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Abstract  

Climate change adaptation and relevant policy-making need reliable projections 

of future climate. Methods based on multi-model ensemble are generally considered as 

the most efficient way to achieve the goal. However, their efficiency varies and inter-

comparison is a challenging task, as they use a variety of target variables, geographic 

regions, time periods, or model pools. Here, we construct and use a consistent 

framework to evaluate the performance of five ensemble-processing methods, i.e., 

multi-model ensemble mean (MME), rank-based weighting (RANK), reliability 

ensemble averaging (REA), climate model weighting by independence and 

performance (ClimWIP), and Bayesian model averaging (BMA). We investigate the 

annual mean temperature (Tav) and total precipitation (Prcptot) changes (relative to 

1995–2014) over China and its seven subregions at 1.5 and 2 °C warming levels 

(relative to pre-industrial). All ensemble-processing methods perform better than MME, 

and achieve generally consistent results in terms of median values. But they show 

different results in terms of inter-model spread, served as a measure of uncertainty, and 

signal-to-noise ratio (SNR). ClimWIP is the most optimal method with its good 

performance in simulating current climate and in providing credible future projections. 

The uncertainty, measured by the range of 10th–90th percentiles, is reduced by about 

30% for Tav, and 15% for Prcptot in China, with a certain variation among subregions. 

Based on ClimWIP, and averaged over whole China under 1.5/2 °C global warming 

levels, Tav increases by about 1.1/1.8 °C (relative to 1995–2014), while Prcptot 

increases by about 5.4/11.2%, respectively. Reliability of projections is found 

dependent on investigated regions and indices. The projection for Tav is credible across 

all regions, as its SNR is generally larger than 2, while the SNR is lower than 1 for 

Prcptot over most regions under 1.5 °C warming. The largest warming is found in 
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northeastern China, with increase of 1.3 (0.6–1.7)/2.0 (1.4–2.6) °C (ensemble’s median 

and range of the 10th-90th percentiles) under 1.5/2 °C warming, followed by northern 

and northwestern China. The smallest but the most robust warming is in southwestern 

China, with values exceeding 0.9 (0.6–1.1)/1.5 (1.1–1.7) °C. The most robust projection 

and largest increase is achieved in northwestern China for Prcptot, with increase of 9.1 

(–1.6–24.7)/17.9 (0.5–36.4)% under 1.5/2 °C warming. Followed by northern China, 

where the increase is 6.0 (–2.6–17.8)/11.8 (2.4–25.1)%, respectively. The precipitation 

projection is of large uncertainty in southwestern China, even with uncertain sign of 

variation. For the additional half-degree warming, Tav increases more than 0.5 °C 

throughout China. Almost all regions witness an increase of Prcptot, with the largest 

increase in northwestern China.  

 

Keywords: Multi-model ensemble simulation; Ensemble-processing strategy; Global 

warming targets; Climate projection uncertainty assessment; Regional climate change 

in China 

 

1. Introduction 

Global mean surface temperature (GMST) in the first two decades of the 21st 

century (2001-2020) was 0.99 (0.84 to 1.10) °C higher than 1850–1900 (IPCC, 2021). 

Global warming exacerbates the threat of climate change to natural ecosystem and 

human societies. China with its vast territory is sensitive and vulnerable to climate 

change. Disasters related to meteorological and climatic events cause huge socio-

economic losses each year (Blue Book on Climate Change in China (2021), 2021). 

Scientific projections and reliable information about future climate changes in China 

are crucial for assessing impacts, identifying risks, and making adaptation policies. 

Global climate models (GCMs) are important tools for understanding the climate 

system, reproducing its past evolution, predicting and projecting its future changes. The 

Coupled Model Intercomparison Project phase 6 (CMIP6) is the last great effort of the 

international community for climate modelling. Compared with its previous phases, 

CMIP6 models have higher spatial resolution and more complete physical and 

biogeochemical processes (Zhou et al., 2019). 

With a variety of numerical formulations and physical parameterization schemes, 

GCMs provide a range of climate change projections, implying that climate projection 

is inevitably accompanied by uncertainties (Knutti et al., 2013, Hidalgo and Alfaro, 

2015). The multi-model ensemble approach is useful to explore the advantage of the 

ensemble and to avoid the weakness of individual models, and ultimately to better 

reduce uncertainty and improve reliability. The arithmetic mean is the simplest and 

mostly-used method to deal with a multi-model ensemble (Knutti et al., 2010, Zhou et 

al., 2014; Sanderson et al., 2015; Li et al., 2018; Zhu et al., 2020; IPCC, 2021). However, 

it has been noted that poorly selected models can degrade the overall skill of climate 

projections (Murphy et al., 2004). Thus, more sophisticated methods have been 

developed to address the challenge of combining multi-model ensemble projections 

(Giorgi and Mearns, 2002, 2003; Xu et al., 2010; Chen et al., 2011; Tan et al., 2016; 
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Knutti et al., 2017; Li et al., 2021a). Such methods often include the assumption that a 

model’s ability to simulate past climates could be an indicator of its ability to simulate 

future climates (Smith and Chandler, 2010). 

For the Chinese region, numerous attempts based on multi-model ensemble were 

reported in the literatures. For example, Zhou et al. (2014) using 24 CMIP5 models to 

project total precipitation changes over China, showed that the rainfall would increase 

by 8% and 14%, relative to 1986–2005, by the end of the 21st century under the 

Representative Concentration Pathway 4.5 and 8.5 (RCP4.5 and RCP8.5) scenarios. 

However, based on an optimal model ensemble applied to CMIP6 models, the increase 

(relative to 1995–2014) in annual precipitation in China by the end of the 21st century 

reaches 24% and 45% under the Shared Socioeconomic Pathway 2/4.5 and 5/8.5 (SSP2-

4.5 and SSP5-8.5) scenarios (Yang et al., 2021). Li et al. (2021b) used an algorithm 

jointly considering model performance and independence, and found that the mean 

increase for heavy precipitation over China is by 17.5% and 26.6% for 1.5 and 2 °C 

global warming under RCP8.5.  

The magnitude of projected climate change in China is generally not consistent 

among different researches reported in the literature. Their different setups such as 

target variables, time periods, models and ensemble members included, and future 

scenarios (Zhou et al., 2014; Li et al., 2016; Li et al., 2021b; Yang et al., 2021), lead to 

confused situations, and make their inter-comparison almost impossible. In addition, 

differences of these results may be caused by the projection uncertainties, as they 

usually include very large ranges. Thus, a reliable projection of future change is much 

needed. Questions naturally arise regarding the constrained climate projections in 

China of different ensemble methods and the agreement and uncertainty of these 

methods, as well as the different response for geographic regions, which represents the 

motivation of this study. 

