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ABSTRACT: Weighting models according to their performance has been used to produce multimodel climate change
projections. But the added value of model weighting for future projection is not always examined. Here we apply an imperfect
model framework to evaluate the added value of model weighting in projecting summer temperature changes over China.
Members of large-ensemble simulations by three climate models of different climate sensitivities are used as pseudo-observations
for the past and the future. Performance of the models participating in the phase 6 of the Coupled Model Intercomparison
Project (CMIP6) are evaluated against the pseudo-observations based on simulated historical climatology and trends in global,
regional, and local temperatures to determine the model weights for future projection. The weighted projections are then com-
pared with the pseudo-observations in the future period. We find that regional trend as a metric of model performance yields
generally better skill for future projection, while past climatology as performance metric does not lead to a significant improve-
ment to projection. Trend at the grid-box scale is also not a good performance indicator as small-scale trend is highly uncer-
tain. For the model weighting to be effective, the metric for evaluating the model’s performance must be relatable to future
changes, with the response signal separable from internal variability. Projected summer warming based on model weighting is
similar to that of unweighted projection but the 5th–95th-percentile uncertainty range of the weighted projection is 38%
smaller with the reduction mainly in the upper bound, with the largest reduction appearing in southeast China.
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1. Introduction

The Intergovernmental Panel on Climate Change in its
Sixth Assessment Working Group II Report stated that
“human-induced climate change, including more frequent and
intense extreme events, has caused widespread adverse im-
pacts and related losses and damages to nature and people”
(IPCC 2022, p. 9). Climate change adaptation planning re-
quires future climate change projections along with the quan-
tification of associated uncertainty. Global climate models
(GCMs) and Earth system models (ESMs) have played a cru-
cial role in producing such projections. Simulations provided
by GCMs and ESMs participating in successive phases of the
Couple Model Intercomparison Project (CMIP) such as the
latest phase 6 (CMIP6) driven by various emissions scenarios
have provided a range of plausible future climate projections
(Eyring et al. 2016; IPCC 2021). Their proper synthesis can
provide a coherent projection.

Traditionally, a “democratic” approach (i.e., each model
being given equal weight) has been used to synthesize multi-
model projections. Projections by multimodel ensembles syn-
thesized with this approach are more robust than those based
on simulations by a single model (Eyring et al. 2019; Knutti
2010; Tebaldi and Knutti 2007). Different models can have
different levels of complexity and as well as different ap-
proaches to the treatment of the same physical processes such
as cloud and radiation. Because of this, models are not all
equally skillful in simulating past climates. For this reason, ef-
forts have been made to give different weights to the projec-
tions by individual models based on models’ performance in a
hope to produce more reliable future projection, approaches
including the rank-based weighting scheme and the reliability
ensemble averaging (REA) method, among others (Chen
et al. 2011; Giorgi and Mearns 2003; Li et al. 2021). Existing
multimodel ensembles such as those produced through the
CMIPs are “ensembles of opportunity” and are not designed to
systematically explore plausible model structures and epistemic
uncertainty (Knutti 2010; Sanderson et al. 2015; Shiogama
et al. 2022). Some models share components, making them
not completely independent (Boé 2018). This aspect needs
to be considered when synthesizing multimodel ensembles
as well. Knutti et al. (2017) proposed the Climate Model
Weighting by Independence and Performance (ClimWIP)
scheme to take both model performance and independence
into consideration when producing future projections. The
method is explicit and has been widely used to project future
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changes for a range of variables on global scale and for differ-
ent regions, including for example global mean temperature
(Liang et al. 2020), Arctic sea ice (Knutti et al. 2017), European
temperature and precipitation (Brunner et al. 2019), and Chinese
mean and extreme precipitation (Li et al. 2021).

The use of performance indicators to weight models gener-
ally involves two related assumptions: 1) confidence in a
model is lower if the model simulates past climate less well
and thus shall have lower weight, and 2) future projection
produced with a model that better simulates past climate is
more reliable (Knutti et al. 2013; Hall et al. 2019; Shiogama
et al. 2022). While the first assumption is reasonable, the va-
lidity of the second assumption is not obvious. It is not always
possible to test the validity of the second assumption because
the future is not known. Thus, the performance of the models
used in a weighting approach has been usually measured by
comparing simulated past and present climates with the ob-
served historical climate (Abramowitz et al. 2019; Bishop and
Abramowitz 2012; Tebaldi and Knutti 2007). But it is unclear
if the performance based on historical climate holds for future
climate when making future projections (Knutti et al. 2010;
Tebaldi and Knutti 2007). Different metrics have been used
to evaluate models, resulting in differences in the level of model
performance and thus different weighting schemes for the same
set of models. For example, two dominant metrics}past clima-
tology and past trend of a variable over a region}are both
used in evaluating models and assigning model weights for
future projection (Brunner et al. 2019; Liang et al. 2020). A
model that simulates historical climatology the best may not
simulate the historical trend equally well. Similarly, a model
simulating a global scale trend well may not simulate trend for
a region of interest well. It thus can be challenging to select
a metric as the most suitable for a specific purpose (Knutti
2010). It can also be challenging to select the appropriate
spatial scale to evaluate a model for the purpose of future pro-
jection. Evaluation on smaller spatial scale would be more
affected by natural internal variability. Yet, evaluation on too
large scale may not fully capture regionally important pro-
cesses, such as the East Asian summer monsoon or feedbacks
unique to the region.

