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APEC climate center multi-model 
ensemble dataset for seasonal 
climate prediction
Yoo-Bin Yhang    ✉, Chang-Mook Lim & Daeun Jeong

The multi-model ensemble (MME) technique is useful for obtaining reliable climate information. 
The Asia-Pacific Economic Cooperation Climate Center (APCC) has provided well-constructed MME 
data and individual model data included in the MME. This study examines the prediction skill of the 
APCC MME, focusing on 2-m temperature, precipitation, and sea surface temperature. For the overall 
evaluation of the APCC MME, the hindcast skill was assessed for the period of 1991–2010 for four sets 
of APCC MME representing the operational model suites from 2019 to 2022. The forecast skill was 
also evaluated to demonstrate actual predictability from 2019 to 2022. Hindcast validation showed a 
modest improvement, indicating continuous enhancement. In addition, it was demonstrated that the 
forecast skill was consistently maintained. These seasonal forecast data can provide valuable insights 
for decision-making across various sectors, helping mitigate risks and optimize resource management.

Background & Summary
The Asia-Pacific Economic Cooperation Climate Center (APCC) has provided high-quality climate information 
and data since 2007. The APCC seasonal forecast is based on multi-model ensemble (MME) prediction and 
disseminated to APEC members every month. Currently, 15 operational centers and research institutes from 11 
countries participate in the APCC MME, routinely providing predictions of global forecast fields (https://www.
apcc21.org/prediction/global/outlook).

The MME technique has become a well‐established method for improving forecast skill beyond that of a sin-
gle model, as model diversity compensates for the uncertainties in individual models1–4. This skill improvement 
has been demonstrated in various studies using several MME data such as the APCC5–7, the Copernicus Climate 
Change Service (C3S), the North American Multi‐Model Ensemble (NMME)8, and the World Meteorological 
Organization (WMO) Lead Centre for Long-Range Forecast Multi-Model Ensemble (LC‐LRFMME)9. Alessandri  
et al.10 assess all potential combinations of 16 seasonal prediction models from two MMEs and confirmed that 
the skill tends to increase due to the independence of the constituent models11.

Seasonal forecasts of atmospheric variables, such as near-surface temperature and precipitation, are useful 
in different socioeconomic sectors and risk situation, including hydropower and wind energy production12,13, 
management of water resource14, fire risk, agriculture, and hazardous weather which can cause serious eco-
nomic damage15. In all these cases, early and reliable climate information can be a prerequisite for providing 
well-defined economic value16. As the first step toward this, the predictability of key climate variables (e.g., 
temperature and precipitation) needs to be validated.

Previous assessments of the APCC MME demonstrated skills for deterministic and probabilistic MME in 
terms of hindcast and real-time forecast6,7. However, the number of participating models has increased and 
many models have been upgraded or replaced in the recent years. Therefore, it is necessary to introduce the 
current composition of the APCC MME and verify its predictability. This study aims to examine the overall 
performance of the APCC MME through hindcast validation, and to provide users more direct information 
by validating the real-time forecast data used in actual forecasts. Quantifying forecast quality allows users to 
become aware of the current limitation in seasonal forecasting across various parts of the world and allows fore-
cast producer to recognize the limitations of their products.

In this study, we investigated the changes in the hindcast skills of the APCC MME in four recent sets for the 
period 1991–2010. We assessed the relative prediction skill for the seasonal mean of 2-m temperature, precipi-
tation at 1-month lead, and sea surface temperature at 1-month and 4-month lead. The verification of hindcasts 
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can provide general knowledge on the skill of the prediction system, which progressed in the last few years. 
However, diagnoses of hindcasts may not be consistent with the skill of operational real-time forecasts due to 
several reasons (e.g., different configurations, periods of forecasts), which have strong effects on the seasonal 
forecast skill17–20. Therefore, both the skills of real-time forecast and hindcast were analysed for 2-m tempera-
ture, precipitation, and sea surface temperature from 2019 to 2022.

The skill of the APCC MME varies depending on the region and season. The prediction skill in terms of 
correlation is higher in the tropics and boreal winter than in the extratropic and boreal summer for both tem-
perature and precipitation because the El-Niño-Southern Oscillation (ENSO) variability was one of the main 
sources of predictability. The skill improvement achieved by the MME technique is higher for precipitation than 
for temperature, which could be explained by the higher independence of individual model errors in precipita-
tion forecasts.