Here our work mainly develops a common experimental setup, with a common set 

of variables, spatial scales, time period, and model pools to provide a consistent and 

rigorous test-bed as far as possible. This common framework allows us to make an 

objective and fair evaluation of agreement and uncertainty across the five ensemble-

processing methods (i.e., multi-model ensemble mean, rank-based weighting method, 

reliability ensemble averaging, climate model weighting by independence and 

performance, and Bayesian model averaging) included in this paper. We focus on the 

recommended targets of 1.5 and 2 °C global warming levels, following the Paris 

Agreement (UNFCCC 2015). We also aim to achieve a more reliable projection for 

climate change in China and its subregions and to provide useful information for 

assessing impacts, identifying risks, and making adaptation decisions. 

 

2. Data and methods 

2.1 Observations and model datasets 

As a reference from observation, we use the high-resolution (0.25° × 0.25°) daily 

gridded dataset, CN05.1, providing daily temperature and precipitation. CN05.1 was 

provided by the National Climate Center of the China Meteorological Administration, 
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and elaborated with data from 2416 observation stations across China (Wu and Gao, 

2013). It covers the period from 1961 to the most recent day. For convenience, an 

interpolation of the high resolution CN05.1 to the 1-degree grid was applied to better 

match models. Simulations from 25 CMIP6 models (Table S1) are used in this study as 

primary information to elaborate different ensemble-processing schemes. For each 

model, the historical simulation and future scenario under high-emission pathway 

(SSP5-8.5) are used. SSP5-8.5 represents the combined scenario of a fossil-fueled 

growth pathway (i.e., SSP5) with strong radiative forcing which peaks at 8.5 W m−2 by 

2100 (O'Neill et al., 2016). Models cover the period 1850–2014 for historical and 2015–

2100 for future period. Only the first realization member was analyzed for each model 

to allow equity and fairness among models.  

Two climate indices are used in this work, i.e., the annual average temperature 

(Tav) and the annual total amount of precipitation (Prcptot). Climate indices from 

different models and observations were firstly calculated on their native grids. To 

facilitate the intercomparison, a bilinear interpolation scheme was used to interpolate 

all indices onto a common 1° × 1° grid. 

 

2.2 Multi-model ensemble-processing strategy 

Five ensemble-processing methods are involved in this study. The first one is the 

simple multi-model ensemble mean (MME). It is the easiest to realize and based on the 

intuitive idea that errors among models can be simply cancelled out when they are 

averaged together. Other four schemes are more-elaborated ones, with more or less 

physically-based criteria and different degrees of objectivity. They are the rank-based 

weighting method (RANK; Chen et al., 2011), reliability ensemble averaging (REA;  

Giorgi and Mearns, 2002, 2003; Zhu et al., 2022), climate model weighting by 

independence and performance (ClimWIP; Knutti et al., 2017; Li et al., 2021b), and 

Bayesian model averaging (BMA; Raftery et al., 2005; Tan et al., 2016), respectively.  

 

2.2.1 Rank-based weighting method 

The rank-based weighting method uses two evaluation metrics including the 

spatial pattern and interannual variability to quantify model capabilities. They are root-

mean-square error (RMSE) and interannual variability score (IVS). RMSE is defined 

as: 


=

−=
P

k

kk OM
P

m,o
1

2)(
1

)RMSE(
                                           

（1）
 

 

where Mk and Ok denote the model pattern of a climate variable under investigation and 

the observed counterpart, respectively; P indicates the number of spatial points. Smaller 

RMSE implies a better agreement between the model and observation. 

IVS is defined as: 
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where STDm and STDo denote the interannual standard deviation of model and 
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observation, respectively. IVS is firstly calculated at each grid point and then regionally 

averaged. Smaller IVS indicates better performance of the simulation.  

According to Chen et al. (2011), the performance indicator Ri of an individual 

model i can be obtained as a function of its ranking position among others, as described 

by: 
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（3） 

where Si is the rank of model i, which is a simple sum of its ranks for the two metrics; 

N indicates the number of models. Higher Ri indicates better model skill. The weight of 

model i (Wi) is then its normalized Ri, the sum of weights for all models being equal to 

1. 

  

2.2.2 Reliability ensemble averaging 

We upgraded the original reliability ensemble averaging method (Zhu et al., 2022), 

and the reliability factor Ri of our REA methods can be expressed as: 
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where the function f1 measures the model performance in reproducing the observed 

climatological state (geographic pattern). The functions f2 and f3 measure the model 

performance in reproducing the observed temporal (inter-annual) variability in terms of 

absolute and relative deviation, respectively. The latter is a ‘‘symmetric’’ statistic, 

ensuring that two models would have the same performance measure if their model-

over-observation ratio and observation-over-model ratio are equal (Jiang et al., 2015). 

The parameter ε is a measure of the natural variability, computed as the difference 

between maximum and minimum values of 20-year moving averages of the observed 

variables. The inter-annual variability of climate variables or indices is represented by 

the temporal standard deviation (STD). The value of the function f1/f2 is set to 1 when 

abs(Tm–To)/abs(STDm–STDo) is smaller than εT/εSTD. In other words, a climate model 

is considered to be reliable if its bias is within the natural variability. The parameters 

m1, m2 and m3 in Eq. 4 can be used to adjust each criterion. We set them to 1 in this 

research. Finally, the weight of model i (Wi) is normalized by its Ri. 

 

2.2.3 Climate model weighting by independence and performance 

Knutti et al. (2017) proposed a weighting scheme which considers both 

performance and independence of models. The single model weight (Wi) for model i is 

defined as: 
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where Di is the distance between model i and the observation, and Sij is the distance 
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between model i and model j, N is the total number of models. The distances Di and Sij 

is deduced from the average of two normalized measures, RMSE and IVS, as defined 

in section 2.2.1. σD and σS are skill and uniqueness parameters, respectively, which can 

be determined through a cross-validation procedure. A small σD puts important weights 

on only a few models, whereas a large σD would effectively make the ensemble 

converge to the situation of equity of all models (full democracy!). σS determines the 

typical distance by which a model would be considered similar to another. More details 

of the scheme can be found in Li et al. (2021b). 

 

2.2.4 Bayesian model averaging   

Bayesian model averaging (BMA) is a method that updates a prior distribution in 

light of new information provided by observations. The output of BMA is a weighted 

average of probability density functions (PDF) which are centred on the bias-corrected 

forecast. The BMA weights reflect the relative contributions of the component models 

to the prediction over the training samples and can be used to assess the usefulness of 

each ensemble member. In the case of a variable y to be forecasted on the basis of 

training data yobs using N models M1,…, MN, the forecast PDF p(y) can be given by 


=

=
N

1i

ii MpMpp )y|( )|(y(y) obs

                                       

（6）
 

where p(y|Mi) is the forecast PDF based on model i alone; p(Mi|yobs) is the posterior 

probability of model i being correct given the training data and indicates how well the 

model i represents the training data. The total sum of the posterior model probabilities 

is 1, that is 1)y|( obs = =

N

1i
iMp , and they can thus be treated as the weights of models. 