The so-called “imperfect model test” or “model-as-truth
test” provides an approach to estimate the skill for future pro-
jections. This approach uses one simulation that includes both
past and future climates, conducted by a climate model, as
pseudo “observed” past and future climates. The simulations
of other climate models for the past climate are calibrated
with the pseudo past climate, and those for the future climate
are used to produce the future projection along with the cali-
bration. As the pseudo future is “observed,” it can then be
used to compare with the projection to evaluate the skill of
the calibration. Previous studies have used the concept of im-
perfect model test by applying it to individual runs from mul-
tiple models separately and then synthesizing the results
across all available runs (Brunner et al. 2020; Herger et al.
2019). As simulations involved in these earlier studies typi-
cally had only a few runs by individual models, it became diffi-
cult to separate the inference of internal variability from
structural differences among the models, and thus difficulties

in interpreting the evaluation results (Frankcombe et al. 2018;
Suarez-Gutierrez et al. 2021). In this regard, large-ensemble
initial condition simulations have a unique advantage by pro-
viding many pseudo-observations (Deser et al. 2020; Milinski
et al. 2020).

Here we conduct imperfect model tests with model perfor-
mance being evaluated by two metrics}climatology and
long-term trends}and on various spatial scales. This will en-
able exploring the effect of the use of different metrics on
projection skill and identifying a more suitable spatial scale
on which the models’ performance should be evaluated for
skillful future projection. To demonstrate the utility of our ap-
proach, we focus on summer mean temperature over China as
high summer mean temperature is associated with a larger
number and more severe summer heatwaves (Sun et al. 2014).
The remainder of this paper is organized as follows: section 2
provides a detailed description of the datasets and methodol-
ogy used in this study. The following section 3 shows the main
results of the skill assessment and future projections. Finally,
section 4 provides general conclusions and discussion.

2. Data and methods

a. Data used

1) CMIP6 SIMULATIONS

We use 204 simulations carried out by 25 models that partici-
pated in CMIP6. Table S1 in the online supplemental material
summarizes the essential properties of all models and members.
Among these, members from three large ensembles CanESM5
(50 members), EC-Earth3 (18 members), and MIROC6
(50 members) are used as the pseudo-observations for estab-
lishing model weighting schemes and for verification of the pro-
jection under the imperfect model test framework. These three
models are selected for two reasons: 1) sufficient samples to es-
timate model response to external forcing and spread caused
by internal variability and 2) a large range of climate sensitivity
of the models, with climate sensitivity lying in the upper (Can-
ESM5), the middle (EC-Earth3), and the bottom (MIROC6)
of available CMIP6 models (as represented by historical trend
and future warming in Figs. S1 and S2).

Monthly temperature data from the simulations forced by
observed historical forcing and future emission scenario
Shared Socioeconomic Pathway 5–8.5 (SSP5-8.5; O’Neill et al.
2014) are used. Historical simulations over 1971–2014 are
used for model evaluation since the warming trend during this
period is proven to be dominated by greenhouse gases (Liang
et al. 2020; Tokarska et al. 2020). We focus on projected
changes in the mid-twenty-first century (2041–60) relative
to the 1995–2014 baseline. Model data come with different
spatial resolutions, and they are interpolated onto a common
2.583 2.58 grid using bilinear interpolation.

2) OBSERVATIONAL DATA

The observational gridded temperature dataset CN05.1
(Wu and Gao 2013) is used to evaluate the models’ perfor-
mance after we have identified the most relevant model weight-
ing scheme. The monthly gridded dataset covers 1961–2015,
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with a spatial resolution of 0.258 3 0.258. We use the data from
1971 to 2014 to align with the model simulations, and regrid
them to a resolution of 2.583 2.58 for model evaluation.

b. Imperfect model test framework

To investigate the effectiveness of a weighting scheme
based on historical data for future projection, we conducted a
series of model-as-truth tests within the framework of the im-
perfect model test. This process involves two steps: estimating
models’ weights based on their performance in simulating his-
torical climate as well as independence among the models,
and then evaluating the skill of the weighed projection by
comparing it with the “pseudo” future observations. The com-
ponents contributing to the imperfect model test are detailed
below, including 1) the candidate metrics used for estimating
models’ performance, 2) the weighting scheme adopted in this
work, 3) the candidate spatial scales of trend for regional pro-
jection, 4) the approach for synthesizing projections when us-
ing multiple models and runs, and 5) the three-aspect skill
scores for projection assessment.