Despite continuous advancements in climate models, the predictability in mid- and high-latitudes is still 
challenging due to high atmospheric variability and less impact of strong predictability sources (e.g., ENSO). 
Nevertheless, the MME approach in seasonal forecasting is a great step forward as compared with a single-model 
one. For regions with appropriate predictability, the use of MME forecasts provides a more reliable basis for 
decision-making than single-model forecasts, and the advantage of MME approach is clear for these regions. 
Meanwhile, for regions with low predictability, MME forecasts prevent us from making adverse decisions, which 
is a definite advantage; however, support for correct decisions based on them is relatively limited.

This study demonstrates that the APCC MME can provide important seasonal prediction information 
regardless of whether the region has high or low predictability. These results are expected to be useful for other 
regions not mentioned in this study. In addition, other combinations of different models are expected to provide 
more useful information than the use of a single model.

Methods
Multi-model ensemble.  The APCC issues monthly-mean and 3-month mean (seasonal) MME forecasts 
with a 1-month and 4-month lead time every month. The “1-month lead” seasonal forecast means the forecast 
for the first 3‐month‐average following the initialization month. For example, the 1-month lead forecast from 
January is February–April (FMA). The 4-month lead forecast from January is for the target period of May–July 
(MJJ). The APCC MME predictions are based on outputs from climate prediction models from 15 operational 
centers and research institutes (Table 1). Noted that the set of models participating in real-time MME forecasts 
may slightly vary from one forecast to another according to the operational situation at the time of issuing the 
given forecast. Generally, the MME skills increase as the number of models increases because the reduction of 
systematic and random errors is more effective. Therefore, fluctuations in the number of participating models 
can be a potential issue in obtaining reliable predictions. Typically, the skill of the MME improves rapidly with 
the addition of the first few models, often reaching a significant portion of the maximum potential skill with 
approximately 5–10 models. Beyond approximately 10–15 models, the rate of improvement in skills tends to 
diminish, indicating skill saturation21,22. The number of participating models in the APCC MME has remained 
at approximately 10 or more over the past four years, which is considered sufficient to maintain the reliability of 
the prediction. This consistency ensures the robustness and accuracy of the ensemble predictions. Individual 
model configurations may also change over time because of the implementation of new versions of the model. 
The history of the individual models is reported on the APCC website (https://apcc21.org/prediction/global/
model?lang=en).

The model data were interpolated to a common resolution of a 2.5° × 2.5° grid and used for multi-model 
combination. The ensemble mean anomalies of the individual models were calculated by subtracting the model’s 
own climatology during 1991–2010 to correct each model’s systematic error in the mean. This method, which 
is used to produce real‐time deterministic APCC MME predictions, does not correct systematic errors in the 
variances or other moments.
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The APCC MME adopts a simple composite of the ensemble mean anomalies from each model as the official 
APCC seasonal prediction6.
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where F i′  is a model’s anomaly of the ith model at the forecast time t. Fi,t and Fi are the forecast and climatology 
of the ith model, respectively. N is the number of individual models involved. In this method, each of the N 
participating models has the same weight of 1/N at all grid points.

While this simple composite MME offers several advantages in terms of error reduction, robustness, and ease 
of implementation, it also has notable limitations such as bias retention, and the inability to account for quan-
tiles. To overcome this limitation, more complex methods for optimally combining the models and calibrations 
have been described22–25. Calibration requires long hindcast data sets to examine the model’s characteristics and 
a thorough assessment to select the areas and variables where calibration and/or combination are beneficial1. 
Therefore, a simple composite MME could be a practical way to enhance the predictive skill and manage com-
putational resources effectively.

Hindcast set.  In this study, four hindcast sets for four recent years were relatively compared. These four sets 
represent the most recent data that can be analyzed for the common hindcast period. H2019, which was active in 
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2019, included eight models: APCC, BOM, CWA, ECCC, JMA, NASA, NCEP, and PNU. H2020 consists of the 
APCC, BCC, BOM, CMCC, CWA, ECCC, HMC, JMA, KMA, NASA, NCEP, PNU, and UKMO, which were used 
in 2020. H2021, active in 2021, has 14 models: APCC, BCC, BOM, CMCC, CWA, ECCC, HMC, JMA, KMA, 
METFR, NASA, NCEP, PNU, and UKMO. The most recent set, H2022, includes the same models as H2021 except 
for individual model’s version. The predictabilities for four recent hindcast sets were evaluated for the period of 
1991–2010.

