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A P E C  C L I M A T E  C E N T E R

PREFACE

It is our pleasure to present to you the APEC Climate Center (APCC)’s Technical Report 2012, which reports the core outcomes of our research activities from the past year.Since 2005, APCC, as a hub of climate information in the Asia-Pacific region, has strived to share our analysis and prediction of abnormal climate and to apply this information to regional development. The Center has established the most extensive Multi-Model Ensemble (MME) system for seasonal prediction in the world through its international science network and has provided value-added products to various stakeholders. Recently, APCC has expanded its mandate to include enhancing the capacity of APEC member economies to respond effectively to climate change and variability through better application of climate information.In 2012, APCC continued to make an effort to improve the quality and quantity of our short-term climate forecasts and our online climate information systems, as information dissemination tools. Additionally, APCC began its endeavor to produce more applicable climate information through interdisciplinary research among various sectors, such as agriculture and hydrology. The following technical report provides more information about our research outcomes from 2012.In 2013, following APCC’s goal to enhance socioeconomic well-being through better utilization of climate information, APCC will continue to improve the quality and accuracy of its climate information, recognizing that the utility of this information is only as good as its quality. We would like to make the best use of our research outcomes in various scientific and application areas. We welcome any feedback on this report or on our services.My best and warmest regards to all of you.
Dr. Chin-Seung Chung

Director/APEC Climate Center
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ABSTRACT

To obtain the optimal weights for combining different model outputs in operational seasonal 
forecasts, Bayesian model averaging (BMA) was applied to the multimodel hindcast datasets 
at the Asia–Pacific Economic Cooperation (APEC) Climate Center (APCC). The weights were 
estimated according to the performance of individual members in simulating the given training 
data. Verification measurements such as the mean squared skill score (MSSS) and anomaly 
pattern correlation coefficient (ACC) were used to evaluate the forecast performance based on 
the observation. In terms of the MSSS, over the tropics, the BMA methods generally have broader 
areas with higher skills than the equal weight methods, whereas, over the global domain, the 
equal weight methods generally have larger areas with positive skills than the BMA methods. 
In terms of the Pearson ACC, the equal weight methods generally have higher skills than the 
BMA methods, whereas the BMA methods generally have higher skills than the equal weight 
methods in terms of the robust ACC.

1. INTRODUCTION

Seasonal forecasts are associated with the persistence of anomalies from slow fluctuations in surface temperature, soil moisture, and snow cover (Charney and Shukla 1981; Brankovic et al. 1994), as well as the stochastic nature of the climate system. Deterministic forecast is a practical way of predicting the atmospherical quantities that are of most concern to people.The single-model ensemble approach, which can reduce the internal uncertainty of the model, is widely used in seasonal forecast. The multimodel ensemble (MME) method, which can reduce not only the internal uncertainty of an individual model but also the uncertainty between models (e.g., Kalnay and Ham 1989; Krishnamurti 
et al. 1999; Shukla et al. 2000; Wang et al. 2004), has surged to meet a great societal demand. An MME prediction system is used only by a few operational centers with different MME approaches. The International Research Institute for Climate and Society (IRI) MME prediction system is based on two approaches: a Bayesian method (Rajagopalan et al. 2002; Robertson et al. 2004) and a canonical variate technique method (Mason and Mimmack 2002). The Meteorological Service of Canada (MSC) uses a pooling method, which pools all the participating models into a single sample 
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with equal weights (e.g., Hagedorn et al. 2005). The Asia–Pacific Economic Cooperation (APEC) Climate Center (APCC) developed a probabilistic MME prediction system (Min 
et al. 2009) that is suitable when the weights are inconsistent between hindcast and forecast datasets, and with the individual model ensembles essentially differing in size. Besides the probabilistic MME forecast, APCC has employed other deterministic forecast methods, e.g., the simple composite methods (SCM), SPM (Kug et al. 2008), (multiple regression) MGR (Krishnamurti et al. 2000; Yun et al. 2003), and synthetic super ensemble (SSE) (Yun et al. 2005).The SCM is a deterministic forecast scheme; it is an arithmetic mean of predictions based on participated individual models. In the SCM, it is assumed that a independent relationship exists among the participated models. This ensemble method has numerous applications such as climate change study, decadal climate prediction, and regional climate downscaling. Numerous studies (e.g., Hagedorn et al. 2005; Doblas-Reyes et al. 2005) showed that the SCM can generally produce a higher skill forecast compared with the involved individual models just by simple arithmetic average. This scheme maintains the model dynamics owing to the simple spatial filtering for each variable at all grid points. Additionally, the SCM has the common advantages and limitations of the individual forecast model; therefore, it could be used as a benchmark to evaluate other optimal MME schemes. The SCM scheme constructed with bias-corrected forecast is given by

   
 ∑  where  is the   model forecast at a certain time,   and   are the climatological mean of the   forecast and observation, respectively, and   is the number of the forecast models involved. In this scheme, the same weight of   is assigned to each of the   member models over the entire grid regardless of their actual performance. Therefore, the result of the SCM is generated by combining bias-corrected anomalies from individual model forecasts. Skill improvement is achieved through the bias removal preprocesses as well as from the cancellation of the climate noise by ensemble averaging because of the independence of the individual models.
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Second, the SSE method (Yun et al. 2005) is adopted as another official forecast method at APCC. Although the performance of both dynamic and statistic models were improved over the last few decades, the seasonal forecast skills are generally still low. MME forecasts rely on the statistical relationships established between historical forecasts and verification data (Chang et al., 2000), implying that the MME forecast strongly depends on the historical performance of individual models. In the field of seasonal forecasts, numerous studies (Krishnamurti et al., 1999, 2000a,b, 2001, 2003; Doblas-Reyes et al., 2000; Pavan and Doblas-Reyes 2000; Stephenson and Doblas-Reyes 2000; Kharin and Zwiers 2002; Peng et al., 2002; Stefanova and Krishnamurti, 2002; Yun et al., 2003; Palmer et al., 2004) have discussed various MME approaches for anomalous forecasting, such as the simple ensemble, the unbiased ensemble, and the superensemble forecasts: 