1) METRICS FOR ESTIMATING DISTANCE

The models’ performance and independence are assessed
by a distance measure based on suitably constructed metrics.
As we focus on summer mean temperature, all metrics are
calculated from this variable. The metrics under consideration
include the following: (i) spatial distribution of summer tem-
perature climatology (on a 2.58 3 2.58 grid, referred to as the
climatology metric below), (ii) trend in global or regional
mean summer temperature (referred to as the trend metric),
(iii) spatial distribution of trend on a 2.58 3 2.58 grid (referred
to as the trend pattern metric), and (iv) the combination of
the climatology and trend metrics that is referred to as the
composite metric. Trends are estimated based on nonpara-
metric Sen’s slope estimator, with the consideration of lag-1
autocorrelation (Zhang et al. 2000). For the composite metric,
the distance between two models or between a model and the
observation is the average of the (i) climatology distance and
(ii) regional trend distance.

2) WEIGHTING METHOD CLIMWIP

We follow the ClimWIP approach for determining models’
weights. This method was proposed by Knutti et al. (2017)
based on Sanderson et al. (2015) and has been used in many
studies (e.g., Amos et al. 2020; Liang et al. 2020; Merrifield
et al. 2020). The basic idea is that a model that agrees more
poorly with observations and that also largely duplicates exist-
ing models gets less weight (Knutti et al. 2017). The weight wi

is assigned to the model i according to the following equation:

wi 5 e2(Di/sd)2
/

1 1 ∑
M

jÞi
e2(Sij /ss)2

[ ]
, (1)

whereDi is the distance between the model i and the observa-
tion, and Sij is the distance between the model i and model j.
For all the metrics used, the independence distance Sij is al-
ways computed based on spatial distribution of climatology

following Merrifield et al. (2020), as the root-mean-square dif-
ference of climatological values across all grids in China re-
gion. But Di is computed differently according to the metrics
being used. When climatology or trend pattern metric is used,
the distance Di is the root-mean-square difference of climato-
logical or trend values for all grids within the spatial domain,
respectively. When the trend metric is used, the distance Di is
the absolute difference of the trends. For both Di and Sij, the
raw distances are normalized separately by dividing the raw
distances by their respective medium values. Figure S3 shows
the model–model distances Sij normalized by its median.
When a model has multiple runs, we use the ensemble mean
to compute the weights. This has the advantage of reducing
the influence of internal variability, in particular when trend
metric is used.

In Eq. (1), M is the number of models participating weight-
ing (24 in the imperfect model tests), and sd and ss are shape
parameters that represent the strength of performance of in-
dividual models and independence among models. A larger
sd leads to more equal weighting among models, and a larger
ss means models are treated to be more dependent. The
appendix provides more details about these parameters and
their estimation.

3) SPATIAL SCALE FOR MODEL EVALUATION

When a model’s performance is evaluated on different spa-
tial scales, the results can be different. As we will show later,
the use of model trend as a performance metric improves the
projection skills. For this reason, we pay close attention to the
influence of spatial scale when the trend metric is used. Spe-
cifically, we consider four spatial scales of the trend metric:
(i) global: trend in global mean summer temperature (re-
ferred to as the global trend metric); (ii) regional: trends in
China mean summer temperature (referred to as the regional
trend metric, which is the same as the trend metric mentioned
earlier); (iii) subregional: trends in East China mean summer
temperature and in West China mean summer temperature,
with the 1058E [see Li et al. (2021) separating East China
fromWest China (referred to as the subregional trend metric)];
and (iv) grid box: trends in summer mean temperature at indi-
vidual grids (referred to as the grid trend metric). When model
weighting is determined on a spatial large scale in the cases of
(i) to (iii), each model is assigned one set of weights that ap-
plies to all grids within the domain. In the case of (iv), each
grid box has its own set of weights.

4) SYNTHESIZING PROJECTION FROM MULTIPLE MODELS

We compare the main distributional characteristics includ-
ing mean and spread of the multimodel weighted projection
with the “known” future projection by the large ensembles.
The spread in the large ensemble represents the influence of
internal variability. To construct a weighted mixture distribu-
tion from the multiple model weighted projection, Herger
et al. (2019) fitted future projections from subset models into
separate probability distributions and then sampled the distri-
butions so that the number of samples generated from subset
models is proportional to weights. As the number of runs
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from CMIP6 models can be quite limited, instead of fitting
distributions for individual models separately, we sample the
model projection directly. Figure 1 illustrates the sampling
procedure. To describe our procedure, in the following, we
use CanESM5 large ensemble as an example.

