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Climate Model Projections of 21st Century Global
Warming Constrained Using the Observed
Warming Trend
Yongxiao Liang1 , Nathan P. Gillett2 , and Adam H. Monahan1

1School of Earth and Ocean Sciences, University of Victoria, Victoria, British Columbia, Canada, 2Canadian Centre for
Climate Modelling and Analysis, Environment and Climate Change Canada, Victoria, British Columbia, Canada

Abstract The Coupled Model Intercomparison Project Phase 6 (CMIP6) archive includes larger
ensembles, longer historical simulations, and models with a broader range of climate sensitivity than
CMIP5. These features favor the application of observationally constrained climate projections. The
1970–2014 trend in global mean temperature is well‐correlated with projected future warming across the
CMIP6 multimodel ensemble. We first evaluate an approach that weights simulations based on the realism
and degree of independence of their 1970–2014 trends, by treating each historical simulation in turn as
pseudo‐observations, and using the other models and weighting method to predict 21st century warming in
the model concerned. The method performs well based on correlation and probabilistic measures. Applying
the method using the observed 1970–2014 warming trend results in only small changes in the mean and
lower bound of CMIP6 projected warming but substantially reduces the upper bound of projected early‐,
mid‐ and late‐21st century warming under all SSP scenarios.

Plain Language Summary Different climate models predict different amounts of future
warming over the 21st century. Most previous studies have weighted models equally to derive a range of
projected future warming. Here, we test and apply an approach that gives more weight to models, which are
better able to match the observed 1970–2014 warming trend. This approach substantially reduces the upper
bound of projected warming over the 21st century.

1. Introduction

Uncertainties in climate model projections of future climate change result from the use of different emis-
sions scenarios, model imperfections, and natural variability (Deser et al., 2012; Knutti et al., 2017; Knutti
& Sedlacek, 2013). The Fifth Assessment Report (AR5) of the Intergovernmental Panel on Climate
Change (IPCC) included a range of model projections of long‐term warming without any
performance‐based weighting (Collins et al., 2014). Projections in the IPCC's Sixth Assessment Report
(AR6) will be based largely on CMIP6 (Eyring et al., 2016). Compared to CMIP5, the number of different
models, model variants, and ensemble sizes of individual models have all increased in CMIP6. Future sce-
nario simulations in CMIP6 were coordinated by the ScenarioMIP project (O'Neill et al., 2016) and are dri-
ven by a new set of emissions and land use scenarios, known as Shared Socioeconomic Pathways (SSPs)
(Riahi et al., 2017), produced using scenarios of future socioeconomic development to drive integrated
assessment models. Some new CMIP6 models show higher transient climate response (TCR) and equili-
brium climate sensitivity (ECS) compared with previous versions of these models in CMIP5 (Gettelman
et al., 2019; Sellar et al., 2019; Swart et al., 2019; Voldoire et al., 2019; Zelinka et al., 2020), with some models
warming more strongly than observations in recent decades (Swart et al., 2019). Multiple studies have
argued for approaches other than using an unweighted ensemble of climate models to make projections,
as not all models are equally skillful in reproducing observations (Brunner et al., 2019; Gillett, 2015;
Knutti et al., 2017; Lorenz et al., 2018). In addition, CMIP6 includes multiple versions of similar models with
differing resolution or differingmodel components. It may not be appropriate to use the arithmetic multimo-
del mean across all models given that the multimodel ensemble includes multiple closely related versions of
some models, which are not independent (Knutti et al., 2013; Masson & Knutti, 2011). Here, we apply a
weighting method defined by Knutti et al. (2017), following Sanderson et al. (2015a, 2015b, 2017).
This method weights climate model simulations based on performance and independence
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(Brunner et al., 2019; Knutti et al., 2017; Lorenz et al., 2018; Sanderson et al., 2015a, 2015b). Knutti
et al. (2017) weighted multimodel projections of Arctic sea ice and temperature based on meaures of sea
ice and temperature mean state, variability, and trends, showing that the weighting reduces model spread
and projects a more rapid sea ice decline than the unweighted ensemble.

