasonal Rainfall

Climate Index Description

Southern Oscillation Index (SOI) Pressure difference between Tahiti and Darwin as defined by Troup [1965]
NINO3 Average sea surface temperature anomaly over 150W–90W and 5N–5S
NINO3.4 (NINO34) Average sea surface temperature anomaly over 170W–120W and 5N–5S
NINO4 Average sea surface temperature anomaly over 150E–160E and 5N–5S
ENSO Modoki Index (EMI) C – 0.5 (E + W) where the components are average sea surface

temperature anomalies over:
C: 165E–140W and 10N–10S
E: 110W–70W and 5N–15S
W: 125E–145E and 20N–10S

Indian Ocean West Pole Index (WPI) Average sea surface temperature anomaly over 50E–70E and 10N–10S
Indian Ocean East Pole Index (EPI) Average sea surface temperature anomaly over 90E–110E and 0N–10S
Indian Ocean Dipole Mode Index (DMI) WPI – EPI
Indonesia Index (II) Average sea surface temperature anomaly over 120E–130E and 0N–10S
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P24B have an alternative parameterization of atmospheric
physics associated with shallow convection. P24B addi-
tionally has a flux correction scheme to reduce biases in the
ocean–atmosphere climatologies that can arise as lead time
is increased. Each POAMA variant is a coupled ocean–
atmosphere GCM that produces a 10 member forecast ensem-
ble by perturbing ocean conditions. The dynamical models
are established using the raw GCM ensemble mean rainfalls
as predictors in statistical models. Again only single predictor
models are used.
[12] The rainfall data used in this study are derived

from the Australian Water Availability Project (AWAP)
0.05 degree � 0.05 degree gridded data set of monthly
rainfall [Jones et al., 2009]. Monthly rainfall is upscaled to
2.5 degree � 2.5 degree grid by averaging within POAMA
grid cells and then aggregated to obtain seasonal totals.
[13] A flexible multivariate Bayesian joint probability

(BJP) modeling approach is used to establish the statistical
forecast models and calibrate the dynamical models. Only a
brief description of the BJP modeling approach is provided
here, but full details are given by Wang et al. [2009] and
Wang and Robertson [2011, 2012]. For ease of under-
standing, we relax the description of the BJP formulation
here to the bivariate case. That is, we consider only single
predictor and predictand models.
[14] Given a predictor variable x and a predictand variable

y, Yeo–Johnson transforms [Yeo and Johnson, 2000] are
applied to transform each to normality. The transformed
predictor and predictand variables are thus assumed to
jointly follow a bivariate normal distribution. A Bayesian
inference of the Yeo–Johnson transform parameters and the
bivariate normal distribution parameters (means, standard
deviations and correlation coefficient) is made by using
historical (or hindcast) data from 1980 to 2010. The infer-
ence is numerically implemented through Markov chain
Monte Carlo (MCMC) sampling based on the Metropolis
algorithm. Rainfall is a variable that is bounded by zero from
below. In the BJP implementation, this is handled by
treating the rainfall predictor and predictand variables as
left-censored at 0. More complete details on the handling
of this problem are given by Wang and Robertson [2011]
and Robertson and Wang [2012].
[15] Probabilistic forecasts are readily generated by the

BJP modeling approach. Consider a model Mk with para-
meters q. If (xkT, yT ) contains the predictor and predictand
data used for parameter inference and xk is a predictor value,
then a probabilistic forecast for a single event is given by the
posterior predictive density:

fk y j xkð Þ ¼ p y j xk ; xTk ; yT ;Mk

� �

¼
Z

p y j xk ; q;Mkð Þ ⋅ p q j xTk ; yT ;Mk

� �
⋅dq: ð1Þ

3. Statistical-Dynamical Forecast Merging

3.1. Bayesian Model Averaging

[16] To merge the forecasts of the statistical models and
the statistically calibrated dynamical models, we apply a
Bayesian model averaging (BMA) approach. Complete
details of the approach are presented by Wang et al.
[2012]. Here, we present only the key features necessary
for understanding.