We initially take the first run of CanSEM5 large ensemble
as pseudo-observation, then compare its historical simulation
with those simulated by other 24 CMIP6 models to determine
their respective weights using the ClimWIP method. Follow-
ing this, we sample the available projection runs of the CMIP6
models (with replacement) for 5000 times, ensuring that the pro-
portion of the sample from an individual model is equal to its
weight. This procedure is repeated for the remaining 49 model
runs in turn. Once completing the sampling process, we obtain
503 5000 samples, which are then used to estimate the distri-
butional characteristics. These estimates are finally compared
with the future projection produced by the 50 ensemble
members of CanESM5. It should be noted that when producing
future projections for summer mean temperature averaged over
China, we sample the national mean values. When producing
future projections for individual grid boxes, we sample the two-
dimensional spatial maps of projected changes by individual
model runs to maintain the spatial structure of temperature
changes.

5) SKILL SCORES

The skill of the multimodel weighted projection against the
unweighted projection is assessed on three aspects: (i) bias,
(ii) difference in the width of the distribution, and (iii) the
similarity between probability distributions. We examine
whether weighted projection improves upon unweighted pro-
jection against the “known” future as simulated by the large
ensembles. In all cases, a positive skill score indicates an im-
provement by the weighted ensemble projection.

(i) Bias

This compares the absolute bias between the median values
of multimodel ensemble projection against the “known”

projection by the large ensembles. The skill score is defined as
following:

Bias skill score 5 |Biasunweighted| 2 |Biasweighted|: (2)

(ii) Width

The difference between the 5th percentile and the 95th per-
centile of the projection is used to represent the uncertainty
range (Value95th 2 Value5th). We calculate the absolute val-
ues of the width difference between the multimodel ensemble
projection against the “known” projection by the large en-
sembles first, expressed as |DWidth|. We then compute the
width skill according to the following equation:

Width skill score 5 |DWidthunweighted| 2 |DWidthweighted |:
(3)

(iii) Similarity between probability distributions

This measures how similar two probability density functions
(PDFs) are. Perkins et al. (2007) proposed the use of the area
where two PDFs overlap. A larger area of overlap indicates
better agreement between the two PDFs. A perfect match of
the PDF would give a value of one. The calculation involves
dividing the PDFs into multiple bins and counting the number
of occurrences in each bin. The smaller value of the occur-
rence from the two PDFs represents the portion of the over-
lap. Mathematically, this is expressed as

S-score 5∑
n

1
minimum(Zs, Zo), (4)

where n is the number of bins for which we use 50. The terms
Zs and Zo represent the frequency in each bin from the
weighted/unweighted projection and from the observation, re-
spectively. This statistic has an advantage over other statistics
used for comparing two distributions such as the statistic used
in the K–S test as it is more robust against sampling errors
and the number of bins used in computing the statistic. The

FIG. 1. Schematic diagram of the entire process of the sampling procedure used to generate mixture projection
distributions.
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bin size n will of course influence the S-score but as long as
n is the same across calculations the final conclusion about the
model performance will not be impacted. The S-score skill
score is computed according to the following equation:

S-score skill score 5 S-scoreweighted 2 S-scoreunweighted: (5)

c. Influence of sampling uncertainty in observed trends
on future projection

As we will show later, our imperfect model analyses indicate
that the regional mean temperature trend is the most skillful
metric for weighting models and as a result, we will use the ob-
served regional mean temperature trend to weight CMIP6 models
for future projection. The trend estimated from the observation is
subject to sampling uncertainty (or internal climate variability),
and this sampling uncertainty is accounted for when weight-
ing the models. To do so, we assume the temperature time
series contains a linear trend and a red noise that follows a

first-order autoregressive process. Red noise is often used
when assessing statistical significance of trends (e.g., von Storch
1995; von Storch and Zwiers 1999; Zhang et al. 2000). We then
use the method of Zhang et al. (2000) to estimate the trend and
its uncertainty. We found the best estimate of the summer mean
temperature trend over China during 1971–2014 to be 0.278C
decade21, with a standard deviation of 0.0438C decade21.

The best estimate and the standard deviation of the trend
are used to specify a Gaussian distribution with which we gen-
erated a set of 100 trend values as possible observed trend.
We then use these trend values to produce constrained future
projections, as we did for the three large ensemble models.

3. Results

a. Skills of the regional climatology and trend metric

The left panel of Fig. 2 presents the projected summer mean
temperature over China by the middle of the twenty-first cen-
tury with simulations of the large ensembles by the three models

FIG. 2. Multimodel projections and their target projections for changes in China’s summer mean temperature (8C) during 2041–60.
(left) The median (black ticks), the 25th–75th percentiles (boxes), and the 5th–95th percentiles (whiskers) with pseudo-observations pro-
duced by three different models. (right) The skill scores of weighted projections. In all cases, a positive skill score indicates an improve-
ment by the weighted ensemble projection.
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as pseudo-observations. Multimodel ensemble projections are
constructed by using equal weighting (i.e., unweighted) or opti-
mal weighting according to the four different metrics. As ex-
pected, different metrics consider different aspects, resulting in
different projections. However, the regional trend metric enhan-
ces the consistency between ensemble projections and the
pseudo-observations (of the future) to a greater extent than the
climatology or trend pattern metrics.