Here,  is the simple ensemble mean, , is the unbiased ensemble mean,
  is the superensemble mean,  is the   model forecast from the   models, and   is the climatological mean of the   model forecast during the training period.   is the observed climatological mean during the training period, and  is the regression coefficient of the   model. The above three methods are different in that different means and weights are used in the ensemble. Both the unbiased ensemble and the superensemble contain no bias in the means because the seasonal climatologies are determined before the ensemble approach is used. The weights assigned to the individual models in the unbiased ensemble and the superensemble differ. A key property of the superensemble forecast is the training process carried out on the hindcast datasets. The skill of the superensemble forecast could be improved after the multimodel hindcasts are statistically corrected to reduce the systematic errors. The SSE method has the following steps. First, a transient dataset is produced 
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by determining the consistence of the spatial anomalous patterns between the verification dataset and the forecasts of individual models. This is a linear regression problem in the space of empirical orthogonal functions (EOFs). Then, the transient dataset is used as the ensemble member of the superensemble forecast. The algorithm is briefly introduced as follows:Both the verification data  and the forecast of the individual models  can be decomposed in the EOF space, which describes the spatial and temporal variability:

where  are the principal component (PC) time series and the corresponding EOFs of the   mode for the verification data and the individual model forecast, respectively. The PCs represent the temporal evolution of spatial patterns during the training time (t) and the entire forecast time period (T). The consistent pattern can be then estimated between the verification and forecast data according to the PC time series during the training period. The linear regression relationship of the PC time series between the verification data and the individual model forecast can be written as 
Then, the time series of the verification data can be written as a linear combination of the time series of individual models (here, referred to as the predictors). To obtain the coefficients  , the linear regression is calculated in the EOF space. The regression coefficients   are obtained such that the residual error is minimized. The seasonal cycle is removed before constructing of the covariance matrix from the PC time series of individual models. After the regression coefficients   are obtained, the new PC time series (approximating the PC time series of the verification data) can be written as 
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The final forecast can be reconstructed through the new PC time series and EOFs of the verification data
The unique property of this approach is that the variance in the residual error between the verification data and each of the individual models in the EOF space is minimized.The other approach used as an APCC official MME forecast is the MRG (Krishnamurti et al. 2000b; Yun et al. 2003) method. The conventional multimodel superensemble forecast (Krishnamurti et al., 2000b) constructed from a bias-corrected forecast is given by 
where  is the   model forecast,   is the climatological mean of the   model forecast during the training period,   is the climatological mean of the verification data during the training period, and  is the regression coefficient obtained from the verification data and the hindcast of individual models during the training period. Because the anomalies   of each individual model are used in the ensemble approach, the multimodel superensemble forecast is not influenced by the systematic errors of the individual models. The regression technique is carried out at each spatial grid point, between the verification data and the hindcast of the individual models during the training period; thus the weight differs for different grids for the same model. To obtain the weights, the covariance matrix is built on the anomalies M' instead of on the total field. The seasonal cycle of the hindcast field is removed before establishing the covariance matrix: 
where the summation is over the training period.   and   are  respectively the 
  and   forecast models. Linear regression can establish a linear relationship between the vectors of two variables. First, suppose a set of linear equations exist,
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∙ 

where ∑′′  , is a ×  vector containing the covariances of the verification data and the individual hindcasts for which a linear relationship has to be found, and ′  is the seasonal mean-removed verification anomaly,   is the × covariance matrix, and   is a ×  vector of regression coefficients (the unknowns). In the normal superensemble approach, the regression coefficients are solved by using Gauss–Jordan elimination. The covariance matrix   and ′  are rearranged into a diagonal matrix ′  and ″ , respectively, and the solution is obtained as follows:

where the superscript T denotes the transpose. The Gauss–Jordan elimination for solving the regression coefficients for different hindcasts is not numerically robust. Problems arise if a zero pivot element exists on the diagonal; this will break the program by the exception of a zero denominator. On the other hand, if there are fewer equations than unknowns, the regression equation defines an underdetermined system such that there are more regression coefficients than the number of ′ values. Thus, there is no unique solution, and the covariance matrix is singular. Generally, the Gauss–Jordan elimination is not recommended because the singularity problem mentioned above is occasionally happened. In practice, when a singularity occurs, the superensemble forecast is replaced by a normal ensemble forecast.The SVD method is another alternative for solving the regression coefficients for a set of multimodel hindcasts and for the verification data. In this method, the covariance matrix   is decomposed into a product of three matrixes. The covariance matrix   can be written as a sum of the outer products of the columns from  matrix 
  and the rows from matrix    as follows:
where   and   are × matrices that satisfy the orthogonal relations and   is a × diagonal matrix containing rank  real positive singular values  in 
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decreasing order. Because of the symmetry of the covariance matrix  , i.e., 
       the left singular vector   is equal to the right singular vector   Therefore, the SVD method can also be referred to as a principal component analysis (PCA). The decomposition can be used to obtain the regression coefficients: 
The SVD method avoids the singular matrix problem that cannot be solved by the Gauss–Jordan elimination method.For the SVD method, another technique is usually used when some of the   values are very low. The low   values will increase the residual error in the SVD method (Press et al. 1992). These low singular values can be discarded by setting them to zero. In other words, if most of the   values of the matrix   are low, then   will be better approximated by only a few high   singular values in the summation of the  .The fourth method used at APCC is the stepwise pattern projection (SPPM) method (Kug et al. 2008), which is based on the statistical downscaling method. The SPPM technique is an improved version of the current CPPM method in the APCC MME methods. The differences between the two methods lie in the selection of the pre-predictor and the posterior prediction. The SPPM procedure has three steps: pre-predictor selection, pattern projection, and optimal choice of prediction. First, predictors are chosen based on the cross-validated correlation during the training period. The new predictor is reconstructed over the entire grid by using the top 100 predictors that correlated best with the predictand. Second, the covariance pattern is constructed using the verification pattern and the new predicted pattern. Then, the prediction is made by projecting the predicted pattern onto the covariance pattern. Third, to determine whether  the selected predictand is acceptable, the predictand will be verified through double cross-validation with a given threshold on the correlation skill. If the prediction skill is less than the threshold, the predictor and the corresponding prediction will be ignored. All the acceptable predictions will be combined through the arithmetic average. It is shown that SPPM shows higher skills 
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over the regions where the individual model skill is generally poor. Wang et al. (2010) showed that the SPM generally has better skill than other MME schemes, although in some cases the SCM is better.There are many studies of the ensemble forecast methods based on Bayesian inference, e.g., Coelho et al. 2006. But in recent times, the optimized ensemble method of Bayesian model averaging (BMA) (Hoeting et al. 1999) has been increasingly used in ensemble prediction. Raftery et al. (2005) successfully applied BMA to a 48-h regional weather forecast on surface temperature and sea level pressure. Min et 