[17] For a single forecast event, a merged probabilistic
forecast from K models is given by the BMA predictive
density:

fBMAðy j x1;…; xKÞ ¼
XK
k¼1

wkfkðy j xkÞ ð2Þ

where for model k, xk and y are respectively the predictor and
predictand variables and wk is the model weight.
[18] We make a Bayesian inference of the weights based

on the performance of leave-one-out cross validation pre-
dictive densities. Cross-validation predictive densities are
used as a safeguard against overfitting. Our Bayesian infer-
ence of the weights follows a finite mixture model approach
[e.g., Raftery et al., 2005], rather than the classical model
posterior probability approach [e.g., Hoeting et al., 1999]. In
the mixture model approach, the BMA weights are inferred
from evaluation of predictive performance of the merged
forecasts.
[19] The short data period (31 years) available leads to

uncertainty about the optimum model weights due to sig-
nificant sampling variability. Compounding this problem, it
has been noted previously that BMA can give small weights
to all but the best model and hence increases the risk of
overfitting, leading to poor forecasts [e.g., Casanova and
Ahrens, 2009]. We therefore apply a Dirichlet prior that
helps to stabilize the weights:

p wk ; k ¼ 1;…Kð Þ∝
YK
k¼1

wkð Þa�1: ð3Þ

[20] The concentration parameter a, is set to a = 1.0 +
a0/K, where a0 = 1.0 is used in this study. This gives a
slight preference toward more evenly distributed weights.
In this setup, the posterior distribution of the weights is
then proportional to:

A ¼
YK
k¼1

wkð Þa�1
YT
t¼1

XK
k¼1

wk f
tð Þ
k yt j xtk
� � ð4Þ

where fk
(t)(yt∣xkt ) is the cross-validation predictive density.

We find a point estimate of the weights by maximizing A
using a highly efficient expectation- maximization (EM)
algorithm [Cheng et al., 2006; Zivkovic and van der
Heijden, 2004]. The event to be forecast is left out. Ini-
tially, all weights are set to equal. The EM algorithm is
then iterated until convergence is achieved. In this study,
convergence is achieved when the change in ln(A) is
smaller than 0.0001.

3.2. Forecast Assessment

[21] Leave-one-out cross-validation is used to assess
forecasts during the period 1980–2010. The short data
period does not permit validation of forecasts in an inde-
pendent period. It is therefore important that we note that the
forecasts are not completely independent of the training
period. For example, ENSO related predictors may not be
independent from year-to-year. However, this type of cross-
validation is fairly standard and, for seasonal rainfall fore-
casting, is likely to provide reasonable skill estimates.
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[22] To assess forecast accuracy, we use the root mean
squared error in probability (RMSEP) [Wang and
Robertson, 2011] skill score to assess forecast medians,
using the climatological median as the reference forecast.
This score is formulated so that incorrect near median fore-
casts are penalized more severely than extreme forecasts that
have a larger error but are in the right direction. Mathemat-
ically, RMSEP is given by:

RMSEP ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

T

XT
t¼1

Fc lim ytfcst

� �
� Fc lim ytobs

� �h i2
vuut ð5Þ

where Fclim is the cumulative distribution function of the
climatological data and yfcst

t and yobs
t are the forecast median

and observed values, respectively. The RMSEP skill score is
then formulated as a generalized skill score:

SSRMSEP ¼ 100� RMSEPc lim � RMSEPfcst

RMSEPc lim
: ð6Þ

[23] The reference forecasts used are the corresponding
cross validation climatological medians. A skill score of
100% means perfect forecasts, while a skill score of 0 means
that the forecasts are no better than using the climatological
median, and thus considered of no skill. A negative skill
score means the climatological median is a more skillful
forecast. We also assess forecast accuracy using the contin-
uous ranked probability score (CRPS) which assesses full
forecast distributions. Conclusions drawn from the results

Figure 1. Total number of grid cells where RMSEP skill score exceeds a range of thresholds. All grid
cells for all seasons have been pooled together.