More detailed information on BMA can be referred to Tan et al. (2016). What calls for 

special attention is that the construction of BMA is based on the monthly scale in order 

to increase the sample size and make the model converge better, rather than the yearly 

scale (as in other methods). In other words, BMA further uses the metric considering 

the seasonal cycle of geophysical variables or indices to quantify model capabilities. To 

facilitate comparison with other methods, the results are projected to the annual scale 

(the annual average temperature and the annual total amount of precipitation). 

 

2.3 Time windows for 1.5 and 2 °C global warming thresholds 

The specific warming targets in this study are relative to the pre-industrial level, 

which is defined as 1861–1900 as in previous researches (Shi et al., 2018; Zhu et al., 

2021). In order to determine a relatively stable climatology, a 21-year moving average 

is firstly employed to smooth the time series of GMST. Specific thresholds are then 

defined as the first year when GMST reaches 1.5/2 °C above their pre-industrial level 

for individual models. A time window of 20 years, comprising 9 years before and 10 

years after the nominative year, is used to deduce the climate statistics. The difference 

of climate indices between the specific warming level and the reference period (1995–
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2014) is used to assess future changes of climate indices. It is to be noted that the 

observed global temperature in the reference period is about 0.8 °C warmer than the 

pre-industrial level (IPCC 2021), the 1.5 and 2 °C global warming targets (which are 

relative to pre-industrial, 1861–1900) imply a global warming level of 0.7 and 1.2 °C 

relative to the reference period (1995–2014), respectively. This note applies to the 

whole paper when the 1.5 and 2 °C warming targets are invoked. 

Table S2 shows the threshold crossing times (TCTs) of 1.5 and 2 °C global 

warming. It can be seen that there are large discrepancies in the TCTs among individual 

models. Some models (e.g., CanESM5, EC-Earth3-Veg and IPSL-CM6A-LR) cross the 

1.5 °C warming threshold as early as 2010s whereas some other models (e.g., GFDL-

ESM4, MIROC6 and NorESM2-LM) do not reach the mark until 2040s. This 

disagreement may be attributed to the mismatch in simulated and observed variability 

at decadal timescales (Schmidt et al., 2014), as well as differences in model climate 

sensitivity (Hu et al., 2017; Zhu et al., 2021). Models with higher transient climate 

response may reach the warming thresholds earlier than those with lower transient 

climate response (Hu et al., 2017).  

 

2.4 Strategies in processing multi-model ensemble 

Historical simulations, along with observation, are divided into calibration period 

1961–1994 (34 years) and validation period 1995–2014 (20 years). The validation 

period also serves as the reference for future projection. Once the calibration and 

validation accomplished, the five multi-model ensemble-processing methods are 

subsequently applied to future climate projection under 1.5 and 2 °C global warming 

targets.  

To explore the changing characteristics of climate indices in detail, we divided 

China into seven subregions, namely, northwestern China (NW, 36°–50°N, 74°–106°E), 

the Tibetan Plateau (TB, 28°–36°N, 78°–106°E), southwestern China (SW, 20°–28°N, 

95°–106°E), northeastern China (NE, 42°–55°N, 106°–134°E), northern China (NC, 

35°–42°N, 106°–126°E), Yangtze river basin (YR, 28°–35°N, 106°–123°E) and 

southeastern China (SE, 18°–28°N, 106°–120°E) (Figure 1).  

 

Figure 1 Domains and topography (shading, units: m) of seven subregions in China. 

 

2.5 Skill evaluation metrics 
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Taylor diagram and Taylor skill scores (TSS) (Taylor, 2001) are used to evaluate 

the overall skill in reproducing the spatial pattern of climate indices during the reference 

period. Taylor diagram provides a concise statistic summary of the degree of correlation 

(PCC; pattern correlation coefficient), centered root mean square error (RMSE), and 

the ratio of spatial standard deviation (RSD). A perfect simulation would be that with 

the centered RMSE equal to 0 and both PCC and RSD close to 1. The TSS is a combined 

measure and calculated as: 

  
2
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where Rm is the spatial correlation coefficient between the simulation and observation, 

R0 is the maximum correlation coefficient attainable (here we use 0.999). σm and σo are 

the standard deviations of the simulated and observed spatial patterns, respectively. The 

score equals 1 for a perfect match between the model and observation, and 0 for an 

inverse model performance. This skill score has been widely used in many previous 

researches (Zhu et al., 2020; Li et al., 2021a). 

As practiced in Li et al (2016), the signal-to-noise ratio (SNR) is used to 

quantitatively measure the robustness of the estimated results. The SNR in the ensemble 

methods can be calculated by the following equation: 

= i iiW TΔS                                                   （8） 

 −= i i iiii WW 2)TΔTΔ(N
                                   

（9） 

N

S
SNR =                                                       （10）

 

where ΔTi denotes the ith individual model simulation, and Wi is its weight. The signal 

(S) is the absolute value of the weighted projection. The noise (N) is the spreading 

among models, and is measured by the standard deviation. SNR > 1 implies the signal 

is greater than the noise, hence the projection is credible or reasonable to a certain extent. 

The larger the SNR is, the greater the confidence level becomes. 

 

3. Results 

3.1 Comparison of ensemble-processing methods 

In this section we compare the five methods and determine the best one by three 

aspects, evaluation of historical simulation, future climate projection uncertainty and 

robustness of results. The model spreading (based on the 25–75th and 10–90th 

percentiles) and the inter-model standard deviation (SD) are used to assess the 

uncertainty (inter-model spread) of climate changes. The signal-to-noise ratio (SNR) is 

used to quantitatively measure the robustness of future projection (Hawkins and Sutton, 

2011; Li et al., 2016; IPCC, 2021). 
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3.1.1 Simulation evaluation  

Taylor diagrams and TSS are used to evaluate the overall skills of multi-model 

ensemble methods in reproducing the spatial pattern of climate indices during the 

reference period (1995–2014) (Figure 2). The performance with MME (gray markers) 

is generally low. The PCC of annual mean temperature (Tav) deduced from MME is 

0.97, the centered RMSE is 0.25, the RSD is 1.05, and the TSS is 0.97. Total 

precipitation (Prcptot) from MME shows a mediocre performance, with PCC and TSS 

less than 0.86, the centered RMSE larger than 0.6. All other ensemble-processing 

methods show improvements compared to MME, with higher PCCs and TSSs, as well 

as smaller centered RMSEs. BMA shows the best performance, followed by ClimWIP. 

The best-performing BMA gives PCCs and TSSs superior to 0.99 for Tav and Prcptot. 