A recent study by Jimenez‐de‐la‐Cuesta and Mauritsen (2019) showed that warming of indidvidual CMIP5
models over the post‐1970 period is highly correlated with their TCR and used this relationship to constrain
the TCR. Similarly, Nijsse et al. (2020) find a strong correlation between post‐1970s warming and TCR in the
CMIP6 models. The strong relationship between post‐1970 warming and TCR arises because the tempera-
ture change since 1970 has been dominated by the response to greenhouse gases, with only a small
aerosol‐induced temperature change over this period (Jimenez‐de‐la‐Cuesta & Mauritsen, 2019; Nijsse
et al., 2020). The aerosol cooling exhibited an increase up until around 1970, with strong differences in for-
cing and response betweenmodels, meaning that temperature changes since the preindustrial period are not
as strongly correlated with TCR across models (Forster et al., 2013; Jimenez‐de‐la‐Cuesta &Mauritsen, 2019;
Nijsse et al., 2020; Tokarska et al., 2020). Therefore, as the observational record continues to lengthen,
observed warming trends for the post‐1970s period may be a good metric to constrain projected warming.
Recently, Tokarska et al. (2020) applied a regression‐based approach to constrain future warming
from CMIP6 simulations based on observed warming trends: Here, we apply a complementary
weighting‐based approach.

In this study, we apply the weighting approach of Knutti et al. (2017) to projections of 21st century warming,
weighting simulations based on their historical temperature trends. In section 2 we describe the data sets
and themethods used. Our results are shown in section 3. First, we explore the selection of a time period over
which the simulated trend is well‐correlated with projected future warming. Then we evaluate the weighting
method and weighting metric using a cross‐validated imperfect model test and probabilistic validation. This
section also assesses the use of weights based on gridded surface air temperature and the implications of
using all available ensemble members as opposed to using a single realization per model. We then present
projections for changes in global near‐surface air temperature constrained by observations. Section 4 con-
tains a summary and conclusions.

2. Data and Methods
2.1. Global Climate Model Data From CMIP6

The CMIP6 archive includes output from global climate models from institutions around the world.
Historical model simulations (1850–2014) and projections (2015–2100) of climate change under each of
the Tier 1 SSP scenarios are used in this study (O'Neill et al., 2016; Riahi et al., 2017). All available model
simulations, includingmultiple initial condition ensembles for individual models, are considered in our ana-
lysis. Thirty models with up to 50 ensemble members each are included in the analysis (see supporting infor-
mation Table S1). Our study focuses on changes in monthly‐mean global‐mean near‐surface air temperature
(GSAT) in historical and future periods. In a sensitivity analysis, we also use gridded SAT climatologies over
the period 1979–2014.

2.2. Observations

The HadCRUT4 data set consists of monthly historical instrumental temperature records, combining sea
surface temperature data from the UK Met Office Hadley Centre with land surface air temperature records
from the University of East Anglia Climate Research Unit (CRU) (Bridgman & Oliver, 2006). In our model
analysis we generally consider globally complete GSAT rather than using blended near‐surface air tempera-
ture over land and ice and SST over the ocean masked with observational coverage as in HadCRUT4
(GMST). We calculated both the multimodel mean of GSAT and simulated blended GSAT over land and
ice and SST over ocean masked with HadCRUT4 coverage, in a subset of CMIP6 historical simulations.
The multimodel mean ratio of 1970–2014 trends in GSAT versus GMST trends over the subset of models
was 1.074. Therefore, we scaled the observed HadCRUT4 trend over this period by this ratio, in order to esti-
mate the observed globally complete GSAT trend and then used this value when we derived weights based
on the observations. In the sensitivity analysis, we use gridded SAT from ERA5 (C3S, 2017) to calculate the
difference in simulated and reanalysis climatologies (Text S1).
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2.3. Imperfect Model Test

In order to compare the performance of the weighting method compared with unweighted averages, we con-
duct a cross‐validated imperfect model analysis of the CMIP6 simulations. In order that the calculation not
be dominated by a small number of models with large ensemble size, we randomly pick out one ensemble
member per model to act as “truth” (referred to as the “pseudo‐observations”), and the weighting approach
is applied using individual ensemble members from all other models to predict this “truth.”We also consider
probabilistic validation of the imperfect model test. To validate weighted projections, we noted in which
quintile of the projection (0–20%, 20–40%, etc.) pseudo‐observations lie for each projection, across all mod-
els. Ideally, 20% of the projections would lie in the first quintile, 20% in the second quintile, and so on. As a
sensitivity analysis, all of these calculations are also repeated using all available ensemble members to derive
projections but with equal weights applied to each model.