While climatology metric has been widely used, as a default
metric, to evaluate models’ performance, our results show that
the weighted projection based on the performance in reproduc-
ing historical climatology alone does not necessarily lead to an
improvement on projection especially regarding bias and distri-
bution similarity. The bias skill scores of the climatology metric
are the smallest when warming in the pseudo-observations is
much higher or lower than that in the simulations by the CMIP6
multimodel ensemble simulations, such as that simulated by
CanESM5 or by MIROC6. This indicates that climatology met-
ric has little capability to reduce model bias in warming, possibly
because present-day climate conditions are not strongly corre-
lated to the magnitude of warming or climate sensitivity (Herger
et al. 2018; Knutti et al. 2010; Sanderson et al. 2017). This is also
shown in Herger et al. (2018): “there is very little improvement
(hardly any RMSE improvement) to be gained by constraining
the climatology in terms of out-of-sample skill” (p. 146).

Weighted projections based on the performance of repro-
ducing past trend are generally more accurate, with better
agreement in the magnitude of projected changes and higher
skill scores in bias and S-score. The improvement over un-
weighted projection is especially clear when simulations by
the high sensitivity model CanESM5 or low sensitivity model
MIROC6 are used as pseudo-observations. When simulations
of CanESM5 are pseudo-observations, the unweighted
CMIP6 ensemble projection could not reproduce the large
magnitude of warming simulated by CanESM5. The projec-
tion has a cold bias of 1.348C. The weighted ensemble based
on trend reduces the bias to about 1.18C, leading to positive
skill scores of bias and S-score of 0.24 and 0.1, respectively.
This indicates that while model weighting can reduce bias,
there is a limit in the improvement when the bias is large. In
the case of MIROC6 as pseudo-observation, the weighted
projection shifts the value downward when compared to the
unweighted projection, with the median value closer to the
target median value and a considerable reduction in the un-
certainty range. These indicate that the trend metric, which
has a high correlation with future warming, has the effect of
reducing bias and uncertainty.

In contrast, when the trend pattern (spatial distribution of
trend) is used as a metric, it offers little improvement to the
projection, far less than that offered by the regional trend
metric. This is due to the fact that local trends are more af-
fected by natural variability, which renders the spatial distri-
bution of trends of little use for model evaluation.

The composite metric has been used to provide a compre-
hensive evaluation of models and to avoid overconfidence in
model weighting (Lorenz et al. 2018; Merrifield et al. 2020).
As half of the metric is not highly related to future warming
and the other half is directly connected to it, the effect of the

metric on enhancing projections lies somewhere between the
effects of its two components.

We note that the weighting does reduce uncertainty range
regardless of the metrics being used when simulations by EC-
Earth3 or MIROC6 models are used as pseudo-observations.
We also note that weighting models does not always reduce
uncertainty when compared with unweighted projection in
the case where simulations by CanESM5 are used as pseudo-
observations. This is to a large extent due to the fact that the
warming rate of CanESM5 is more an outlier compared with
other models. Given that the observed change is not such an
outlier when compared with model simulations, we expect
real-world applications of model weighting to reduce uncer-
tainty in projection.

As many applications require local-scale projection, we now
present various skill measures at the grid box scale. Figures 3–5
show the skill scores computed at the grid box level when simu-
lations by the three models are used as pseudo-observations.
Overall, these skill scores resemble those computed for the na-
tional mean temperatures. When the simulations by CanESM5
and MIROC6 are the pseudo-observations (Figs. 3 and 5),
weighting models based on regional trend and composite met-
rics show substantial reduction in bias and improvement in
matching the probability distribution as indicated by mostly
positive S-score. By comparison, there was less pronounced ef-
fect across the whole region when the climatology metric was
used to weight models, indicating that better performance in
simulating present-day climatology does not guarantee better
future projections. The use of the trend pattern metric for
model weighting offers some improvement regarding the bias
and S-score, but the improvement is smaller than the regional
trend metric. When the simulations by EC-Earth3 are the
pseudo-observations (Fig. 4), weighting the models based on
any metric does not affect the bias or the S-score, but the
width of uncertainty range is reduced.