Real-time forecast set.  The same models included in each hindcast set were used for the real-time forecast. 
The skill of real-time forecast was verified from 2019 to 2022.

Verification metrics.  The latitude‐weighted area‐aggregated anomaly pattern correlation coefficient (ACC) 
is used as a measure of prediction skill for this analysis26,27. The anomaly correlation describes the strength of 
the linear relationship between the predicted and observed anomalies, and is widely used in seasonal prediction 
verification. The ACC can be calculated as:
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where M is the prediction, and O is the observation. Anomalies are calculated by subtracting climatology M  and 
O , and weighted by latitude as multiplying the weighting factor of × π( )latitudecos

180
. An ACC value of 1 indi-

cates a perfect association of forecast anomalies with actual anomalies, and 0 refers to random forecasts. For the 
convenience of comparison, we also calculated the time-averaged anomaly pattern correlation coefficient over 
the globe and its subregions.

Temporal relationship is measured using the Pearson correlation coefficient. The Pearson correlation coef-
ficient is the most common method used to measure linear correlations. It is a number between −1 and 1 that 
measures the strength and direction of the relationship between two variables. If the temporal correlation coef-
ficient (TCC) is −1, it indicates a strong negative relationship, while correlation coefficient of 1 implies a strong 
positive relationship.

Because the correlation coefficients are not sensitive to bias, they do not guarantee accuracy in terms of their 
values. Therefore, the root mean square error (RMSE) was used to measure average of error. It represents the 
square root of the average of the squared difference between the predicted and observed values. The RMSE puts 
greater influence on large errors than on smaller errors, which may be useful if large errors are especially unde-
sirable, but may also encourage conservative forecast. The RMSE can be calculated as

Organization, Country System Years active

APEC Climate Center (APCC), Korea SCoPS39 2017-present

Beijing Climate Center (BCC), China CSM1.1m40 2016-present

Bureau of Meteorology (BOM), Australia ACCESS-S1
ACCESS-S241

2019–2021
2022-present

Centro Euro-Mediterraneo sui Cambiamenti (CMCC), Italy CMCC-SPS3
CMCC-SPS3.542

2020
2021-present

Central Weather Administration (CWA), Chinese Taipei GFST119L40
TCWB1Tv1.143

2017–2020
2020-present

Environment and Climate Change Canada (ECCC), Canada
CanSIPS
CanSIPSv2
CanSIPSv2.144

2015–2019
2019–2021
2022-present

Hydrometeorological Research Center for Russia (HMC), Russia SL-AV45 2012-present

Japan Meteorological Agency (JMA), Japan JMA/MRI-CPS2
JMA/MRI-CPS346

2015–2022
2022-present

Korea Meteorological Administration (KMA), Korea GloSea5GC2
GloSea6GC3.247

2016–2022
2022-present

Metero-France, France MF Sys7
MF Sys848

2021–2021
2021-present

Main Geophysical Observatory of Russia (MGO), Russia MGOAM-249 2006-present

National Aeronautics and Space Administration (NASA), USA GEOS-S2S-2.150 2018-present

National Center for Environmental Prediction (NCEP), USA CFSv251 2011-present

Pusan National University (PNU), Korea PNU CGCMv1.1
PNU CGCMv2.052

2010–2020
2020-present

United Kingdom Met Office (UKMO), UK GloSea5
GloSea653

2016–2021
2021-present

Table 1.  Participated models in APCC MME. The detailed information of models participating in APCC MME 
is found in https://apcc21.org/prediction/global/model?lang=en.
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where, M′ is the latitude-weighted anomaly of prediction, O′ is the latitude-weighted anomaly of observation, 
and N is the number of predictions. A low RMSE indicates that the forecasts are close to the observed values, 
indicating that model has high accuracy. On the other hand, high RMSE indicates that the forecasts deviate 
significantly from the actual value, indicating lower accuracy.

Data Records
The MME dataset presented in this paper is open access in the figshare28. The APCC MME and participating indi-
vidual model data are also available for public use on APCC CLimate Information toolKit (CLIK) web page (https://
cliks.apcc21.org). We provide 10 variables from 1991 to 2010 as hindcast and real-time forecast datasets since 2015. 
Seasonal forecast data are updated around the 15th of each month. Please note that the MME data are anomalies of 
monthly and seasonal means. On the other hand, individual model data are provided as real-time forecasts or hind-
casts, not anomalies. The data period and variables from the individual models depend on each model’s version. 
Some models cannot be redistributed through the APCC because of their security issues (e.g., JMA). All datasets 
are provided in NetCDF format.