al. (2007) conducted their climate change study based on BMA. Duan et al. (2007) applied BMA to hydrologic prediction and found that BMA prediction is generally superior to the best individual prediction method. Marrocu and Chessa (2008) found that BMA prediction is better than the SCMs in seasonal downscaling forced by reanalysis datasets.Thus, we are motivated to apply BMA to the seasonal forecast products from different models at APCC. APCC has conducted both the deterministic and probabilistic seasonal forecast based on various ensemble methods developed in-house. The application of the BMA ensemble method to seasonal forecast will help us gain new knowledge.BMA is a statistical approach for generating a weighted average of the ensemble members that outperform any single ensemble member. The weights are estimated according to the performance of individual members in simulating the given training data. The BMA forecast variance can analytically decompose into two components, corresponding to between-model variance and within-model variance.By applying BMA to the seasonal forecast of temperature and precipitation of APCC datasets, we try to address the following questions: can the BMA ensemble method improve the seasonal forecast skill compared to the equal weight MME?To answer the question, one-month lead winter low-level temperature and summer precipitation hindcast from multimodel outputs were used as the inputs for both the equal weight ensemble and the BMA weight ensemble in multiple years. The data, the evaluation method, and the experiments are described in Section 2 
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and Section 3. The application of BMA is discussed in Section 4. Section 5 presents the results of both MME methods. Section 6 is the conclusion, and the final section presents the discussion.
2. MODEL AND DATA

Winter (DJF (December-January-Feburary)) one-month lead temperature hindcast data from thirteen multimodel outputs were used in this MME study for both the equal weight ensemble and the BMA weight ensemble from 1983 to 2003, a total of 21 years. The model outputs include JMA, NCEP, PNU, SINT, UHT1, POAMA, APCC, BCC, CWB, GDAPS_F, MSC_GM2, MSC_GM3, MSC_SEF. Summer (JJA (June-July-August)) one-month lead precipitation hindcast data from fourteen models with an additional output of SUT1 besides that of the above models were selected by considering their common temporal expansion availability from 1983 to 2003. Precipitation in summer is more difficult to forecast than that in winter. The difficulty to forecast the 850 temperature is comparable in both seasons, only with the forecast skill of the summer temperature being slightly lower than that in winter. BCC is the model output of the Beijing Climate Center of China, which is a T63L16 model using predicted SST with eight ensemble members. CWB is the model output of the Central Weather Bureau of Chinese Taipei, which is a T42L18 model using observed SST with 10 ensemble members. GDAPS_F is the model output of the Korea Meteorological Administration, which is a T106L21 model using predicted SST with 20 ensemble members. JMA is the model output of the Japan Meteorological Agency, which is a T95L40 model using predicted SST with five ensemble members. MSC_GM2 is the model output of the Meteorological Service of Canada, which is a T32L10 model using predicted SST with 10 ensemble members. MSC_GM3 is the model output of the Meteorological Service of Canada, which is a T63L32 model using predicted SST with 10 ensemble members. MSC_SEF is the model output of the Meteorological Service of Canada, which is a T95L27 model using predicted SST with 10 ensemble members. NCEP is the model output of the National Centers for Environmental Prediction of USA, which is a T62L64 model using predicted SST with 15 ensemble 
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members. PNU is the model output of the Pusan National University of Korea, which is a T42L18 model using predicted SST with five ensemble members. POAMA is the model output of the Centre for Australian Weather and Climate Research of the Bureau of Meteorology of Australia, which is a T63L21 model using predicted SST with 10 ensemble members. UHT1 is the model output of the University of Hawaii of USA, which is a T31L19 model using predicted SST with 10 ensemble members. SINT is the model output of FRCGC from Japan, which is a T106L19 model using predicted SST with nine ensemble members. APCC is the model output of APCC CCSM3, which is a T85L26 model using predicted SST with five ensemble members. SUT1 is the model output from the Seoul National University of Korea, which is a T42L21 model using predicted SST with six ensemble members.For evaluating the forecast skill, we first select the mean squared skill score (MSSS) as one of the verification methods. Let   and   (i = 1,...,n) denote the time series of verification data and seasonal forecasts of individual models, respectively, for a grid point or station j over the period of verification. Then, their averages  ,   and their sample variances   and   are given by

The mean squared error of the forecasts is
For the case of cross-validated climatology forecasts where forecast/observation pairs are reasonably temporally independent of each other, the mean squared error of climatology forecast (Murphy, 1988) is



Application of Bayesian Model Averaging on Multi-Model Ensemble Seasonal Prediction

013

The MSSS for j is defined as one minus the ratio of the squared error of the forecasts to the squared error of the forecasts of climatology:
For a certain domain, it is recommended that an overall MSSS be provided. This is computed as

where   is unity for verifications at stations and is equal to cos , where   is the latitude at grid point j on latitude–longitude grids. For either the MSSS or MSSSj, a corresponding root mean squared skill score (RMSSS) can be obtained easily from
  for forecasts fully cross-validated can be expanded as 

where   is the product–moment correlation of the forecasts and observations at point or station j.