PCCs and TSSs for climate indices of ClimWIP are above 0.93. Overall, the results 

show that weighting schemes effectively enhance the capability of reproducing the 

spatial climate characteristics in China, and BMA has the best performance, with TSSs 

of Tav and Prcptot higher than 0.99, followed by ClimWIP, with their TSSs higher than 

0.93. 

 

Figure 2 Taylor diagram and Taylor skill scores of climate indices (annual surface air 

temperature Tav and annual total amount of precipitation Prcptot) in China during 1995–2014. 

 

3.1.2 Projection uncertainty and robustness  

Climate projection is inevitably accompanied by differences due to diverse model 

pools and ensemble methods, but the reliability of the projection can be evaluated by 

the level of consistency of the estimates for future climate change. Changes in areal-

mean temperature and relative precipitation over China between the reference (1995–

2014) and future mean states based on different methods are shown in this section. The 

projection of future climate for 1.5 and 2 °C global warming targets (relative to 

preindustrial) under the SSP5-8.5 emission scenario are analyzed. The median changes 

and model spreading (based on the 25–75th and 10–90th percentiles) for each method 

are given. 
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The projected changes in annual mean temperature over China under the 1.5 and 

2 °C warming targets are shown in Figure 3 and Figure S1. A notable feature is that the 

temperature is projected to increase across China, and the median estimates agree better 

among methods. When regionally averaged over China, relative to 1995–2014, the five 

methods project an increase between 1.1/1.8 and 1.2/1.9 °C under 1.5/2 °C warming, 

respectively. And the full range of the 10th and 90th percentiles for different methods 

are 0.6–1.5/1.3–2.3 °C (ClimWIP), 0.5–1.6/1.3–2.5 °C (BMA), 0.5–1.7/1.2–2.5 °C 

(RANK), 0.5–1.6/1.3–2.5 °C (REA), and 0.4–1.7/1.1–2.6 °C (MME), respectively. 

There is a reduction in the 10th–90th percentile ranges from about 10% (RANK) to 30% 

(ClimWIP), compared to MME. The greatest reduction is found in ClimWIP, exceeding 

30%. ClimWIP has the smallest standard deviation (SD), only 0.37/0.41 under 1.5/2 °C 

warming. However, compared with MME, most other methods show slightly weaker 

warming in a few regions (e.g., NW and TB). In TB, MME has an increase of 1.9 °C, 

while other constrained methods show a range from 1.7 °C (ClimWIP) to 1.8 °C (REA) 

under 2 °C global warming (Figure S1). Compared with MME, the spread (25th–75th 

and 10th–90th percentile ranges) of the other four ensemble-processing methods is 

generally reduced in most subregions, as well as the regionally averaged standard 

deviation. The largest reduction is found in ClimWIP, particularly in SW and SE, 

exceeding 50%. It indicates that ClimWIP performs best in the reduction of uncertainty 

(inter-model spread). 

 

Figure 3 Projected changes (relative to 1995–2014) in Tav over China and the seven subregions 

under 1.5 °C global warming under SSP5-8.5 scenario. The lighter boxes give the unconstrained 

distributions, the orange boxes give the constrained distributions. Boxes indicate the 
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interquartile model spread (25th and 75th quantiles) with the horizontal line indicating the 

ensemble median and the whiskers showing the 10th and 90th percentile values. A synthesis of 

all constrained multi-model distributions is shown on the rightmost side. The bars represent the 

10th, 50th, and 90th percentiles of the methods, and the shading indicates the full spread. 

 

To quantitatively evaluate the uncertainty (inter-modal deviation) and robustness 

of the temperature change from different methods. Figure 4 and Figure S2 show the 

regionally averaged standard deviation (SD) and signal-to-noise ratio (SNR) of China 

and its seven subregions based on different methods under 1.5 and 2 °C warming targets. 

Results show that the SNR (SD) from the four more elaborated ensemble-processing 

methods is generally larger (smaller) than that from simple MME, indicating that the 

other four ensemble-processing methods are more credible, compared to the simple 

method of MME. The largest SNR is found in ClimWIP for Tav across China, with the 

SNR of CN up to 3.32 under 1.5 °C warming, and 5.02 under 2 °C warming. It indicates 

that the projection of Tav in ClimWIP is the most credible. 

 

Figure 4 The areal-mean standard deviation (SD, golden) and signal-to-noise ratio (SNR, 

yellow) of Tav over China and its seven subregions by multi-model ensemble methods under 

1.5 °C warming target. The scale of SD is on the left y-axis, and that of SNR is on the right y-

axis. 

 

The projected changes in total precipitation over China and its subregions under 

the 1.5 and 2 °C warming targets are shown in Figure 5 and Figure S3. Prcptot is 

projected to increase in China with a larger magnitude for higher warming conditions, 

as well as the inter-model spread. The median changes agree better among the five 
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ensemble-processing methods. When regionally averaged over China, relative to 1995–

2014, Prcptot increases from 4.5/8.5 to 5.4/11.2% under 1.5/2 °C warming, respectively. 

The full range of the 10th and 90th percentiles for different methods are –1.8–13.0/1.3–

20.6% (BMA), –1.8–15.4/0.8–24.3% (ClimWIP), –2.7–16.2/–1.1–24.8% (RANK), –

2.7–16.8/–0.4–25.4% (REA), and –5.0–15.8/–3.5–22.6% (MME), respectively. There is 

a reduction in the 10th–90th percentile ranges for BMA (28%) and ClimWIP (15%), in 

comparison to MME, but with comparable ranges for RANK and REA. The greatest 

reduction is found in BMA, by about 28%. BMA has the smallest SD, with about 5.8/7.7 

under 1.5/2 °C warming, while that is 7.6/9.8 in MME. Furthermore, compared with 

MME, most methods show much heavier precipitation increases in several regions (e.g., 

NW and TB), especially in ClimWIP. For example, when regionally averaged over NW, 

ClimWIP projects an increase of 9.1% and 17.9% under 1.5 and 2 °C global warming, 

while the increase in MME is only 7.1% and 11.6%. In TB, the projected changes in 

ClimWIP for the total precipitation (exceeding 12.4% under the 2 °C warming) are 

almost twice higher than in MME (6.9%). A reduction in the spread for Prcptot is found 

for all methods (compared to MME) in most subregions, except in NW and TB. The 

upper (90th) percentile are not constrained by most methods over these regions. A 

remarkable reduction is found in BMA, particularly in NW, exceeding 45% under 1.5 

and 2 °C global warming. The reduction, in ClimWIP, in NE and SW is also obvious, 

up to 35%. The areal-mean SDs also can reproduce the above features. The SDs from 

ClimWIP and BMA are smaller than those from other methods, which indicates that 

ClimWIP and BMA perform better in the reduction of uncertainty (inter-model spread) 

for Prcptot.  
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Figure 5 Same as in Figure 3 but for Prcptot. 