Technical Validation
We verified the relative prediction skill of four recent sets of the APCC MME for seasonal average of 2-m tem-
perature (T2M), precipitation (PREC), and sea surface temperature (SST) at 1-month and 4-month leads. The 
variables selected for validation were one of the essential climate variables in atmosphere and ocean specified 
by the global climate observing system (GCOS; https://gcos.wmo.int/en/essential-climate-variables/about). 
The essential climate variable datasets provide empirical evidence to support climate science and better predict 
future changes. They can be used to guide mitigation and adaptation measures, assess climate risks, attribute 
climatic events to their underlying causes, and support climate services.

Following the APCC’s official verification, the National Center for Environmental Prediction 
(NCEP)-Department of Energy (DOE) Reanalysis 2 data29 were used for temperature. Precipitation forecasts 
were verified using the Climate Anomaly Monitoring System and Outgoing longwave radiation Precipitation 
Index data (CAMS OPI30). For sea surface temperature, we used the optimum interpolation (OI) version 2 
monthly mean SST31, obtained from the Climate Diagnostics Center (CDC) of NOAA.

Hindcast.  Figures 1, 2 show the ACC of 2-m temperature and precipitation at 1-month lead. The ACC gener-
ally increases from H2019 to H2021 for both temperature and precipitation, but there are seasonal and regional 
variations. The skills of temperature and precipitation are relatively low in summer because the ENSO, the origin 
of seasonal predictability with global influence, has dissipated in summer5,32. This indicates that the predictability 
of 2-m temperature and precipitation is likely related to seasonality of the ENSO cycle: El Niño (La Niña) tends 
to warm (cool) the tropical atmosphere most predictably and strongly when it reaches maturity and afterward. 
Hindcast skill in H2022 was improved by 8.4% compared to H2019 in 2-m temperature and showed the highest 
score during autumn (ASO–NDJ). It is encouraging that there was an improvement of the hindcast skill in the 
season when the ACC was the lowest (MJJ, JJA). For precipitation, there was a little improvement in skill com-
pared to temperature. The skill score increased by 2.7% from H2019 to H2022. Increased skill was observed in 
late summer and autumn.

Domain-averaged ACCs were calculated for the subregions in Fig. 2. Definitions of the domains used for 
verification are provided on the APCC website (https://apcc21.org/prediction/global/foreveri?lang=en). The 
averaged value of ACC gradually increased from H2019 to H2022 in most subregions. Progress is distinct in 
the southern extratropic and the Middle East in terms of temperature, which means that the minimum value of 
the ACC has increased. In contrast, predictability near Australasia showed little improvement in H2022. Skill 
increases in precipitation occur predominantly in South America and the Middle East. The length of each bar 
represents the range of the prediction skill across the 12 seasons, which indicates the degree of variability in 
predictability. The seasonal variability in predictability was more pronounced for precipitation than for temper-
ature. In East Asia and Australasia, there was apparent variability in the predictability of precipitation. In East 
Asia, the median was lower than the mean, indicating that the ACCs were distributed toward the lower end of 
the bar. In contrast, in the case of Australasia, the median and mean values are similar or the median may slightly 
higher than the mean.

Despite continuous advancements in climate models, the predictabilities for mid- and high-latitudes are 
still quite poor33–35. Mid-latitudes are characterized by high atmospheric variability. While teleconnection pat-
terns, such as the ENSO, influence the mid-latitude climate, their impacts can be less direct, and more variable 
compared to those in tropical regions. In addition, mid-latitudes often interact with polar regions, where pre-
dictability is even more challenging due to factors such as sea ice variability and polar vortex dynamics. These 
interactions can further complicate seasonal predictions at mid-latitudes. Therefore, current climate models 
still have limitations in capturing the detailed processes and feedback mechanisms that are crucial for accurate 
predictions in mid-latitudes.