The first three terms of the decomposition of the   re related to phase errors (through the correlation), amplitude errors (through the ratio of the forecast to observed variances), and overall bias error, respectively, of the forecasts. These terms 
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provide the opportunity for those wishing to use the forecasts for input into regional and local forecasts to adjust or weigh the forecasts as they deem appropriate. The last term takes into account the fact that the climatology forecasts are cross-validated as well. The second verification method used in this study is an anomaly pattern correlation coefficient (ACC). It is used to quantify the spatial pattern correlation between the forecast and observed deviations from climatology (Miyakoda et al. 1972), containing aspects of forecast error and bias. The ACC measures pattern similarity, which leads to higher scores during periods of amplified versus zonal flow.

where ′    ′     ,   is the forecast, and   is the observed verification data. Here, the ACC is estimated between each MME mean and verification data as well as between each individual model (member) and verification data. Beside the classic ACC (the Pearson ACC), the robust anomaly pattern correlation coefficient (the robust ACC), which is based on the robust statistic between the forecast anomaly and  the anomaly from the verification data, is also used as the evaluation method in this study. The aim of robust methods is to ensure high stability in statistical inference under the deviations from the assumed distribution model. Less attention is devoted to the literature to robust estimators of association and correlation as compared to robust estimators of location and scale (Huber 1981; Hampel et al. 1986; Maronna and Yohai 1995, 2006; Rousseeuw and Driessen 1999; Woodruff and Rocke 1994; Maronna and Zamar 2002). However, it is necessary to study these problems owing to their widespread occurrence (e.g., estimation of the correlation and covariance matrices in regression and multivariate analysis, estimation of the correlation functions of stochastic processes) and because of the instability of classical methods in estimating the presence of outliers in the data.
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3. EXPERIMENTAL DESIGN

In this study, we used the model anomalies to eliminate the climatological model biases (i.e., systematic errors in the climatology or mean bias of the forecast). For each individual model, the anomalies are estimated as departures from their climatology over the training period in a one–year–out–cross–validation manner (Wilks 1995). This implies that a new climatology is calculated at each cross-validation step, with the target year being withheld. The same procedure for estimating anomalies is applied to the observed dataset. All the anomalies are bias-corrected before validation and verification, by using a linear regression method. The equal weight ensemble hindcast was carried out using two methods. One is the member pooling method named EQU_mem:
where , is the   member hindcast,   is the climatological mean of the   hindcast over the training period, and   is the climatological mean of the verification data over the training period. The other method is the model pooling method named EQU_mod, which is identical to the SCM method mentioned in the introduction:
where  is the   model hindcast and   is the climatological mean of the   hindcast over the training period. Equal weight was assigned to all ensemble members of the multimodel in the first ensemble method, whereas equal weight was assigned to all ensemble models in the second ensemble method.The BMA ensemble hindcast was produced in three different ways. First, the ensemble member of each model was averaged as both training and forecast data before carrying out BMA. This method was named BMA_average and is as follows：
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where  is the BMA weight for the   model.Second, the ensemble members of one model can be exchangeable and each member of that model has equal weights. It was named BMA_ex and is as follows:
where   is the BMA weight for the   member. Third, all the ensemble members of the multimodel were distinguishably treated in the BMA method. It was named BMA_mem and is as follows: 
where  is the BMA weight for the   member.The seasonal forecast of summer precipitation and the winter 850 mb temperature will be verified using the cross-validated approach based on the Climate Prediction Center Merged Analysis of Precipitation (CMAP, Xie and Arkin 1997) dataset and the 850 mb winter temperature obtained from the National Center for Environmental Prediction-Department of Energy reanalysis data (NCEP-R2, Kanamitsu et al. 2002).
4. APPLICATION OF BMA

BMA is a statistical approach for generating the ensemble mean that outperforms any single ensemble member (Hoeting et al. 1999). Raftery et al. (2005) successfully applied BMA to a 48-h regional weather forecast on surface temperature and sea level pressure. Min et al. (2007) carried out the climate change study based on BMA. Duan et al. (2007) applied BMA to hydrologic prediction and found that BMA prediction is generally superior to the best individual prediction. Sloughter et al. (2007, 2010) applied BMA to precipitation and wind speed forecast. BMA is different from other multimodel ensemble methods in that it provides a more realistic description of 
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the predictive uncertainty that accounts for both between-model variances and in-model variances. In this study, we applied BMA to the 21-year DJF low-level temperature data and JJA precipitation data from multimodel hindcast datasets at APCC. The approach is briefly described as follows.Because each seasonal hindcast of the multimodel showed the seasonal climate behavior, the winter 850 mb temperature and summer precipitation of the hindcast datasets could be considered the estimates of the truth of seasonal climates. The posterior probability   is the probability of the temperature or precipitation simulated by the k-th model  or member conditional on the verification temperature or precipitation, which reflected how well the hindcast mimicked the verification temperature or precipitation in the given places. The sum of these posterior probabilities is equal to one; thus, they could be regarded as a set of weights for measuring the skills of models or members. Then, the probability of the BMA ensemble mean of temperature or precipitation was the weighted sum of the probability of the temperature or precipitation from the ensemble models or members:
  

 



where   is the BMA ensemble mean of temperature or precipitation,  is the probability of simulated temperature or precipitation based on the k-th model or member, and the weight   is the posterior probability  The verification training data is the 850 mb winter temperature from the NCEP-R2 reanalysis and the CMAP global precipitation with both 2.5° horizontal resolution.Under the assumption that the conditional distribution  of temperature is a normal distribution, we calculated the weights for temperature through the expectation–maximization algorithm (e.g., Hoeting et al. 1999 and Duan et al. 2007). Usually we use the log-likelihood function to maximize the likelihood function instead of the likelihood function itself. We denote
     
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The log-likelihood function can be approximated as
Obviously, it is impossible to solve the analytical solution of  , and therefore, the numerical computational method must be used. Following the recommendation of Raftery et al. (2005), we used the expectation–maximization algorithm to calculate the maximum of   The expectation–maximization algorithm treats the maximum likelihood issue as a ‘‘missing data’’ problem. The “missing data” is a virtual variable without any real physical meaning, but a variable introduced mathematically to solve the mathematical problem. In this study, a virtual variable   is introduced. If the k-th model or member is the best estimation at time t,    ; otherwise,    . At any given time t, there is only one value of   equal to 1, while all the others are equal to zero. The expectation–maximization algorithm alternates between the expectation step and the maximization step. It starts with an initial guess   for parameter  . In the expectation step,   is estimated given the current guess of 
 . In the maximization step,   is estimated given the current values of  . The expectation–maximization steps are repeated until certain convergence criteria are satisfied. The expectation–maximization algorithm is illustrated as the following five steps (Duan et al. 2007).
Step 1- Initialization:

where T is the total number of datapoints in the training datasets.
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Step 2 - Initializing the log-likelihood function:

where  is the Gaussian distribution.  
Step 3 - Computing the expectation: For I = I+1, k = 1,2,3,4, and t = 1,2,･･･,T,