2.4. Weighting Method

The weighting method used in this study is described by Knutti et al. (2017) and is based on Sanderson
et al. (2015a, 2015b). The weights wi (defined for each ensemble member for each model) account for both
model performance and interdependence:

wi ¼ e
−Di2

σ2
D

1þ∑M
j≠ie

−
sij

2

σs2

: (1)

In the numerator of equation 1, Di is the distance of model i to observations. The parameter σD controls how
strongly model performance is weighted. For large values of σD the weight given to each model is approxi-
mately equal. Small values of this parameter imply a more stringent constraint, putting most of the weight
on a fewmodels. In the denominator of equation 1,M is the number of simulations, Sij is the distance between
models i and j, and σs the parameter that controls how stronglymodels are penalized due to similarity to other
models (Knutti et al., 2017; Lorenz et al., 2018). Both Di and Sij are evaluated here as absolute differences in
1970–2014 temperature trends (simulated and observed for Di, pairs of simulated for Sij) normalized by their
median across models. The method we use to calculate σs (Text S1) is that proposed by Brunner et al. (2019),
and the method we use to calculate the shape parameter σD is that described by Knutti et al. (2017) and
Lorenz et al. (2018).

In the CMIP6 archive, for each SSP, only single ensemble members are available for some models, while a
large number of ensemble members are available for others. Using all available simulations in determin-
ing the uncertainty range in the imperfect model test could result in the models with large ensemble
numbers dominating, even when model independence is taken into account in the weighting procedure.
This fact motivates investigating how the uncertainty range is affected by considering the entire set of
simulations or only considering single ensemble members from each model. Our analysis focuses on
results with weights based on one randomly seleted ensemble member per model, with the random selec-
tion process repeated 5,000 times (note that models with small ensembles will less effectively sample the
range of internal variability). For each random set of realizations, we determine σD as described in Text
S2. As a sensitivity analysis, we also conduct an analysis using all ensemble members, giving equal
weights to each ensemble member from individual models and calculating weights based on the ensemble
mean for each model and further weighting individual ensemble members by the inverse of the ensemble
size (Text S2). In this sensitivity analysis, the ensemble mean is used in the distance measure Di in order
to reduce the influence of internal variability. In a second sensitivity test using quantities other than the
historical trend to weight models, we further consider weighting based on the root‐mean‐square‐
difference (RMSD) between historical and simulated gridded SAT and a compound metric, which com-
bines temperature trend and RMSD of gridded SAT with equal weight in the distance metric. The specific
steps to calculate RMSD of gridded SAT are presented in Text S3. Finally, in order to assess the perfor-
mance of the weighting method, we compare results with those obtained by giving equal weight to
each model.
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3. Results
3.1. Selection of Time Period

The primary quantity that we use to weight models is the GSAT trend over the historical period. The trend in
global mean temperature over 1970–2014 is correlated well with projected future warming across the CMIP6
multimodel ensemble (Text S4; Figure 1a; the correlation coefficient is 0.80). This correlation has the highest
such correlation out of a range of time periods we considered (Text S4). The fact that this period results in a
higher correlation than for example 1960–2014 is probably a consquence of the fact that aerosol forcing has
not changed much over the 1970–2014 period, so most of the GSAT trend over this period will be driven by
GHGs, similar to future changes (Jimenez‐de‐la‐Cuesta & Mauritsen, 2019; Nijsse et al., 2020).

We also evaluate the correlation coefficient between the GSAT trend and future warming, randomly sam-
pling one ensemble member per model (and repeating this process 5,000 times; Text S4). The corner plot
of Figure 1a shows the distribution of correlation values. The correlation is always relatively high, with a
mean value of 0.68, and 5–95% ranges of 0.57–0.75 for future periods of 2081–2100. The relationship between
historical GSAT trend and future warming among models is robust.