To illustrate the spatial distribution of prediction skills, the differences in temporal correlations between 
H2019 and H2022 at 1-month lead are shown in Fig. 3. For temperature, the predictability was improved in 
most regions except for northern China and southern part of South America. The global averaged TCC is 0.483 
in H2022, which is approximately 8% higher than the value of 0.447 in H2019. For precipitation prediction, the 
increase in predictability was not clear in H2022 compared to H2019 in terms of the global mean. The global 
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averaged TCC decreased slightly from 0.137 in H2019 to 0.134 in H2022. Improved skill was mainly observed 
in parts of Africa, Europe, and Asia, whereas correlations decreased in the North Pacific and South Pacific near 
Peru.

The difference in the temporal correlation of SST showed little change between H2019 and H2022 (Fig. 4). 
The skill score of SST in H2022 tends to be similar to that in H2019 or lower at 1-month lead, presumably because 
the predictability of some newly included models is relatively low as the hindcast period changes. Positive values 
are presented near the Antarctic, but a decline is also shown near 45°S. Improvement is prominent at 4-month 
lead. The global averaged TCC was 0.413 in H2022, which is approximately 6.7% higher than the value of 0.387 

Fig. 1  Anomaly correlation coefficients of 2-m temperature (top) and precipitation (bottom) at1-month lead. 
Annual mean anomaly correlations for each hindcast set are shown in parentheses.

Fig. 2  Anoamly correlation coefficients of 2-m temperature (top) and precipitation (bottom) for the regions. 
The length of the bar represents the range of the 12 seasons’ predictability. Dots inside the bars are mean of the 
12 seasons, and the horizontal lines are the median.
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in H2019. This indicates that predictability is maintained even with longer lead time in the recent hindcast set as 
the climate models are improved. However, negative values remained at approximately 45°S.

Because the correlation coefficients are not sensitive to bias, we examined the RMSE to investigate the errors 
in regions and seasons (Fig. 5). Generally, the RMSE values are larger in boreal winter than in boreal summer 
because of higher variability in winter in extratropical Northern Hemisphere land regions, particularly for the 
2-m temperature36. In contrast, the RMSE of precipitation was higher in the summer hemisphere owing to a 
greater variability in summer. Although the ACC increased from H2019 to H2022, the RMSE did not signifi-
cantly decrease. This indicates that MME is better at capturing the spatial and temporal patterns of deviation 
from the mean state, even if it does not precisely predict the exact values. However, the RMSE may remain high 
if there are substantial differences between the predicted and observed values, particularly in terms of intensity 
or exact amounts.

Figure 6 presents the skills of the individual models, averaged skill of participating models, and MME in each 
hindcast set. In the case of the 2-m temperature, the highest ACC of the individual model barely changed since 
H2020, but the lowest score increased. Therefore, the averaged skill of the individual models has been gradually 
improved and the range of scores has narrowed over time. The MME skill is generally proportional to the mean 
skill of the individual models. However, the relation between the averaged skill of single models and the MME 
skill is not linear, and MME skill is superior to the averaged skill of participated models. The effectiveness of the 
MME approach is mainly attributable to error cancellation and nonlinearity of the skill metrics applied2. The 
effectiveness of the MME technique, which is represented by the red box in Fig. 6, is estimated by the difference 
between the MME skill and the averaged skill of all models. The efficiency obtained from the MME is the largest 
in H2020 and has declined since H2020 as the averaged skill of the individual models increased. The range of 
prediction skills of the individual models is broader for precipitation. The difference between the averaged skill 

Fig. 3  Temporal correlation coefficient differences of 2-m temperature (top) and precipitation (bottom) 
between H2019 and H2022 at 1-month lead.
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of the individual models and the MME skill was distinct in precipitation compared to 2-m temperature. This 
indicates that the MME technique is more effective for precipitation than for temperature, mainly because of 
the mutual independence of the individual models’ precipitation forecasts or the independence of the individual 
models’ errors in precipitation forecasts5,37. In SST prediction, the ranges of skills from individual models remain 
from H2019 to H2022. Because the predictabilities of the models for SST were higher than those for temperature 
and precipitation, the efficiency of the MME was relatively low. However, the predictability of MME is gradually 
increasing.

Real-time forecast.  The skill of real-time forecasts has been evaluated relatively rarely in the literature. 
Meanwhile the assessment of hindcast is necessary to determine systematic errors in the prediction system, 
real-time operational forecasts provide skill information to the user community19.