Step 4 - Computing the maximization: 

Step 5 - Calculating the criteria:

By updating the logarithmic likelihood in step 2, if         , where   is a given tolerance number, we get what we want and stop; otherwise, we go back to step 3.For a detailed description of the expectation–maximization algorithm, readers are referred to McLachlan and Krishnan (1997).
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For precipitation, the assumption of normality is not suitable any more. First, the precipitation is positive and usually it is zero. Second, the probability distribution of the positive part is highly skewed. In this study, we employed the model developed by Sloughter et al. (2007):
where y is the cube root of the precipitation; the indicator function   is equal to 1 if the condition in brackets is satisfied and is equal to 0 otherwise. The probability  is the probability of no precipitation occurring given the forecast   The probability  is the probability of positive precipitation occurring given the forecast  . Those two probabilities satisfy the following logistic regression model:
where  ,   and   are the regression cofficients.   is equal to 1 if     and is equal to 0 otherwise. The conditional PDF  is a gamma distribution given that the cube root precipitation y is positive: 
The parameters of the gamma distribution can be determined by   from
and
where  is the mean of the gamma distribution and  is its variance. We calculate the log-likelihood function to maximize the likelihood function. The expectation–maximization algorithm used for the temperature was used to estimate the parameters required. For a detailed description of the expectation–maximization algorithm used for precipitation, readers are referred to Sloughter et al. (2007).
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5 RESULT

5.1 Temperature

To evaluate the hindcast skill of the BMA methods and the equal weight methods, we first checked their performances in terms of the MSSS.