Figure 2. Differences in cross-validated RMSEP skill scores between statistical and dynamical BMA
models for forecasting Australian seasonal rainfall (1980–2010). Negative areas (red) indicate where
dynamical models are more skillful and positive areas (blue) indicated where statistical models are more
skillful.
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CRPS-based skill scores are consistent with RMSEP, and
therefore are not presented in this paper.
[24] While sharp and accurate forecasts are desirable, it is

important that the forecasts have realistic uncertainty bounds
or spread in the ensembles. To check forecast reliability and
forecast sharpness, we plot an attributes diagram [Hsu and
Murphy, 1986]. In the diagram, reliability is assessed by
plotting the forecast probabilities of events against their
observed frequencies. Forecast sharpness, i.e., the tendency
for forecasts to move away from climatological averages, is
also represented. In this study, we assess the forecasts of
probability of exceeding the climatological median. As for
skill assessment discussed in the last paragraph, the cross
validation climatological medians consistent with the fore-
cast models are used here also.

4. Results and Discussion

4.1. Relative Skills of Statistical, Dynamical and
Statistical-Dynamical BMA Models

[25] It is useful to first compare the skills of the statistical
models and the dynamical models. We apply BMA to three
groupings of the models. We merge the statistical models as
one group and the dynamical models as another group. The
third group contains all statistical and dynamical models.
In each case, the climatology model is also included as a
candidate model. Figure 1 compares the overall forecast
performance of the statistical, dynamical and statistical-
dynamical BMA models in terms of the number of grid cells
where the RMSEP skill scores exceed a range of thresholds.
These numbers have been calculated by considering all
events (i.e., all seasons and grid cells) pooled together and
therefore they provide a good summary of overall forecast
performance. We first note that the skill scores are typically
quite modest (<30), highlighting the difficulties of seasonal
rainfall forecasting. At both lead times, the statistical-
dynamical BMA models have the highest number of grid
cells exceeding each skill score threshold, clearly

demonstrating that overall improvement is achieved by
merging statistical and dynamical models. At lead time 0
(Figure 1a), the dynamical BMA models are observed to
have more grid cells with positive skill than the statistical
BMA models. However, at lead time 1 (Figure 1b), the sta-
tistical BMA models and the dynamical BMA are observed
to have similar numbers of grid cells with positive skill. The

Figure 3. Cross-validated RMSEP skill scores of Australian seasonal rainfall forecasts (1980–2010)
using statistical-dynamical BMA models.

Figure 4. Attributes diagram for forecasts of probability of
exceeding median rainfall. The diagram assesses reliability,
resolution, sharpness and skill of the binary forecasts. All
grid cells, seasons and lead times have been pooled together.
Forecast probability is binned with width 0.1. Forecast
sharpness is represented by the relative size of the dots, also
written as the proportion of forecasts in the bin.
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benefit of merging is more apparent at lead time 1 than at
lead time 0.
[26] We now analyze the spatial and temporal distribu-

tions of skill in more detail. The differences in skill between
the statistical and dynamical BMA models at lead times of 0
and 1 month are plotted in Figures 2a and 2b, respectively.
Positive (blue) values show extra skill achieved by the sta-
tistical BMA models and negative (red) values show extra
skill achieved by the dynamical BMA models. If the differ-
ence is close to zero, the models are similarly skillful. The
group with the most skill depends on the season and location
and, to a lesser extent, lead time.
[27] Consider the lead time 0 forecasts (Figure 2a). During