The skill scores are not uniform over the space. For in-
stance, when performance in reproducing the regional trend
is used to weight models and the simulations of CanESM5 are
pseudo-observations, notably better skill scores can be seen in
the northeastern region while the scores in the lower reach of
the Yellow River Basin can be close to zero or even negative
(Fig. 3j). In the MICRO6 case, negative skill scores can be
seen in the Tibetan Plateau area and parts of Northwest
China (Figs. 5j,l). These grid box skill scores should be inter-
preted in the context that projection on local scale is inher-
ently more uncertain.

b. Proper spatial scale of the trend metric

Having identified that the trend metric is more effective for
model weighting, we now look at the connection between the
spatial scales of the trend and corresponding skill scores of
the weighted projection. Figure 6 displays the results when
simulations by CanESM5 are the pseudo-observations and
when temperature trends over the globe, over China, over
West and East China, or at the gridbox scale are used as the
model’s performance metric. In general, trends on different
spatial scales as metrics for model weighting do improve the
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projection, but their corresponding skill scores can be quite
different. When the global mean temperature trend is the per-
formance metric, the S-score skill scores show large spatial
differences with large positive scores in West China and
smaller or negative scores in Southeast China (Fig. 6i). When
the trend in the mean temperature over China is the perfor-
mance metric, improvement in the projection is more uniform
across the country, especially in terms of reduction in bias and
in matching the probability distribution although improve-
ment in the uncertainty range is small (second column in Fig. 6).
Results for the regional trends in the West and East China
mean temperature as a performance metric are similar to
those of China mean temperature trends, although skill scores
are slightly smaller overall (third column in Fig. 6). When the
temperature trends on grid box scale are used as a perfor-
mance measure, the skill scores indicate overall improvement
for the weighted projection when compared to unweighted
projection, but the improvement is very minimal (last column
in Fig. 6).

Figure 7 shows the results when simulations by EC-Earth3
are the pseudo-observations. As the projections by the EC-
Earth3 are already in the middle of the projections by the
available CMIP6 models, there is not much room for im-
provement regarding bias and S-scores. But the use of re-
gional trends as a performance metric for model weighting
does reduce uncertainty in the projection. On the contrary,
the use of global temperature trend as a metric for model
weighting increases projection uncertainty. Figure 8 presents

the results when simulations by MICRO6 are the pseudo-
observations. The use of global, regional, and subregional
trends as metrics improve the projection by reducing bias, uncer-
tainty, and improving distributional match across the country,
relatively uniformly. The use of grid box trend as a metric again
results in little improvement.

Overall, the results suggest that the level of uncertainty in
the trend estimate and representativeness of trend for the re-
gion of interest play an important role in the performance of
model weighting. When grid box scale historical trend is used
as a performance metric it offers some improvement than un-
weighted projection in China region, but the improvement is
small. This is because local trend is highly affected by natural
internal variability and thus its estimate is also highly uncer-
tain. When models are weighted according to their perfor-
mance in simulating the historical global mean temperature
trend, the effect on projection for different regions can be
quite different, indicating that the global-scale temperature
trend may not reflect important regional process or feedback
well. When the models are weighted based on their perfor-
mance in simulating regional trend over China or large subre-
gions of the country, future projections on both national and
grid box scales are improved, and the improvement is gener-
ally consistent regardless the targets and across the space.

c. Future projection of China’s summer temperature

As the regional mean temperature trend is generally the
most effective performance metric, multimodel projection for

FIG. 3. Spatial patterns of the skill scores corresponding to different model performance metrics. The skill scores include (a)–(d) bias,
(e)–(h) width of uncertainty, and (i)–(l) S-score of weighted projections relative to unweighted projection when the simulations by Can-
ESM5 are pseudo-observations. While the skill scores are computed for individual grids separately, the weights for every grid for the same
model are the same. The numbers in the top-left corners in each panel show the median value of the skill scores within the spatial domain.

L I E T A L . 15731 MARCH 2024

Brought to you by UNIVERSITY OF VICTORIA | Unauthenticated | Downloaded 03/18/25 10:16 PM UTC



summer temperature over China is produced based on this
metric. Figure 9 shows the time series of projected national
mean summer temperature under the SSP5–8.5 scenario.
From the figure, it appears that the weighted multimodel

projection shows a weaker warming when compared with the
unweighted projection, especially in the upper-95th-percentile
bound. There is also some reduction in the lower-5th-percentile
bound of the weighted projection, but it is lower than the upper

FIG. 4. As in Fig. 3, but for the simulations by EC-Earth3 as pseudo-observations for the projection.

FIG. 5. As in Fig. 3, but for the simulations by MIROC6 as pseudo-observations for the projection.
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bound, resulting in a narrower uncertainty range of the weighted
projection. This result is consistent with previous studies that
used other methods to address the “hot tail” CMIP6 model
problem, as the contribution of models that have relatively
higher sensitivity is reduced (IPCC 2021; Nijsse et al. 2020; Ribes
et al. 2021; Tokarska et al. 2020; Hu et al. 2022; Hausfather et al.
2022).