Figure 1     Mean squared skill score (MSSS) of one-month lead DJF temperature hindcast at 850 mb over 
the global domain from 1983 to 2003. (a), (b), (c), (d), and (e) are obtained from the MME hindcast of the BMA_average, 
the BMA_ex, the BMA_mem, the EQU_mod, and the EQU_mem methods, respectively. The verification data 
is the NCEP-R2 reanalysis. 
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Figure 1 shows the MSSS for the global winter temperature hindcast. Over the Maritime Continent, the MSSS is the highest in the MME of the BMA_average method, whereas it is the lowest in the MME of the EQU_mem method. Over the tropical Atlantic, the BMA methods have a higher MSSS than the equal weight methods. Over the tropical Pacific, the BMA methods show broader areas with a high MSSS than the equal weight methods. Over the North Pacific, the BMA_average method shows the largest area with an MSSS higher than 0.35 compared with the other MME methods. Over the Indian Ocean, the BMA methods generally outperform the equal weight methods, whereas the EQU_mod method may have broader areas with an MSSS higher than 0.15. Generally, the BMA methods have higher skills than the equal weight methods over the tropical areas but have lower skills over the extratropical areas than the equal weight methods. Over the global domain, the BMA_average method and the BMA_mem methods show many locations with an MSSS lower than −0.3, whereas the other three methods do not show an MSSS lower than −0.3. The BMA_mem method frequently shows discontinuities in areas with positive or negative skill. The EQU_mem method shows the largest areas with positive skills compared to the other methods. The EQU_mod method shows broader areas with an MSSS higher than 0.35 over the tropical areas than the EQU_mem method. Over the tropical areas (-15S to 15N), the overall MSSSs (see definition in section 2 ) are 0.348, 0.350, 0.293, 0.265, and 0.324 for the BMA_average, the BMA_ex, the BMA_mem, the EQU_mem, and the EQU_mod methods, respectively. Over the Nino3 region (-5S-5N, 90W-150W), the overall MSSSs are 0.704, 0.720, 0.667, 0.593, and 0.637 for the BMA_average, the BMA_ex, the BMA_mem, the EQU_mem, and the EQU_mod methods, respectively.
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Figure 2     Correlation component of the decomposed MSSS of one-month lead DJF temperature hindcast 
at 850 mb over the global domain from 1983 to 2003. (a), (b), (c), (d), and (e) are obtained from the MME 
hindcast of the BMA_average, the BMA_ex, the BMA_mem, the EQU_mod, and the EQU_mem methods, respectively. 
The verification data is the NCEP-R2 reanalysis.
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Figure 3     Amplitude component of the decomposition of MSSS of one-month lead DJF temperature hindcast 
at 850 mb over the global domain from 1983 to 2003. (a), (b), (c), (d), and (e) are obtained from the MME 
hindcast of the BMA_average, the BMA_ex, the BMA_mem, the EQU_mod, and the EQU_mem methods, respectively. 
The verification data is the NCEP-R2 reanalysis.
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Figure 4     Overall bias component of the decomposed of MSSS of one-month lead DJF temperature hindcast 
at 850 mb over the global domain from 1983 to 2003. (a), (b), (c), (d), and (e) are obtained from the MME 
hindcast of the BMA_average, the BMA_ex, the BMA_mem, the EQU_mod, and the EQU_mem methods, respectively. 
The verification data is the NCEP-R2 reanalysis.
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Figure 2 shows the correlation component of the decomposed MSSS, which indicates the phase errors. Figure 3 shows the amplitude error indicated through the ratio of the forecast to observed variances. Figure 4 shows the overall bias error. All definitions can be found in Section 2. Combining these three figures, we found that the correlations are larger in the BMA_average and the BMA_ex methods than those of the other experiments over the Indian Ocean, the Maritime Continent, and the large part of the Tropical Pacific. Over the Atlantic, all the BMA methods show higher correlation than the equal weight methods. A higher correlation contributes to a larger positive skill in terms of the MSSS. Over the tropical areas, all the BMA methods show a larger amplitude than the equal weight methods. In particular, over North Pacific, the BMA_average and the BMA_mem methods show an amplitude larger than 0.5, whereas the other methods show a very low amplitude. Generally, all MMEs show an amplitude of less than 1 over most of the global area, except that the BMA methods show equivalent variances of verification data over some part of East Pacific. The hindcast fidelity is held when the amplitude tends to unity. Generally, the overall biases in the equal weight methods are lower than those in the BMA methods. The BMA methods show a larger spatial heterogeneity in the overall bias, which may be caused by the short validation period.The ACC is another verification method usually used in seasonal forecast. 
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Figure 5     Pearson (left) and robust (right) anomaly pattern correlation coefficients between hindcast and 
verification temperature at 850 mb for DJF over the global domain, the global land, the global ocean, the North 
Hemisphere, the South Hemisphere, the Nino3 region, and the tropics from thirteen individual models and 
five MME methods. The one-month lead DJF temperature hindcast was carried out from 1983 to 2003. The 
verification data is the temperature from the NCEP-R2.
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The ACC is shown in figure 5,  which measures the pattern similarity between the hindcast and the verification data.Globally, the equal weight methods outperform most of the other experiments except the hindcast of the NCEP model, which is from the same climate center of the verification data. Even though the BMA_average and the BMA_ex methods are worse than the equal weight methods, they are still better than most of the individual models. The BMA_mem method is the worst one among the MME methods, but it is still better than most of the individual models. In terms of the robust ACC, the BMA_average method is the best among the MME methods. All the MME methods are better than most of the individual models. Over the global land, the EQU_mem and the BMA_ex methods have almost the same skills. The equal weight methods, the BMA_average, and the BMA_ex methods are better than most of the individual models. As mentioned in the previous paragraph, the highest skill of the NCEP hindcast may be obtained from the similar background model of the NCEP-R2 reanalysis dataset. In terms of the robust ACC, the BMA_average and the BMA_ex methods are better than the equal weight methods. Except for the JMA and the NCEP models, the other individual models have less than half the skills of the above four MME methods. The BMA_mem method has comparable skill with most of the individual models. Over the global ocean, in terms of the Pearson ACC, the equal weight methods are the best among all the experiments. All the BMA methods are better than most of the individual models. In terms of the robust ACC, the BMA_average method is the best among the five MME methods. None of the MME methods is the best among all the experiments, whereas the BMA_average method is better than most of the individual models. The BMA_mem method is also slightly better than the EQU_mod method.Combining the cases of the global region, the global land, and the global ocean, for both the Pearson ACC and the robust ACC, generally the global hindcast difference for most of the experiments dominated by the different skills over the ocean region but the land region.
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Over the North Hemisphere, the equal weight methods produce the best hindcast in terms of the Pearson ACC among the five MME methods. The BMA methods do not have better skills than most of the individual models. On an average, the BMA methods have comparable skills to the individual models. In the robust ACC, the BMA_average method has the highest skill among the MME methods. The EQU_mod method is better than most of the individual models. Over the South Hemisphere, in terms of the Pearson ACC, the BMA_ex method shows the highest skill than the other MME methods and all the individual models. The BMA_average method and the EQU_mod method have comparable skills and both of them are better than the individual models. The EQU_mem method and the BMA_mem method are better than most of the individual models. In terms of the robust ACC, five individual models have higher skills than all the MME methods. The BMA_average and the BMA_ex methods are slightly better than the equal weight methods. All the MME methods have higher skills than the most of the individual models.Over the Nino3 region, all the Pearson ACCs of the equal weight methods are slightly better than the BMA_average and the BMA_ex methods. The EQU_mod method has the best skill among all the experiments. The BMA_average and the BMA_ex methods are better than most of the individual models. In terms of the robust ACC, the EQU_mod method is the best among all the experiments. The EQU_mem and the BMA_average methods are slightly worse than the EQU_mod method but better than most of the individual models. The BMA_ex method is also better than most of the individual models.Over the tropics, in terms of the Pearson ACC, the EQU_mod method shows the highest skill among all the experiments. The BMA_average and the BMA_ex methods are better than the EQU_mem method and most of the individual models except the JMA model. In terms of the robust ACC, the BMA_average method is the best among all the MME methods. However, none of the MME methods is the best among all the experiments. All the BMA methods are better than most of the individual models.
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Most of the experiments show high skills over the tropical region, which has a higher predictability than other regions.
5.2 Precipitation