JFM - JAS, the dynamical models are skillful in more
regions than the statistical models, particularly in eastern and
southeastern Australia. It is expected that the dynamical
models are more skillful than the statistical models in the
first half of the year because of weak relationships between
climate indices and Australian seasonal rainfall. Further-
more, coupled ocean–atmosphere dynamical models are

likely to perform better in this period because they can
capture and propagate changes in the oceanic-atmospheric
circulation on much shorter (e.g., weekly) time scales
[Barnston et al., 2012]. In the latter part of the year (ASO-
DJF), when the relationships between climate indices and
Australian seasonal rainfall are known to be stronger, the
statistical models achieve more positive differences in skill.
In ASO and SON, the dynamical models are more skilled in
parts of eastern and southern Australia, whereas the statisti-
cal models are more skilled in northern Australia. During
OND - DJF, there is widespread spatial coverage of higher
statistical model skill. It has been shown that there are strong
empirical relationships between lagged climate indices and
seasonal rainfall in these seasons [e.g., Schepen et al., 2012].
However, it is not clear to us why the dynamical models
perform so relatively poorly during this period.
[28] Consider now the lead time 1 forecasts (Figure 2b),

arguably a more important result as this is the lead time
typically used for operational forecasting. The pattern of
skill difference is similar to the pattern at lead time 0 but

Figure 5. Box plots showing the distributions of model weights in cross-validation for a grid cell in
southeastern Australia. The seasons MAM and OND and lead times of 0 and 1 month are shown. Number
in brackets denotes lag time of statistical model. The box represents the interquartile range (IQR) with a
line at the median. The whiskers reach the most extreme point within the 1.5*IQR range. The crosses out-
side the 1.5*IQR range are considered outliers.
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there is an observed sharp drop in skill of the dynamical
models in most seasons. During SON-DJF, the statistical
models are clearly more skillful in many regions.

4.2. Skill and Reliability of the Merged
Statistical-Dynamical Forecasts

[29] We now analyze the spatial and temporal coverage of
skill achieved by merging the forecasts of statistical and
dynamical models. The BMA approach will take advantage
of the relative strengths of statistical and dynamical models
depending on region, season and lead time. Figures 3a and
3b show the coverage of the RMSEP skill scores for the
statistical-dynamical BMA models at lead times of 0 and 1,
respectively. We note here that the overall spatiotemporal
coverage of skill could be improved further by including
additional models in the BMA, e.g., calibrated rainfall
forecasts from other international coupled GCMs.
[30] The overall sharpness and reliability of the forecasts

produced by the statistical-dynamical BMA models is
assessed for forecasts of the probability of exceeding the
climatological median. We expect the BJP modeling

approach to produce reliable forecasts so this step is mainly
a diagnostic check. An attributes diagram (Figure 4) has
been produced after pooling all events together (i.e., all
seasons, grid cells and lead times). Nearly all the points are
aligned well to the 1:1 line. Overall the diagrams suggest
that the forecast probabilities of events not exceeding the
thresholds are consistent with the observed frequencies. In
other words, the forecast distributions are reliable in repre-
senting forecast uncertainty spread.

4.3. Distributions of Model Weights

[31] We now analyze the distribution of weights among
individual models for two grid cells in MAM and OND. We
note that the weights are not necessarily indicative of skill,
although they have more meaning in seasons and locations
where there is skill. The distribution of weights among the
models varies for each year in the cross-validation and
therefore we present the distributions as a box-plot. The
weights for the top five models plus the average weights of
the remaining models are shown. The variation in weights in
cross-validation is due to sampling variability of the limited

Figure 6. Box plots showing the distributions of model weights in cross-validation for a grid cell in
northeastern Australia. The seasons MAM and OND and lead times of 0 and 1 month are shown. Number
in brackets denotes lag time of statistical model. The box represents the interquartile range (IQR) with a
line at the median. The whiskers reach the most extreme point within the 1.5*IQR range. The crosses out-
side the 1.5*IQR range are considered outliers.
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data used. In particular, only a small number of ENSO and
Indian Ocean Dipole events are present in the data. Although
the weights are stable for most events, as seen by the narrow
interquartile range of the box-plots, there are a number of
events that when excluded cause the weights to vary sig-
nificantly, as seen by outliers on the box plots. Still, the
cross-validation results suggest that our BMA approach is
reasonably robust to these variations.
[32] The first grid cell is in southeastern Australia. In