 

The SDs and SNRs for Prcptot by the ensemble methods under 1.5 and 2 °C 

warming targets are shown in Figure 6 and Figure S4. Similar to Tav, changes for 

Prcptot from the four more-elaborated ensemble-processing methods are generally 

more credible than those from MME, with larger SNRs and smaller SDs. The largest 

(smallest) SNR (SD) is in BMA for CN, up to 1.02 (5.8) under 1.5 °C warming, and 

1.49 (7.73) under 2 °C warming. BMA also has the largest SNR in NW. However, in 

other subregions, the largest SNR is generally found in ClimWIP. It is clear that the 

projection of Prcptot in BMA and ClimWIP are more credible than in other methods.  

 

Figure 6 The areal-mean standard deviation (SD, light blue) and signal-to-noise ratio (SNR, 

blue) of Prcptot over China and its seven subregions by multi-model ensemble methods under 

1.5 °C warming target. The scale of SD is on the left y-axis, and that of SNR is on the right y-

axis. 

 

The ensemble-processing methods provide reasonably robust median temperature 

and precipitation projections over China. Compared with MME, other four methods 

show less warming and enhanced wet conditions. They also reduce the uncertainty 

(inter-model spread) and increase the robustness of projections, with smaller SDs and 

larger SNRs. Further assessment, through a balanced consideration of both temperature 

and precipitation, allows to reach the conclusion that ClimWIP is the most optimal 

method to present credible projections in China. It shows good performance in 

simulating current climate, and has a reduction of about 30% for Tav, and 15% for 

Prcptot (relative to MME) for the uncertainty (10th–90th percentile ranges) of 
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projection. In addition, ClimWIP provides the most robust projection for Tav across 

China, and for Prcptot in most subregions, as it has the largest SNRs over there.  

In summary, RANK and REA show similar skills in presenting credible 

temperature and precipitation projections in China, but with inferior performance 

compared with ClimWIP and BMA. Let us now examine the underlying assumptions 

and their implementation in each ensemble-processing strategy to search a physical 

explanation for the obtained results. Actually, ClimWIP seems more judicious for both 

its concept and implementation, since its weighting scheme takes into account, 

simultaneously, model performance and independence. The consideration of model’s 

independence in ClimWIP mainly consists of reducing the weights for models with high 

interdependence. While Rank and REA process their weighting scheme by only 

considering model performance, though they share the same performance metrics 

(RMSE and IVS), with assessment on mean state and interannual variability. BMA 

updates a prior probability distribution in light of new information provided by 

observations, and considers the seasonal cycle of indices to quantify model capabilities.  

The final weights obtained for the five weighting schemes over China, sorted by 

descending order of each method are shown in Figure 7. For both Tav and Prcptot, the 

distribution of weights among models is generally similar for the four ensemble-

processing methods. Most weight is given to a small number of models, especially in 

RANK and ClimWIP. For the latter, almost no weight is given to those models in the 

tails in Figure 7. The final results are basically dominated by those models having larger 

weights. A small number of effective models in ensemble-processing methods 

contribute to the decrease of uncertainty (spread). This feature is even more pronounced 

at regional scales (figure not shown). Excessive concentration of weights might lead to 

overfitting because the ensemble subset size is small. But this issue does not seem to 

arise in our work because the number of effective models is still large enough.  
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Figure 7 The models’ weights obtained by the five ensemble-processing methods for (a) Tav 

and (b) Prcptot over China, sorted by descending order of each method. 

 

3.2 Difference of projection reliability among regions 

China has a vast territory with complex terrain and diverse climate conditions 

(Guo et al., 2020). There exist large differences for future projections of climate change 

and related uncertainties over subregions in China. We divided China into seven 

subregions according to their administrative boundaries, societal and geographical 

conditions. This section further analyses the projection differences among the seven 

subregions. Results show that ensemble-processing methods agreement is generally 

good for median temperature changes in most subregions, with a range less than 0.1 °C, 

except in SE. The increase for ClimWIP and REA is smaller than 1 °C, and that for 

BMA and RANK is larger than 1 °C in SE under 1.5 °C warming (Figure 3). Larger 

warming occurs at higher latitudes of China such as in NE, NW, and NC, which is 

consistent with previous studies (Shi et al., 2018; Wu et al., 2020; Zhu et al., 2021). The 

largest warming is found in NE with the median values exceeding 1.3/2.0 °C under the 

global warming of 1.5/2 °C. Followed by NC and NW, where the median increase is 

about 1.1/1.9 °C. The smallest warming is in SW with values exceeding only 0.9/1.5 °C. 

The warming is comparable across other regions (e.g., TB, YR), with an increase of 

approximately 1.0/1.8 °C under the global warming of 1.5/2 °C.  

Regions with stronger warming have larger uncertainty, and smaller SNRs (Figure 

4). NE has the largest spread among the seven regions, and the full range of absolute 

values of the 10th–90th percentiles can exceed 1.5 °C (0.4 to 1.9 °C) under 1.5 °C 

warming, and 1.5 °C (1.2 to 2.7 °C) under 2 °C warming. Even in ClimWIP (the best 

method), the values in NE range from 0.6 to 1.7 °C under 1.5 °C warming, and from 

1.4 to 2.6 °C under 2 °C warming. The spread is also large in NC, ranging from 0.4 to 

1.7 °C under 1.5 °C warming, and from 1.1 to 2.6 °C under 2 °C warming. This partly 

reflects the large projection uncertainty in north China. The largest SD is in NE (0.55), 

and the smallest SD is in SW (0.21) under 1.5 °C warming. The SNR is contrary to the 

SD. The largest SNR is in SW (5.06), and the smallest is in NE (2.07). The S is large in 

NE, but the N (spread among models) is much larger, which leads to smaller SNR over 

there. It is clear that temperature changes in SW have the highest robustness, but lower 

robustness in NE. 

The ensemble methods also provide reasonably robust median precipitation 

projections over most subregions (Figure 5 and Figure S3). For example, in SE, they 

have an increase from 2.2/4.5% to 3.6/5.9% under 1.5/2 °C global warming. In NE, the 

increase ranges from 1.5/7.6% to 3.1/9.1% under 1.5/2 °C global warming. The full 

range is smaller than 2% over these places. But they agree less on a few regions, for 

instance, in YR (ranging from 1.8% to 5.4%) under 1.5 °C warming. The subregion in 

Eastern China is strongly influenced by the East Asian monsoon (Guo et al., 2020). 

Changes in the monsoon circulation could affect the precipitation (Chen et al., 2020). 