The hindcast skill of precipitation in terms of the MSSS of different MME methods are also shown in figure 6. Over the Maritime Continent, the MSSS is the highest in the BMA_average method, and in general, the BMA methods have higher skills than the equal weight methods. Over the tropical Atlantic, the BMA_average method has the largest area with an MSSS higher than 0.35, whereas the EQU_mem method has the smallest area with such high skill. The BMA_average and the BMA_mem methods have relatively narrow areas with positive skills; however, the BMA_ex and the equal weight methods have larger areas around this high skill region. Over the tropical Pacific, the BMA methods show broader areas with an MSSS higher than 0.35 than the equal weight methods, especially over the eastern tropical Pacific where the equal weight methods only show a skill score little more than 0.35. However, similar to the tropical Atlantic, the equal weight methods have broader areas with positive skills than the BMA methods. Over the eastern Philippine Sea, the BMA_average method also has the highest MSSS than other methods. However, over the extratropical area, the equal weight methods have larger areas with a positive MSSS than the BMA methods. Except for the BMA_ex method, the spatial heterogeneity of the MSSS in the BMA_average and the BMA_mem methods is very high, which is probably caused by the short validation period. Over the tropical area from 90E to 0W between −10S and 10N, the overall MSSSs are 0.261, 0.269, 0.242, 0.200, and 0.254 for the BMA_average, the BMA_ex, the BMA_mem, the EQU_mem, and the EQU_mod methods, respectively. Over the Nino3 region (-5S–5N, 90W–150W), the overall MSSSs are 0.416, 0.433, 0.384, 0.270, and 0.318 for the BMA_average, the BMA_ex, the BMA_mem, the EQU_mem, and the EQU_mod methods, respectively.
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Figure 6     Mean squared skill score (MSSS) of one-month lead JJA precipitation hindcast over the global 
domain from 1983 to 2003. (a), (b), (c), (d), and (e) are obtained from the MME hindcast of the BMA_average, 
the BMA_ex, the BMA_mem, the EQU_mod, and the EQU_mem methods, respectively. The verification data 
is CMAP data.
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Figure 7     Correlation component of the decomposed MSSS of one-month lead JJA precipitation hindcast 
over the global domain from 1983 to 2003. (a), (b), (c), (d), and (e) are obtained from the MME hindcast of 
the BMA_average, the BMA_ex, the BMA_mem, the EQU_mod, and the EQU_mem methods, respectively. The 
verification data is CMAP data.
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Figure 8     Amplitude component of the decomposed MSSS of one-month lead JJA precipitation hindcast 
over the global domain from 1983 to 2003. (a), (b), (c), (d), and (e) are obtained from the MME hindcast of 
the BMA_average, the BMA_ex, the BMA_mem, the EQU_mod, and the EQU_mem methods, respectively. The 
verification is data CMAP data. 
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Figure 9     Overall bias component of the decomposed MSSS of one–month lead JJA precipitation hindcast 
over the global domain from 1983 to 2003. (a), (b), (c), (d), and (e) are obtained from the MME hindcast of 
the BMA_average, the BMA_ex, the BMA_mem, the EQU_mod, and the EQU_mem methods, respectively. The 
verification data is CMAP data.
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Figure 7 shows the correlation component of the decomposition of the MSSS, which indicates the phase errors. Figure 8 shows the amplitude error indicated through the ratio of the forecast to verification variances. Figure 9 shows the overall bias error. Combining these three figures, we found that the correlations are larger in the BMA_average and the BMA_ex methods than those in the other experiments over the tropical Pacific, especially over the eastern tropical Pacific, compared to the equal weight methods, which almost only have low correlation in this region. Over the extratropicals, the equal weight methods only have slightly larger areas with positive skill than the BMA methods. A high correlation contributes to the positive skill in terms of the MSSS.Over the tropical Pacific and the tropical Atlantic, the BMA methods show a larger amplitude than the equal weight methods. The equal weight methods only have a small amplitude over almost the global domain. The hindcast fidelity is held when the amplitude tends to unity.Generally, the overall biases in the equal weight methods are lower than those in the BMA methods. The BMA methods, especially the BMA_average and the BMA_mem methods, show a large spatial heterogeneity in the overall bias, which may be caused by the short validation period. The equal weight methods only show large overall biases over the Maritime Continent, the tropical Pacific, and the northern west tropical Pacific.
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Figure 10     Pearson (left) and robust (right) anomaly pattern correlation coefficient between hindcast and 
verification precipitation for JJA over the global domain, the global land, the global ocean, the North Hemisphere, 
the South Hemisphere, the Nino3 region, and Tropics from fourteen individual models and five MME methods. 
The one-month lead JJA precipitation hindcast was carried out from 1983 to 2003. The verification data is the 
CMAP seasonal precipitation.
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The ACC is shown in figure 10, which measures the pattern similarity between hindcast and verification data.Globally, the EQU_mod method has the highest skill in terms of the Pearson ACC and the EQU_mem method is slightly worse than the EQU_mod method. The BMA_ex and the BMA_average methods follow the equal weight methods in terms of the Pearson ACC. All the four MME methods outperform the individual models. However, in terms of the robust ACC, the BMA_average and the BMA_ex methods have the highest skills, almost double that of the equal weight methods. All the BMA methods are superior to the equal weight methods. In terms of individual models, the JMA, NCEP, and SINT are the best three models in this case. Over the global land, both the equal weight methods show the highest Pearson ACC than the BMA methods and the individual models. The BMA_average and the BMA_ex methods have comparable skills to each other. Both the BMA_average and the BMA_ex methods are also superior to the individual models. However, in terms of the robust ACC, even though the BMA_average and the EQU_mod methods are better than most of the individual models, none of the MME methods is the best. The BMA_average method is still better than the equal weight methods in terms of the robust ACC. However compared with the global case, both the Pearson and the robust ACC increased, which is probably because reliable gauge data was used over land in the verification precipitation.Over the global ocean, in terms of the Pearson ACC, the equal weight methods are still the best compared with the BMA methods and the individual models. The BMA_ex method is also better than all the individual models. The BMA_average method is better than most of the individual models. In terms of the robust ACC, both the BMA_average and the BMA_ex methods are superior to the other MME methods and the individual models by a large extent.Combining the cases of the global region, the global land, and the global ocean, in terms of the robust ACC, most of the difference in the global skills between the BMA methods and the equal weight methods arise from the ocean region.Over the North Hemisphere, both the equal weight methods show the highest 
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Pearson ACC than the BMA methods and the individual models. The BMA_average and the BMA_ex methods have comparable skills to each other. All the BMA methods are superior to most of the individual models. However, in terms of the robust ACC, even though the BMA_average and the BMA_mem methods are better than most of the individual models, none of the MME methods is the best. All the BMA methods are much better than the equal weight methods.Over the South Hemisphere, in terms of the Pearson ACC, the equal weight methods are still the best compared with the BMA methods and the individual models. The skills of the BMA_average, the BMA_ex, and even the BMA_mem methods are still better than most of the individual models. In terms of the robust ACC, both the BMA_average and the BMA_ex methods are superior to the other MME methods and the individual models by a large extent. Although, the equal weight methods are worse than the BMA_average and the BMA_ex methods, they still outperform most of the individual models. Over the Nino3 region (-5S–5N, 90W–150W), the BMA_average and the BMA_ex methods are better than the equal weight methods. All the MME methods outperform most of the individual models. In terms of the robust ACC, all the BMA methods have high skills close to 0.6, which are better than both the equal weight methods and the individual models. Over the tropics, the equal weight methods are better than the BMA methods in terms of the Pearson ACC. The BMA_average and the BMA_ex methods are better than all the individual models. The BMA_mem method is better than most of the individual models. In terms of the robust ACC, all the BMA methods are better than the equal weight methods. However, none of the MME methods is the best.
6. CONCLUSION