MAM (Figure 5a), the weight is distributed mainly among
the dynamical models P24A, P24B and P24C for both lead
times 0 and 1. In OND, the weight is distributed among
the statistical models (Figures 5c and 5d). At lead time 0, the
statistical models SOI and DMI are the models with the
highest weights. This is consistent with the knowledge that
both ENSO and the Indian Ocean influence southeastern
Australian rainfall. At lead time 1, the SOI is still the model
with the highest weight but the DMI does not receive any
significant weight, reflecting its weak relationship with
seasonal rainfall at longer lead times.
[33] Referring again to Figures 5a and 5b, it could be

argued that because the three variants of POAMA have
similar construction, the weights of the three models should
be more similar. We previously trialed a more complex
hierarchical version of the BMA that puts additional pres-
sure on the POAMA models to be more equal, with little to
no impact on the cross-validation results. In order to main-
tain objectivity, we prefer to let all weights be determined by
the EM algorithm from a single pool of candidate models.
Furthermore, other international GCMs could be added to
the pool of candidate models in the future with no change to
the procedure.
[34] The second grid cell is in northeastern Australia. In

OND (Figures 6c and 6d), the weight is distributed mainly
among the statistical models NINO4 and SOI for both lead
times 0 and 1. This reflects the ENSO driven nature of
rainfall in this location and season, and in particular a
stronger relationship with western Pacific SSTs. In contrast,
MAM is a season with low skill. When a model has low
skill, its forecasts should fall back to climatology (i.e., the
model has no resolution). At lead time 0 (Figure 6a), the
weight is distributed among the statistical EMI model and
the dynamical models. At lead time 1 (Figure 6b), the EMI
model is again the model with the highest weight, however
the remaining models don’t have significant weight.

5. Supplementary Discussion

[35] At lead time 1, the BMA of statistical models has a
similar number of grid cells exceeding each threshold as the
dynamical models (Figure 1b). This is despite a two month
lag in the climate index predictor variable. The coupled SST
forecasts of POAMA are likely to beat persistence and pro-
duce good forecasts of climate indices at short lead times (0
and 1 month). Therefore, it is likely that using forecasts of
climate indices in statistical models (bridging) will improve
the results further. This is an appealing approach to improve
the skill of GCM rainfall forecasts. We will report such
results in a separate paper. Additionally, future research will
investigate the use of all ensemble members and assess the
benefit of including additional dynamical models from
international modeling centers in the BMA.

[36] We established models and inferred the weights of
each model at the grid scale. This has the potential to lead to
spatially incoherent forecasts. One improvement that could
be made to our method is to incorporate spatial relationships
into the calculation of models and also the weights, for
example, using similar approaches to Robertson et al.
[2004].

6. Summary and Conclusions

[37] Statistical models and dynamical models (i.e., GCMs)
are both currently widely used to forecast seasonal climate.
Since the fundamentals of each type of system are different,
there is an opportunity to draw on the strengths of both types
of models in order to maximize the spatial and seasonal
coverage of forecast skillfulness. In this paper, we applied a
Bayesian model averaging method to merge forecasts of
Australian seasonal rainfall from multiple statistical and
dynamical models.
[38] Statistical forecasts were made using lagged climate

indices as predictors and dynamical forecasts were obtained
by statistically calibrating rainfall from three variants of the
POAMA coupled ocean–atmosphere GCM. Forecast skill
was assessed using leave-one-out cross-validation, which
only provides an estimate of skill for forecasting indepen-
dent events.
[39] As separate groups, the statistical and dynamical

forecasts are skillful in certain seasons and locations. The
statistical-dynamical BMA models represent an improve-
ment in terms of maximizing spatial and temporal coverage
of skillfulness compared to statistical or dynamical models
alone. The statistical-dynamical BMA model forecasts are
reliable in representing forecast uncertainty spread. In the
context of limited data, the cross-validation BMA weights
are found to be physically reasonable and acceptably stable.
[40] The BMA approach used here merges the forecasts of

multiple statistical and dynamical models in a consistent and
objective way. Consequently, forecasts from other interna-
tional coupled GCMs could be readily included as candidate
models. Additionally, the approach can be applied to other
variables such as temperature or streamflow.
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