Focusing on the warming in specific time periods, such as the
midcentury and end of century, the above comparison between
weighted and unweighted projections becomes more apparent
(Fig. 10). In the mid-twenty-first century, the weighted multi-
model ensemble projects a median increase of 2.38C over the
1995–2014 base period, with a 5th–95th-percentile range of
1.678–2.98C. When compared with the unweighted multimodel
projection, the weighted projection shows a slightly lower
median value by about 0.048C, and a 0.778C (38%) reduction
in the uncertainty range, particularly as a reduction in the upper
bound. In the end of the century, the differences betweenweighted
and unweighted projections are more pronounced, with the
weighted ensemble projecting a warming of 5.278C, while the
unweighted ensemble projects 5.448C. The uncertainty range of
the weighted ensemble is 3.418–7.228C, which is lower than the
unweighted range by 0.878C (23%).

Figure 11 displays the median and 5th and 95th percentiles
of the weighted projection and its difference from the un-
weighted projection on grid box scale in the mid-twenty-first
century. Warming is widespread over the entire region and
for all percentiles, with the spatial median value of 2.318C for
the median projection and 1.528 and 3.28C for the 5th and

95th percentiles, respectively. Larger warming occurs in the
northern high-latitude regions, especially in Northwest China,
with the median increase of up to 2.758C and the 95th-percentile
warming more than 4.08C. The magnitude of warming decreases
from northwest to southeast, with a median warming as small as
1.758C in Southeast China.

Compared with the unweighted projection, there is little
difference in the median value of the projected change, though
the weighted projection tends to be slightly cooler with a spa-
tial median value of about 0.128C (Fig. 11b). The difference
in the 5th-percentile projection is even smaller, with values
mostly within 0.28C across the whole region. In contrast, the
95th percentile is much reduced in the weighted projection, with
the largest reduction of more than 0.88C in the Southeast China,
parts of the Tibetan Plateau region, and Northeast China, which
are also the region with the largest uncertainty (Fig. S4d). Due to
the reduction in the 95th percentile, the 5th–95th-percentile un-
certainty range is also reduced by at least 0.48C.

4. Conclusions and discussion

In this study, we examined the skills of model weighting
based on various model performance metrics in producing
summer temperature projections over China. We considered
models’ performance in reproducing the observed historical
climatology and trends on various spatial scales, including the
global, the regional, and grid-box scales as bases for model
weighting. We estimated model weighting skills using large-
ensemble simulations by three climate models of different cli-
mate sensitivities.

FIG. 6. As in Fig. 3 but for trends on different spatial scales as metrics and when the simulations by CanESM5 are the pseudo-observations.
The weights for every grid depend on the metrics being used. The skill scores are computed for individual grids separately.
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Our results clearly demonstrate that model weighting has
added values over unweighted (or equal weighting) if a
proper metric is used to evaluate the model’s performance.
We indicate clearly that using trends in the mean temperature

over China or subregions of China for model weighting yields
better results, leading to more consistent projections with the
pseudo-observations. Changes in temperature are mostly the
results of thermodynamic effect of global warming, it thus

FIG. 7. As in Fig. 6, but for the simulations by EC-Earth3 as pseudo-observations for the projection.

FIG. 8. As in Fig. 6, but for the simulations by MIROC6 as pseudo-observations for the projection.
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makes sense for historical temperature trend on relatively
large scale to be a relevant performance metric that reflect cli-
mate change signal. A large body of literature points that the
observed long-term warming trend in China region can be ro-
bustly attributed to anthropogenic forcing and thus reflects
the climate change signal, which means that the historical
trend can well represent the forced response for both the
model world and real world (Li et al. 2020; Sun et al. 2021).

When the model’s performance is evaluated based on a popu-
lar metric climatology, there is no solid evidence of improve-
ment in the prediction bias as there is not a clear and strong
relationship between models’ climate sensitivity and historical
climatology. Clearly, the model evaluation needs to fit for the
particular purpose and should have a clear physical basis.

Spatial scale on which model’s performance is evaluated
also plays a role. The trend in regional mean temperature
over China or subregions of China seems to perform better.
The projection on gridbox scale exhibits regional difference
when using the trend in global mean temperature, suggesting
that some regionally important processes and feedbacks may
not be well represented in the large-scale trend metric. Grid
box scale trends offer little improvement in the projection
over China region, suggesting that the noisy nature of trends
on such fine spatial scale does not provide useful information
for selecting better-performing models.

For the model weighting to be effective, the metric for eval-
uating the model’s performance must meet two conditions.
1) The metric should well represent models’ forced response,
with signal separable from internal variability. This way, mod-
els’ behavior is evaluated against climate response rather than
noise. 2) The metric must be relatable to future changes of
the variable of interest. As we have demonstrated that the his-
torical trend in summer mean temperature over China is ef-
fective as a metric for model weighting for the purpose of
projecting summer mean temperature in the future, it is possi-
ble to use this metric to produce weighted projection for dif-
ferent aspects of heatwaves, as the frequency, the magnitude,
and the duration of heatwaves are closely related to summer
mean temperature (Sun et al. 2014). It may also be feasible to
weight the model based on this metric to project future
changes in extreme precipitation of short duration due to the
connection between atmospheric moisture and temperature.