There are still many disagreements about future East Asian monsoon changes due to 

different choices of monsoon indices and uncertainties among models (You et al., 2022), 
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which might lead to the uncertainty in precipitation projections over there. In SW, the 

median change under 1.5 °C warming is approximately zero, except for ClimWIP, 

which points toward a decrease (–1.3%). The methods disagree on the sign of the 

change in SW under 1.5 °C warming. However, all methods agree on a median 

projection that points to a weak increase in rainfall under 2 °C warming. The signal of 

regional climate changes will amplify as the higher levels of global warming (IPCC, 

2021). The precipitation in SW is largely influenced by the South Asian summer 

monsoon (SAM). The weakening of the SAM circulation could lead to the decrease in 

precipitation (Wu et al., 2019). However, a warmer Indian Ocean would provide 

increased source of moisture transport, leading to a larger moisture flux convergence 

and increasing precipitation there (Sharmila et al., 2015). Additionally, SW has complex 

geomorphic and topographic characteristics, which could lead to prominent regional 

climate. The Tibetan Plateau could significantly impact water vapor flux and 

atmospheric circulation via land surface processes, and consequently SW precipitation 

(Sun et al., 2017). All above could lead to the uncertain precipitation changes in SW. 

The largest precipitation enhancement is found in NW, with the median increase 

up to 9.1/17.9% based on ClimWIP under the global warming of 1.5/2 °C. Followed by 

TB and NC, where the median increase is 12.4% and 11.8% under the global warming 

of 2 °C. The projected relatively precipitation increase is large in western China, due to 

the drier regional climate, which is consistent with the previous projections from 

CMIP5 (Zhou et al., 2014) and CMIP6 (Yang et al., 2021; Zhu et al., 2021). The 

increase of moisture convergence (Zhang et al., 2019), which mainly comes from the 

thermodynamic effect due to increasing atmospheric moisture under warming, and the 

enhanced transport of water vapor caused by the strengthening of the westerly wind 

circulation (Wu et al., 2019, Zhang et al., 2021) could contribute to the large increase 

of precipitation in western China. In addition, NW has the largest spread among the 

seven subregions, with the full range (the 10th–90th percentiles) exceeding 29% (–2.7–

26.1%) under 1.5 °C warming, and more than 40% (–2.3–38.1%) under 2 °C warming 

among the methods. The spread in NC (from –3.9/–0.3 to 18.8/26.3% under 1.5/2 °C 

warming) is also large, which shows the notable projection uncertainty (inter-model 

spread) over these places.  

There are also significant regional differences in the reliability of precipitation 

projection. The largest SD is in NW (11.23), followed by NC (7.95) under 1.5 °C 

warming. But for SNR, the largest value is in NW (1.72), and the smallest value is in 

SW (0.31) under 1.5 °C warming. It indicates that the projections for Prcptot in NW 

(SW) have the highest (lowest) robustness. The influence of S (projected change) on 

SNR is higher than that of N (inter-model spread) for Prcptot. The increases of 

precipitation will amplify at higher levels of global warming (IPCC, 2021). The SNRs 

of Prcptot would also increase with the warming targets. For example, in NW, the SNR 

for Prcptot under 1.5 °C warming is 1.72, while that under 2 °C warming is 2.14 in 

BMA. The SNRs are larger than 1 for most subregions (except SW) under 2 °C warming, 

but smaller than 1 under 1.5 °C warming. In addition, changes for prcptot have a lower 

confidence level than for Tav. SNR for Prcptot is smaller than that for Tav among all 
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methods and regions. The projections are credible (SNR>2) for Tav over all regions, 

while only in a few regions (e.g. NW in BMA) for Prcptot under 2 °C warming. Even 

SNR is lower than 1 for Prcptot over most regions under 1.5 °C warming. 

Overall, the ensemble methods provide reasonably robust median temperature and 

precipitation projections over most subregions, but they agree less on a few regions 

(e.g., SE for Tav, SW and YR for Prcptot). The most robust projection is in SW for Tav, 

with the largest SNR, though the warming is weak. It would increase by 0.9 (0.6–

1.1)/1.5 (1.1–1.7) °C under 1.5/2 °C warming based on ClimWIP. The highest warming 

is noted in NE, combined with the largest projection spread, with increase of 1.3 (0.6–

1.7)/2.0 (1.4–2.6) °C under 1.5/2 °C warming, followed by NC, with increase of 1.1 

(0.5–1.6)/1.9 (1.3–2.4) °C. For Prcptot, the largest increase and robustness occur in NW, 

it would increase up to 9.1 (–1.6–24.7)/17.9 (0.5–36.4)% under the global warming of 

1.5/2 °C, based on ClimWIP. There is also significant and robust increase for 

precipitation in NC with values by 6.0 (–2.6–17.8)/ 11.8 (2.4–25.1)% under 1.5/2 °C 

warming. The smallest projection reliability is found in SW, its SNR is lower than 0.6 

under warming climates. Actually, different methods disagree from each other, even on 

the sign of the change under 1.5 °C warming.  

The increase in precipitation under warming is primarily attributed to the increase 

of moisture convergence, which comes mainly from the thermodynamic effect due to 

increasing atmospheric moisture (Zhang et al., 2019; Chen et al., 2020). The dynamic 

effect, such as monsoon circulation changes, dominates regional differences in the 

projected precipitation changes (Chen et al., 2020). Besides global warming, many 

other factors may also contribute to the precise changes of climate at the regional scale, 

including local feedbacks (Lorenz et al., 2016) and local-scale external forcings, such 

as aerosol concentrations (Dong et al., 2016; Zhou et al., 2020), land use and land cover 

changes (Findell et al., 2017). Moreover, internal variability plays an important role in 

the projection of climate changes at regional scales (Thompson et al., 2015; Li et al., 

2022). A better understanding of complex drivers controlling regional climate changes, 

including climate system internal feedbacks and external forcings, is an urgent issue for 

future researches. 

 

3.3 Future projection based on ClimWIP 

Given its good performance in simulating current climate and providing credible 

projections for both temperature and precipitation, ClimWIP (the most optimal method) 

is now used for the projection of future climate for 1.5 and 2 °C global warming targets 

(relative to preindustrial), and the differences between the two warming levels in this 

section. Interpret the climate projections in a probabilistic way can address the issue of 

uncertainties due to inter-model differences to some extent (Chen et al., 2011, Li et al., 

2016). So, we further discuss the likelihood of changes in climate indices exceeding 

certain thresholds. Combined with the increase values for Tav and Prcptot in section 

3.2, we have chosen the thresholds of 1.5 °C for Tav, and 5% for Prcptot under 1.5 and 

2 °C warming.  

Figure 8 illustrates the spatial distributions of the projected changes and 



Zhu et al. 2023 China Science Earth Sciences, Accepted manuscript 2023-04-26 page 18 

 

 

      

 

probabilistic projections for Tav under 1.5 and 2 °C global warming, and the differences 

between the two warming levels, under SSP5-8.5 scenario. The annual temperature is 

projected to increase across China, with stronger warming under larger warming target. 