Figure 1b shows a comparison of simulated and observed trends over 1970–2014 across the different CMIP6
models. Many models show higher GSAT trends compared with observations, associated with the high cli-
mate sensitivity of these models (Gettelman et al., 2019; Sellar et al., 2019; Swart et al., 2019; Voldoire
et al., 2019). In particular, the GSAT trends of CanESM5, UKESM1, and CESM‐WACCM show trends that
are significantly higher than observed GSAT trends at the 5% level, based on a t test.

3.2. Evaluation of the Weighting Method
3.2.1. Imperfect Model Test
In order to evaluate the performance of the weighting scheme based on the GSAT trend, we use an imperfect
model test of weighted and unweighted results from the CMIP6 historical simulations and future projections
of 2041–2060 and 2081–2100 using one member per model, selected at random (Text S5). The performances
of the unweighted approach and weighting scheme are compared with the simulation being used as
pseudo‐observations using root‐mean‐square‐error (RMSE) and correlation (r) between pseudo observations
and statistical model predictions (Figure 2). This procedure is repeated for 5,000 random samples from the
full set of model simulations. As shown in Figures 2a and 2b, the weighted results using the GSAT trend show
better performance than the unweighted results both for the historical period and future projections, as mea-
sured by both correlation and RMSE. The mean RMSE difference across the 5,000 samples is 0.004 K/y for
the historical trend and 0.04 and 0.12 K, respectively, for for projected changes in 2041–2060 and 2081–2100).
Compared with unweighted projections, the weighting method results in robustly large and positive correla-
tion coefficients between pseudo observations and mean predicted warming (Figure 2c). While the correla-
tion coefficient for the unweighted averages is large, it is negative (always close to −1 for both historical and
future periods). This is because when a model with stronger than average trends is treated as pseudo‐
observations, the ensemble of remaining models will tend to have weaker trends than average across the full
ensemble and vice versa. It is evident from Figure 2 that, based on the centred correlation coefficient, the
unweighted average has essentially no skill at predicting the pseudo‐observations, as expected. Repeating
the imperfect model test using ensemble means results in larger correlation values (Figure S2, Table S4).
This result is strongly influenced by the small number of models with high climate sensitivity and
large ensembles.

Repeating these calculations using the RMSD of gridded SAT (Text S6), we find that this quantity is not as
useful as the GSAT trend for constraining future warming with historical records. Therefore, we focus on
the GSAT trend as our primary metric to apply the observational constraint.
3.2.2. Probabilistic Validation
Probabilistic validation of our approach is important, since we are concerned with whether our uncertainty
estimates are robust. For probabilistic validation (Text S7), we noted in which quintile of the projection
pseudo‐observations lie for each weighted or unweighted projection, across all models, and then constructed
a histogram of the relative frequencies for each quintile. As before, random samples of individual ensemble
members are taken from each model, and the process is repeated 5,000 times.
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Figure 1. (a) Scatterplot of projected 2081–2100 warming relative to 1995–2014 under the SSP5‐8.5 scenario against
simulated 1970–2014 trends in GSAT. Colors correspond to those used in panel (b). Inset: probability density function
(PDF) for correlation cofficient between GSAT trend and future warming based on 5,000 random samples of one
ensemble member per model. The red histogram shows the PDF for correlation of historical GSAT trend and future
warming in 2081–2100. The horizontal red line shows the corresponding 5–95% range, and the vertical tick shows the
mean. (b) Comparison of simulated (colored bars) and observed (black dashed line) GSAT trends (units: K/y) over
1970–2014. The bars show uncertainty range for all model's ensemble members. The numbers marked at the bottom of
each bar for panel b represent number of member in each model.
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Figure 2. Reductions in RMSE due to the application of the weighting approach and correlations between mean
weighted projections and pseudo‐observations based on an imperfect model test with one ensemble member
randomly stelected per model (repeated 5,000 times). Panel (a) and panel (b) show the distributions of RMSE decrease by
weighting (relative to unweighted) for historical GSAT trends (green shading) and projected GSAT change under
SSP5‐8.5 (2041–2060 with red shading and 2081–2100 with black shading, respectively). Panel (c) shows the PDF of
correlation coefficients for historical and future periods. We calculate correlation coefficients between the
pseudo‐observations and predicted means (both weighted and unweighted) for each random single‐member per model
sample. The red, black, and green shading show the correlation coefficients of weighted predicted means versus
pseudo observation for 2041–2060, 2081–2100, and 1970–2014. The mean estimated correlation coefficient is 0.97 (P < .01
for all 5,000 samples) for the historical period, 0.40 (94% of 5,000 samples show P < .1) for 2041–2060, and 0.42 (98% of
5,000 samples show P < .1) for 2081–2100. The correlation coefficients of unweighted predicted means versus
pseudo observation for all periods are always close to −1.
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Figures S4a and S4b show the results of the probabilistic validation applied to mid‐century and end‐of‐
century projections respectively under SSP5‐8.5. Even though the 5–95% ranges of weighted distributions
are 25% narrower, the weighting approach gives approximately equal relative frequencies in each quintile,
similar to the unweighted prediction. Note that the unweighted prediction, in which one of 29 models is