By weighting the CMIP6 models based on their perfor-
mance in simulating the observed summer temperature trend
in China, we project that summer temperature in China will
increase by about 2.38C with the 5th–95th-percentiles range of
1.678–2.98C, by the middle of the twenty-first century (2041–60).

FIG. 9. Time series of summer temperature change (8C) in China region under the SSP5–8.5
scenario (relative to 1995–2014). The solid lines are the median value from weighted (orange)
and unweighted (gray) ensembles; the shading represent the 5%–95% ranges.

FIG. 10. Histogram for projected changes in summer tempera-
ture over China for (a) the middle of the twenty-first century
(2041–60) and (b) the end of the twenty-first century (2081–2100)
relative to the 1995–2014 base period. The histogram shading
shows the sampling frequency distribution. The lines at the bottom
mark the 5%–95% ranges, with the median values marked by the
vertical ticks.
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Compared with the unweighted projection, the median and
the 5th percentile change little, but the 95th percentile is re-
duced by 0.778C. This is in line with some studies that suggest
climate sensitivities in some CMIP6 models to be too high
(Sherwood et al. 2020; Hausfather et al. 2022). The weighted
projection has a smaller uncertainty range compared with that
of the unweighted projection, with a reduction of 38%. A
larger reduction in the uncertainty is observed in the South-
east China and parts of Northeast China region, with a magni-
tude as large as 0.48C. As the model weighting scheme has
shown to be effective in a set of imperfect model tests, as well
as we have considered the influence of internal variability on
regional observed trend and used all available runs of models

to generate the future projection, the confidence about the re-
duction in uncertainty is high.
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FIG. 11. Weighted projection and its difference from unweighted projection for summer mean temperature changes
(8C) for the middle of the twenty-first century. The median and the 5th and the 95th percentiles of (left) weighted pro-
jection and (right) the difference are shown. The numbers in the top-left corner in each panel show (left) the median
value of the warming and (right) the difference within the domain.
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following URL: https://esgf-node.llnl.gov/search/cmip6/. The
high-quality in situ dataset (CN05.1) is available through Wu
and Gao (2013).

APPENDIX

The Shape Parameters in the ClimWIP Method

Shape parameters sd and ss play crucial roles in captur-
ing the strength of model performance and independence;
sd regulates the degree of model performance on the
weights, while ss regulates how model similarities against
each other are balanced. A larger value of sd leads to a
more uniform weighting of models, while a small value of
sd leads to a more aggressive weighting. The ss determines
the typical distance between two models considered to be
similar. Increasing ss allows for two models to be farther
apart and still be considered almost identical. More details
and discussions of the method can be found in Knutti et al.
(2017), Lorenz et al. (2018), and Brunner et al. (2020).

To estimate the two shape parameters, we utilize the
same approach as Knutti et al. (2017) and Lorenz et al.
(2018); it is also an imperfect model test setup but using
all available models as “pseudo-observations.” For every
model as “truth,” we calculate the weighted projection for
sd 3 ss combinations (More exactly, we varied the sd and
ss within the range of 0.2–0.8, with the step of 0.04, like
what is shown in Fig. S5). After repeating this process M
times (each model having been selected to represent the
“truth” once), we choose the parameter combinations so
that the model as truth lies within the 5th–95th-percentile
range at least 80% of the time. This inside ratio 80%
threshold was commonly chosen to avoid overconfidence in
the weighting and ensure a reasonably broad range. Since the
effect of sd on the ratio and the final result is larger than
the ss value (Knutti et al. 2017; Brunner et al. 2020), we prior-
itize selecting a minimum value for sd. In this work, we use
three large ensembles as pseudo-observations, for each of
them and each of the metrics, we conduct the process of se-
lecting the best shape parameters. For the case that climatol-
ogy metric is used as performance metric, the results of inside
ratio for varying parameters sd and ss are shown in Fig. S5.
The optimized shape parameters for all cases are summarized
in Table S2.

Generally, when the trend metric is used, larger values of
sd are selected compared to when other metrics are used.
As for ss, it determines the typical distance between two
models considered to be similar. One standard to check its
suitability is by comparing it with the intermember distan-
ces and intermodel distances to see if it is somewhere be-
tween these two. In the case of the climatology metric, the
value of ss is selected as 0.44 for all three large ensembles
cases. In the context of the ensemble used, the median of
the generalized distance between pair models is about 1.04,
while the median of the generalized distance between pair
members of CanESM5, EC-Earth3, and MIROC6 are 0.21,
0.12, and 0.07, respectively. Therefore, the selected ss value

is suitable as a typical distance to separate the intermodel
and intermember distances.
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