Relative to 1995–2014, Tav would increase by approximately 1.1 and 1.8 °C averaged 

over China for 1.5 and 2 °C global warming. Regions with large warming are mainly 

located over Northeast and Northwest China. Under an additional 0.5 °C global 

warming, the Tav will increase more than 0.5 °C across China. Some regions display 

substantial increases. For example, it will warm more than 1 °C in north part of NE, 

which is about 2 times higher than that of 0.5 °C global warming. The probability of 

warming is higher in the north than in the south of China. Under 1.5 °C global warming, 

the probability of warming greater than 1.5 °C threshold is greater than 50% only in a 

few parts of northern China. However, Tav is likely (>50%) to have an increase of more 

than 1.5 °C across China under 2 °C global warming, except for a small portion of 

South China. The probability for an increase of more than 1.5 °C even exceed 80% over 

parts of the Yangtze river basin and western part of northeastern China. An additional 

0.5 °C warming dramatically increases the likelihood of warming exceeding the 1.5 °C 

threshold, especially in northern China. 

 

Figure 8 Spatial distributions of projected changes (a–c) for Tav over China under 1.5 and 2 ℃ 

global warming and the differences between the two warming levels under SSP5-8.5 scenario. 

Spatial patterns of probability (d–e) for Tav change exceeding the threshold of 1.5 ℃ over 

China under 1.5 and 2.0 ℃ global warming levels and their difference.  

 

Figure 9 shows the spatial distribution of the projected changes and probabilistic 

projection for Prcptot. It is projected to increase in China with a larger magnitude for 

higher warming conditions. Relative to 1995–2014, Prcptot would increase by 

approximately 5.4 and 11.2% averaged over China for 1.5 and 2 °C global warming. 

Almost all regions witness an increase of Prcptot under the warming climates. However, 

it decreases in most parts of SW under 1.5 and 2 °C warming climates. Decreasing 
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precipitation combined with robust increasing temperature indicates that the drought 

risk in southwestern China would increase in the future, which is consistent with 

previous studies (Chen and Sun, 2015; Zhang et al., 2021). The region with a large 

increase is mainly located in western China. This feature becomes even more 

pronounced as GMST further rises. The additional half-degree warming leads to 

increases in Prcptot across China. Northwestern China has been shown to be more 

significantly associated to the additional warming, the increase can exceed 10% over 

there. It is more likely that precipitation increases significantly in north and western 

China. The probability of the precipitation change exceeding 5% is greater than 50% in 

the middle and lower reaches of the Yellow River area and northwestern China under 

1.5 °C warming, and even a higher probability (>80%) in parts of northwestern China. 

Under 2 °C global warming, areas with the probability (>50%) of Prcptot change 

exceeding the 5% threshold expand to almost the whole country, except for western 

part of Northeast and South China. The additional half-degree warming increases the 

likelihood of Prcptot increase exceeding the 5% threshold, especially in northeastern 

China. 

 

Figure 9 Spatial distributions of projected changes (a-c) for Prcptot over China under 1.5 and 

2 ℃ global warming and the differences between the two warming levels under SSP5-8.5 

scenario. Spatial patterns of probability (d-f) for Prcptot change exceeding the threshold of 5% 

over China under 1.5 and 2.0℃ global warming levels and their difference. 

 

Overall, there are increases in annual mean temperature and general 

humidification of climate for total precipitation over China under 1.5 and 2 °C global 

warming. The greatest warming occurs in northeastern China, and the largest increase 

in Prcptot occurs in western China. Under 2 °C global warming, the probability of Tav 

increasing by 1.5 °C is greater than 50% almost across whole China, except for South 

China. The probability of Prcptot increasing by 5% is greater than 50% in the north of 

the Yangtze river, except for western part of Northeast China. An additional 0.5 °C 
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global warming is projected to have substantial impacts on climate over China. The Tav 

increases more than 0.5 °C across China. Almost all regions witness an increase of 

Prcptot under the additional half-degree warming, and northwestern China suffers the 

strongest response. 

4. Conclusion and discussion 

In this study, using a common framework, we quantitatively compared five 

ensemble-processing methods in multi-model climate simulations, which helps to 

achieve a more reliable climate projection over China. Besides the simple methodology 

of MME, the other four methods use physically-valid and objective criteria to introduce 

constraints in their ensemble processing scheme. Beyond the methodological aspects, 

we also analyzed the projection in CMIP6 under high-emission pathways (SSP5-8.5) 

for two warming levels (1.5 and 2 °C). Results generally show increases in temperature, 

and an intensification of precipitation in the future warmer world. They are in 

agreement with our previous studies (Zhu et al., 2021). Compared with earlier studies, 

this work was designed to be more comprehensive, and made an objective and fair 

evaluation of projection agreement and uncertainty across the methods and regions by 

a common framework. It also provided more detailed information on the future changes 

in climate for China and its seven subregions. Main findings are summarized as follows:  

(1) Compared with MME, the other four ensemble-processing methods effectively 

enhance the capability of capturing spatial climate characteristics over China. In 

addition, they provide reasonably consistent median temperature and precipitation 

projections over China, with reduction of uncertainty (inter-model spread) and increase 

of robustness (larger SNRs). ClimWIP is the most optimal method to present good 

performance in simulating current states and credible future projections for both 

temperature and precipitation. The uncertainty (10th–90th percentile ranges) reduction 

(compared to MME) is about 30% for Tav, and 15% for Prcptot in China, with a certain 

variation among different regions.  

(2) Reliability of projections is found dependent on investigated regions and 

indices. The projection of Tav is more credible than Prcptot, as the SNR of Tav is larger 

than 2 among all regions, while lower than 1 for Prcptot over most regions under 1.5 °C 

warming. The most robust projection is in SW for Tav, with the largest SNR, though 

the warming is weak. The largest inter-model spread is noted in NE, followed by NC. 

For Prcptot, the largest increase and robustness occur in NW, followed by NC, and the 

inter-model spread is large there. The smallest SNR and worst projection agreement are 

noted in SW, the methods even disagree on the sign of the change for Prcptot over there 

under 1.5 °C warming.  