Figure 3. Distributions of projected GSAT warming between 1995–2014 and 2081–2100 in each of four scenarios (panels
a–d), both constrained by observations (green) and unconstrained (black), based on 5,000 samples each with one
randomly selected ensemble member per model. Unconstrained projections (black) are obtained giving equal weights to
each model. The weights for the weighted method (green) are calculated based on the corresponding models' historical
GSAT trends. The solid lines in green and black, respectively, represent the sample mean CDF for the weighted and
unweighted method, respectively. Horizontal green and black lines show the best estimates of corresponding 5–95%
ranges, and the vertical ticks show the corresponding means. The upper parts of panels (a–d) show the PDF of the 5th
percentile, mean (dashed), and 95th percentile based on the distributions of projected GSAT warming between
1995–2014 and 2081–2100 in each of four scenarios. Panel (e) shows the best estimates of the 5–95% ranges of weighted
(green) and unweighted (gray) results for other projection periods. The green (black) tick marks show the corresponding
means of weighted (unweighted) results.
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withheld and the CDF is constructed based on the remaining models with equal weight given to eachmodel,
is expected to perform well on this metric: If the validation was performed on the full ensemble without
withholding models, the relative frequency for each quintile would be identically 0.2. We also applied the
probabilistic validation using the full ensembles calculation (Text S7). Qualtitatively similar results were
obtained (Figure S5).

3.3. Projections Constrained by Observations

Since the imperfect model analyses demonstrate that the weighting method has better performance than
unweighted averages and probabilistic validation demonstrates that the weighting method performs well
on uncertainty estimation, the weights obtained from the observed and simulated GSAT trends over the his-
torical period by equation 1 can be applied to climate change projections for which we do not have observa-
tional estimates. Figures 3a–3d reveal that when using this weighting scheme, the distribution of weighted
GSAT changes is narrower than that obtained without weighting for the projection period 2081–2100. This
reduction of spread by weighting results occurs in other time periods as well (Figure 3e). Table S6 provides
the 5–95% range and mean projection values for the four scenarios in each of three periods (2021–2040,
2041–2060, and 2081–2100), all computed as the average of the 5,000 single ensemble member samples.
The weighted distribution of GSAT changes has a slightly lower mean than the unweighted model mean.
For example, the weighted (unweighted) distribution has mean 3.82 K (3.90 K) in the high emission scenario
SSP5‐8.5 and 1.03 K (1.11 K) in the low emission scenario SSP1‐2.6 in 2081–2100. The lower bounds of the
projected ranges increase in the weighted ensemble, particularly for SSP5‐8.5. However, the largest effect
of the weighting is seen on the upper bound: The 95th percentiles of warming estimated from the CDF of
the observationally constrained distribution (upper bound of green shaded band in Figure 3e or values in
Table S6) are substantially lower than the corresponding unweighted values (upper bound of black shaded
band in Figure 3e or values in Table S6) across all scenarios and periods. Finally, for SSP3‐7.0 and SSP5‐8.5,
we find that the projection upper bounds show wide distributions across individual ensemble samples
(Figures 3c and 3d); the widths of the distributions are reduced substantially by weighting.