In order to obtain the optimal weights for combining different model outputs in seasonal forecasts, Bayesian model averaging (BMA) was applied to the multimodel hindcast datasets at the Asia–Pacific Economic Cooperation (APEC) Climate Center 
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(APCC). The weights were estimated according to the performance of individual members in simulating the given training data. In this study, we used the model anomalies to eliminate the climatological model biases (i.e., systematic errors in the climatology or mean bias of the forecast). For each individual model, the anomalies were estimated as departures from their climatology over the training period in a one-year out cross-validation manner (Wilks 1995).Over the Maritime Continent and the tropical Atlantic, one or more BMA methods showed the highest MSSS. Over the tropical Pacific and North Pacific, the BMA methods showed broader areas with a higher MSSS than the equal weight methods. Over the Indian Ocean, the BMA methods generally outperform the equal weight methods, whereas the EQU_mod method may have broader areas with positive skills. Generally, the BMA methods had higher skills over the tropical areas, especially in the Nino3 region, but had lower skills over the extratropical areas than the equal weight methods. Generally, the MSSS of the BMA methods showed high spatial heterogeneity.The decomposition of the MSSS provided more information in detail. Over the Indian Ocean, the Maritime Continent, the large part of Tropical Pacific, and the Atlantic, the BMA methods generally showed a higher correlation with the verification data, which contributed to the larger positive skill for the MSSS. The BMA methods generally showed a larger amplitude than the equal weight methods over the Tropicals and North Pacific, and even showed equivalent variances of the verification data over some part of East Pacific. The hindcast fidelity was held when the amplitude tended to unity. Generally, the overall biases in the equal weight methods were lower than those in the BMA methods. For the anomaly pattern correlation coefficient (ACC), over different regions such as the global domain, the global land, the global ocean, the North Hemisphere, and the tropics, the equal weight methods were better than the BMA methods in terms of the Pearson ACC, and one or more BMA methods were better than most of the individual models. In terms of the robust ACC, one or more BMA methods were the best among the MME methods. Over the South Hemisphere, one of the BMA methods was the best in terms of the Pearson ACC. Further, none of the MME methods is the best in terms of the robust ACC. Over the Nino3 region, for both the Pearson 
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and the robust ACCs, the equal weight methods are slightly better than the BMA methods. Generally, the global hindcast difference for most of the experiments was dominated by the skills over the ocean region but the land region. The model JMA was generally better than the individual models and sometimes even better than the MME methods. In some cases, the NCEP model showed the highest skill, which may be attributed to the similarity of the model background with the verification data.For precipitation, over the Maritime Continent, the BMA_average method had the best skill in the MSSS, and the BMA methods are generally better than most of the individual models. Over the tropical Pacific and the tropical Atlantic, one or more BMA methods showed broader areas with a higher MSSS than the equal weight methods, whereas globally, the equal weight methods generally had broader areas with positive skills than the BMA methods.For the decomposition, over the tropical Pacific, one or more BMA methods showed larger correlations with the verification data than the equal weight methods, whereas the equal weight methods had slightly broader areas with positive skill than the BMA methods over the extratropicals. A higher correlation contributed to a positive larger skill to the MSSS. Over the tropical Pacific and the tropical Atlantic, the BMA methods showed a larger amplitude than the equal weight methods. The hindcast fidelity was held when the amplitude tended to unity. Generally, the overall biases in the equal weight methods were lower than those in the BMA methods. The equal weight methods only show large overall biases over the Maritime Continent, the tropical Pacific, and the northern west tropical Pacific.Over the global domain, the global ocean, the South Hemisphere, and the tropics, the equal weight methods are the best in terms of the Pearson ACC, whereas one or more BMA methods are the best in terms of the robust ACC. Over the global land and the North Hemisphere, the equal weight methods are the best in terms of the Pearson ACC, whereas one BMA method is better than the equal weight methods in terms of the Pearson ACC. Over the Nino3 region, one or more BMA methods are better than the equal weight methods in terms of both the ACCs.
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7. DISCUSSION

As is well known, the ensemble climate prediction of global models from different centers yields better results than any individual prediction (e.g., Kalnay and Ham 1989; Krishnamurti et al. 1999; Shukla et al. 2000; Wang et al. 2004) because the MME represents the uncertainties not only in the initial conditions but also in the models. Recently, the BMA MME method is popularly used in weather and hydrologic forecasting. The aim of this study is to investigate the superiority and shortcoming of the BMA MME method in seasonal forecast with the APCC datasets. The hindcast of the equal weight methods and the BMA methods are verified based on the MSSS and ACC.In terms of the ACC, generally, for most of the experiments, the scale of the robust ACC and the Pearson ACC of temperature are comparable, whereas there is a big difference between the two ACCs of precipitation, implying that outliers are favorably produced in precipitation forecast. Thus, the numerous outliers in the original hindcast generally reduce skill in the robust ACC instead of in the Pearson ACC. The robust ACC shows the correlated relationships for the major amount of points between hindcast and verification data. However, for precipitation in the Nino3 region, the relatively small difference between these two ACCs in the BMA methods indicates that the BMA methods produce much less outliers  than the equal weight methods. The major difference in the robust ACC between the BMA methods and the equal weight methods arises from the ocean region instead of land. The availability of hindcast datasets from individual models is limited, and hence, only 21-year data is used in the BMA methods. In the BMA method, the weights are estimated according to the performance of individual members in simulating the given training data. However, if the training period is short, the weights may only make the cost function become the local minimum. Thus, the weights may not be the optimal results in practice, which is indicated from the large spatial heterogeneity of the skill in the BMA methods.The cross-validated pointwise BMA algorithm requires huge computational resources, which limits our experiment to just two variables. The rigorous test of 
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the new MME method should be carried out for different lead times, different seasons, and as for as many variables. One individual model may be better than the BMA methods in some cases, whereas the BMA methods show superiority throughout all cases because the best individual model in one case may be not the best in another case.Our study shows that the seasonal forecast skills is strongly dependent on the verification matrix. A good seasonal forecast in one measurement may not necessarily be good in another standard. The robust ACC may be another option for reviewing the seasonal forecast.
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