(3) Based on ClimWIP, Tav increases by about 1.1/1.8 °C (with reference to 1995–

2014) across China under 1.5/2 °C global warming levels (regarding pre-industrial), 

while Prcptot increases by about 5.4/11.2%, respectively. The most remarkable 

warming occurs in NE, with increase of 1.3 (0.6–1.7)/2.0 (1.4–2.6) °C (ensemble’s 

median and range of the 10th-90th percentiles) under 1.5/2 °C warming, followed by 

NC and NW. The smallest but most robust warming is in SW, with values exceeding 

0.9 (0.6–1.1)/1.5 (1.1–1.7) °C. The significant and robust increases in wetness occur in 
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NW and NC, with increase up to 9.1 (–1.6–24.7)/17.9 (0.5–36.4)% and 6.0 (–2.6–

17.8)/11.8 (2.4–25.1)% under 1.5/2 °C warming, respectively. Under 2 °C global 

warming, the probability of Tav increasing by 1.5 °C is greater than 50% almost across 

whole China. The probability of Prcptot increasing by 5% is greater than 50% in the 

north of the Yangtze river. For the additional half-degree warming, Tav increases more 

than 0.5 °C across China. Almost all regions witness an increase of Prcptot, with 

northwestern China showing the largest increase. 

Our results show that the median estimate is generally consistent across the 

ensemble-processing methods, while the spread is highly dependent on the method used. 

The projection information has to be combined with the end-user’s needs. Our results 

are confident in the constrained median projection, so users with a relatively low level 

of risk aversion who care for the most likely climate outcome could use results from 

any of these methods. Those users with a higher level of risk aversion may need to 

consider carefully which method to rely on. Ultimately all methods, including the 

unconstrained model-equality strategy, are based on implicit and explicit assumptions 

that can be challenged. Therefore, a single recommendation for selecting or combining 

methods for various situations would be impossible and not very meaningful. The 

meaning of “optimal” is not general and can vary depending on the specific application, 

e.g., the specific variable, geographic region, time period, metrics, and so on. 

Meanwhile, special attentions should be paid to the risk of overfitting in a small-size 

ensemble subset, when selecting the “optimal” methods (Herger et al., 2018a, b). One 

promising way to resolve this is that of a coordinated perfect model test (Brunner et al., 

2020). Many researches have already used such a test with some success (Brunner et 

al., 2019; Ribes et al., 2021).  

This study uses individual member of the CMIP6 model to project future changes 

in regional climate, mainly considering the model uncertainty. Internal variability 

typically plays an important role in the nearer term, at local spatial scales, and in 

spatially and temporally heterogeneous variables such as precipitation (Hawkins and 

Sutton, 2009). It can be isolated from model uncertainty using large ensembles 

(Brunner et al., 2020). More attention should be paid to abundant climate variables (e.g., 

extremes and compound events) using large ensembles in the future.  
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Supplementary Materials  
 

 

 

Fig. S1. As in Fig. 3., but for the changes under 2 °C global warming target. 
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Fig. S2. Same as in Fig. 4. but for the SD and SNR under 2 ℃ global warming target. 
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Fig S3. Same as in Fig. S1. but for Prcptot. 
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Fig. S4. Same as in Fig. S2. but for Prcptot. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Zhu et al. 2023 China Science Earth Sciences, Accepted manuscript 2023-04-26 page 30 

 

 

      

 

 

 

Table S1. Model acronyms, modeling centers and countries, as well as the atmospheric resolutions, 

of 25 CMIP6 global climate models. 

Model acronym Modeling center and country 

Atmospheric 

resolution 

(lat × lon) 

ACCESS-CM2 

ACCESS-ESM1-5 

Commonwealth Scientific and Industrial Research 

Organization and Bureau of Meteorology (Australia) 

1.25°×1.875° 

1.25°×1.875° 

BCC-CSM2-MR 
Beijing Climate Center, China Meteorological 

Administration (China) 
1.125°×1.125° 

CanESM5 
Canadian Centre for Climate Modelling and Analysis 

(Canada) 
2.8°×2.8° 

CMCC-ESM2 
Fondazione Centro Euro-Mediterraneo sui Cambiamenti 

Climatici (Italy) 
0.9375°×1.25° 

CNRM-CM6-1 

CNRM-ESM2-1 

Centre National de Recherches Météorologiques–Centre 

Européen de Recherche et de Formation Avancée en 

Calcul Scientifique (France) 

1.4°×1.4° 

1.4°×1.4° 

EC-Earth3 

EC-Earth3-Veg 
EC-EARTH consortium 

0.7°×0.7° 

0.7°×0.7° 

FGOALS-g3 

LASG, Institute of Atmospheric Physics, Chinese 

Academy of Sciences and Center for Earth System 

Science, Tsinghua University (China) 

2.25°×2° 

GFDL-CM4 

GFDL-ESM4 
NOAA Geophysical Fluid Dynamics Laboratory (USA) 

1°×1.25° 

1°×1.25° 

HadGEM3-GC31-LL Met Office Hadley Centre (UK) 1.25°×1.875° 

INM-CM4-8 

INM-CM5-0 

Institute for Numerical Mathematics, Russian Academy 

of Science (Russia) 

1.5°×2° 

1.5°×2° 

IPSL-CM6A-LR L’Institut Pierre-Simon Laplace (France) 1.26°×2.5° 

MIROC6 

MIROC-ES2L 

National Institute for Environmental Studies, 

The University of Tokyo (Japan) 

1.4°×1.4° 

2.8°×2.8° 

MPI-ESM-1-2-HR 

MPI-ESM-1-2-LR 
Max Planck Institute for Meteorology (Germany) 

0.9375°×0.9375° 

1.875°×1.875° 

MRI-ESM2-0 Meteorological Research Institute (Japan) 1.125°×1.125° 

NESM3 
Nanjing University of Information Science and 

Technology (China) 
1.875°×1.875° 

NorESM2-LM 

NorESM2-MM 
Norwegian Climate Centre (Norway) 

1.875°×2.5° 

0.94°×1.25° 

UKESM1-0-LL Met Office Hadley Centre (UK) 1.25°×1.875° 
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Table S2. The timing of 1.5 and 2 °C warming for individual models 

Model acronym 
SSP585 

1.5 °C 2 °C 

ACCESS-CM2 2025 2038 

ACCESS-ESM1-5 2028 2039 

BCC-CSM2-MR 2032 2045 

CanESM5 2012 2023 

CMCC-ESM2 2028 2038 

CNRM-CM6-1 2028 2041 

CNRM-ESM2-1 2032 2045 

EC-Earth3 2025 2036 

EC-Earth3-Veg 2012 2028 

FGOALS-g3 2028 2046 

GFDL-CM4 2029 2041 

GFDL-ESM4 2040 2053 

HadGEM3-GC31-LL 2020 2030 

INM-CM4-8 2030 2046 

INM-CM5-0 2030 2046 

IPSL-CM6A-LR 2018 2034 

MIROC6 2040 2053 

MIROC-ES2L 2034 2047 

MPI-ESM1-2-HR 2033 2049 

MPI-ESM1-2-LR 2034 2049 

MRI-ESM2-0 2026 2038 

NESM3 2021 2034 

NorESM2-LM 2043 2057 

NorESM2-MM 2039 2054 

UKESM1-0-LL 2023 2032 
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