We also constrain projections using all ensemble members by calculating weights by equation 1 based on the
ensemble mean for each model (Text S2) and give equal weights to each ensemble member of a model. We
find there is no substantial difference between the weighting results in this case and the means of the single
ensemble samples (Table S6, Figure S6). When climate change projections are made using the compound
metric involving GSAT trend and RMSD of gridded SAT, we find the results are close to the projection using
GSAT trend alone (Table S6). As well, the model weights obtained from a compound metric involving both
the GSAT trend and gridded SAT are close to weights obtained from the GSAT trend (Figure S7).

4. Summary and Conclusions

Consistent with the results of Forster et al. (2013), we find that projected warming in the CMIP6 simulations
is not strongly correlated with warming over the full historical period, likely due to differences in aerosol for-
cing between models, and for this reason historical warming trends have not generally been used as a con-
straint on projected future warming. However, with the aerosol forcing and response having remained
approximately constant since the 1970s (Forster et al., 2013; Nijsse et al., 2020), the lengthening observa-
tional record now affords us a period of more than four decades in which the observed climate response
has been dominated by the effects of greenhouse gas increases and over which warming trends are closely
correlated with Transient Climate Response (Daines et al., 2016; Jimenez‐de‐la‐Cuesta & Mauritsen, 2019;
Nijsse et al., 2020) and future warming in scenarios in which radiative forcing is dominated by further green-
house gas increases. Hence in this study, we evaluate and apply an existing weighting method based both on
model quality and independence (Knutti et al., 2017), to constrain projected warming in the CMIP6 simula-
tions under the SSP scenarios using the GSAT trend.

Because of marked differences in the number of ensemble members provided for different models in the
CMIP6 ensemble, we compared the results of weighting using ensemble means with the distribution of
weighting results obtained by randomly sampling individual members from each ensemble. We find appre-
ciable differences between values from the full‐ensemble calculations and the mean values across the single
ensemble member samples in imperfect model test results and hence focus our analysis on the latter
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measure, which is less sensitive to differences in ensemble size across models. Nonetheless, differences in
projected warming constrained by observations between the two approaches are small.

Since an assumption for using this weighting method to constrain projections is that models that have a rea-
listic historical simulation also have realistic future projections (Brunner et al., 2019; Knutti et al., 2017;
Lorenz et al., 2018), we evaluate the weighting method in an imperfect model test and compare with
unweighted results. In the imperfect model test applied to mid‐century warming (end‐of‐century warming)
under SSP5‐8.5 and considering means across 5,000 single‐member per model samples, we find that the
method gives 26% (25%) narrower best estimate confidence limits than the unweighted ensemble, with a cor-
relation coefficient of 0.40 (0.42) between the mean weighted projection and truth and good performance in
terms of probabilistic validation.

We also consider an RMSD‐based metric and compound metric including GSAT trend and RMSD of gridded
SAT. The metric based on RMSD in gridded SAT was not found to significantly improve the projections of
mean warming compared to unweighted results in the imperfect model test. The compound metric was
found to perform similarly to the trend‐based metric. This result indicates that the RMSD of gridded SAT
does not produce a robust constraint on future warming.

Applying the method to projected warming using the observed 1970–2014 GSAT trend as a constraint, we
find lower mean projected warming under all scenarios and substantially lower 95th percentile warming
in all cases. For example, we find best‐estimate observationally constrained 5–95% warming ranges of
2.72–4.77 K and 0.52–1.66 K for 2081–2100 under the SSP5‐8.5 and SSP1‐2.6 scenarios, respectively, with
upper bounds substantially lower than the corresponding unconstrained ranges of 2.48–5.34 K and 0.47–
1.87 K for 2081–2100. For the 2021–2040 period, we find best‐estimate observationally constrained 5–95%
warming ranges of 0.48–1.06 K and 0.39–0.95 K under the SSP5‐8.5 and SSP1‐2.6 scenarios, respectively, also
with upper bounds substantially lower than the corresponding unconstrained ranges of 0.43–1.25 K and
0.38–1.08 K. For the large‐forcing scenarios SSP3‐7.0 and SSP‐8.5, the range of the 95th percentile warming
across single‐member per model samples is substantially reduced by weighting, relative to the
unweighted range.
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