To assess the predictability of real-time forecasts for SST, the seasonal NINO 3.4 index was analysed in Fig. 7. 
The NINO 3.4 index is the most commonly used index to define ENSO events by averaging the SST over the 
Pacific Ocean (5°S-5°N, 120°W-170°W). The ENSO is one of the most predictable climate modes and provides 
an important source of predictability for seasonal prediction owing to its worldwide effects. The APCC MME 
generally follows the trend of observation although it sometimes simulates the disagreement of timing or mag-
nitude with the observed peak. The correlation coefficients for the four years from 2019 to 2022 were 0.89 at 
1-month lead and 0.72 at 4-month lead.

Figure 8 shows the ACC of the 2-m temperature and precipitation for the seasonal mean from 2019 to 2022. 
The predictability of the real-time MME fluctuates, but shows a reasonably good skill of 0.49 for temperature 
and 0.43 for precipitation on average. Forecast skill of seasonal precipitation is strongly related to the ENSO var-
iability because it is a reliable source of seasonal predictability. The correlation between the ACC of precipitation 

Fig. 4  Temporal correlation coefficient differences of SST between H2019 and H2022 at 1-month lead (top) and 
4-month lead (bottom).
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and amplitude of NINO 3.4 index was 0.72. The correlation between the amplitude of NINO 3.4 and the ACC of 
precipitation was higher than that for 2-m temperature regardless of seasons. This finding agrees with the results 
of Barnston et al.32 who demonstrated that the greatest impact of ENSO on the forecast skill of temperature 
occurs four months following the ENSO peak for both ENSO phases due to a delayed temperature response 
in both the tropics and extratropics38. Meanwhile, a simultaneous positive relationship between precipitation 
and both phases of ENSO was noted. This supports the notion that ENSO variability is likely the sole source of 
predictability of seasonal precipitation5,32.

Further analysis for the subregions is shown in Fig. 9. The averaged anomaly correlation for the 48 seasons 
and temporal correlation from 2019 to 2022 are represented on the X and Y axes. To represent the relative RMSE 
in the regions, the RMSE range for 2-m temperature and precipitation was divided into four categories, which 
are illustrated by the size of the circles. For the 2-m temperature, the correlations and RMSE generally have a 
linear relationship. For example, TCC and ACC are high and RMSE is low in the tropics, Australasia, and South 
Pacific (Aus + S. Pac). By contrast, in the regions with low correlations such as East Asia and Northern Eurasia, 
RMSE was also high. However, this positive linear relationship was not observed for precipitation. Regions with 
high correlations tended to have a high RMSE (e.g., S. Asia, tropics), while regions with low correlations tended 

Fig. 5  Root mean square errors of 2-m temperature (top) and precipitation (bottom) for the regions. Each 
square is divided into four triangles, and each triangular section represents a hindcast set.
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Fig. 6  Annual mean anomaly correlation coefficients of 2-m temperature (top), precipitation (center), and sea 
surface temperature (bottom). Yellow bar is the ACC mean of individual models and gray dots are ACCs of each 
model. Red bars indicate the effectiveness of the MME technique for each hindcast set.

Fig. 7  Seasonal NINO 3.4 index from 2019 to 2022. Black solid line is observation, orange is the MME 
at 1-month lead, and green is the MME at 4-month lead. Values in parentheses are temporal correlation 
coefficients with observation during 2019-2022.
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Fig. 8  Forecast skill of 2-m temperature (red) and precipitation (blue) from 2019 to 2022. Amplitude of NINO 
3.4 index is represented in skyblue. Values in parentheses are averaged ACCs during 2019-2022. Temporal 
correlation coefficient between amplitude of NINO 3.4 and 2-m temperature (precipitation) is 0.42 (0.72).

Fig. 9  Diagram of 2-m temperature (top) and precipitation (bottom) for the regions from 2019 to 2022. The X 
axis is anomaly correlation coefficients. The Y axis is temporal correlation coefficients. Sizes of circles indicate 
magnitude of RMSE. Each color represents a region.
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to have low RMSE values (e.g., N. Eurasia). Because the RMSE is a metric influenced by the difference from 
observed values, regions such as Northern Eurasia where annual precipitation is small, may have a low RMSE; 
however, the correlation can be low if the MME does not capture the relative variations and patterns.

Code availability
The MME data were produced using the NCL (version 6.5.0) code by applying Eqs. (1, 2). The code files used to 
produce the anomalies of the individual models and the MME are available at https://github.com/ybyhang/MME. 
The codes used to verify predictability consisted of NCL scripts.
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