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C L I M AT O L O G Y

Should we think of observationally constrained 
multidecade climate projections as predictions?
Tong Li1, Francis W. Zwiers1,2*, Xuebin Zhang1

Empirical evidence indicates that the range of model-projected future warming can be successfully narrowed by 
conditioning the projected warming on past observed warming. We demonstrate that warming projections con-
ditioned on the entire instrumental annual surface temperature record are of sufficiently high quality and should 
be considered as long-term predictions rather than merely as projections. We support this view by considering the 
skill of predicted 20- and 50-year lead temperature changes under the Shared Economic Pathway (SSP)1-2.6 and 
SSP5-8.5 emission scenarios in climates of different sensitivities. Using climate model simulations, we show that 
adjusting raw multimodel projections of future warming with the Kriging for Climate Change (KCC) method elim-
inates most biases and reduces the uncertainty of warming projections irrespective of the sensitivity of the cli-
mate being considered. Simpler methods, or using only the more recent part of the temperature record, provide 
less effective constraints. The high-skill future warming predictions obtained via KCC have a serious place in 
informing global climate policies.

INTRODUCTION
Human-induced climate change is causing widespread increases in 
climate risks (1–3) that can be partially mitigated through improved 
predictions of long-term climate change (4, 5). For example, more 
precise information about the future state of the climate would en-
able engineers to design infrastructure that meets resilience require-
ments during its expected service life at a lower cost (6).

Climate projections are made with climate models that are typi-
cally initialized from a long preindustrial simulation and then inte-
grated forward in time accounting only for estimated historical 
external forcings and future forcing scenarios (7, 8). These projec-
tions are subject to large modeling uncertainty and cannot be verified 
against the yet-to-be-observed future. Previously made multimodel 
projections of near-term warming have been assessed relative to 
recent observations and have proven to be generally successful, but 
their evaluation against observations also demonstrates the difficul-
ties that arise because of modeling uncertainty and the large influence 
of internal variability in the near term (9–13).

Early studies that used observations to constrain future projec-
tions (14–16) did so without considering statistical relationships 
between past and future states simulated by climate models. Im-
proved statistical tools that consider observed and model-simulated 
historical changes together with model-simulated future changes 
[also known as emergent constraints (ECs)] have enabled improved 
observationally constrained model projections. Many of these stud-
ies have used observed changes since 1980 as a constraint (17–19), 
as this period has been less affected by changes in aerosol forcing 
than earlier periods (17, 20–22). This has successfully narrowed 
modeling uncertainty under a given emission scenario (17, 23–25). 
Earlier studies used linear regression models to constrain equilib-
rium climate sensitivity (26–28) and snow albedo feedback (29, 30). 
Recent studies have also used Bayesian-based methods, including 

hierarchical emergent constraints (HECs) (31) and Kriging for Climate 
Change (KCC) (25), to constrain future projections of extreme 
precipitation (18, 32) and regional and global mean temperatures 
(25, 33–35).

Climate predictions on timescales of a season up to a decade are 
made with climate models that are initialized with the current ob-
served climate state and use prescriptions of the historical and near-
term future external forcing (36). That is, climate prediction describes 
a future evolution of the state of the Earth system that is conditional 
on a recently observed state and some specified boundary condi-
tions. ECs operate by making a projected change conditional on 
past, observed climate change and work when the future evolution 
of the climate depends on how the climate has attained its current 
state (37, 38). Thus, the problem addressed by constrained climate 
projections is not so different from that of climate prediction. While 
long-term climate projections by climate models are not initialized, 
ECs make it possible to frame the projection problem much more 
confidently as a prediction problem, where future outcomes are under-
stood as being conditional on present and past conditions and some 
assumed boundary conditions in the form of an emissions path.

Making predictions of future change conditional on observed 
historical changes naturally leads us to consider the Bayesian-based 
approach in this study and, thus, either the HEC or KCC methods. 
These methods are conceptually identical, with differences between 
various studies being due to implementation choices. In all cases, 
the idea is to use multimodel projections to obtain a prior distribu-
tion on a projected future change that is then updated with evidence 
from past observations to produce a posterior distribution on that 
future change that is both narrower and hopefully more closely cen-
tered on the future truth. This understanding, along with the avail-
ability of large ensemble simulations by climate models of different 
sensitivities, enables us to investigate the sources and level of skill in 
multidecade climate predictions. We focus on predicting the climate 
of future 20-year periods relative to the current climate (1994–2023) 
with 20- and 50-year lead times, as these time frames are highly rel-
evant for adaptation planning and mitigating climate risk (39). We 
demonstrate that the evolution of historical global mean tempera-
ture to date contains sufficient information to produce predictions 
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that have substantially lower bias and uncertainty than unconstrained 
multimodel projections.

RESULTS
EC performance
The EC problem is essentially a missing data problem. Models pro-
vide simulations of historical and future states, but observations can 
only provide us with estimates of past climate states. ECs aim to 
estimate the “missing“ future observations using past observations 
and climate models. To test EC performance, individual climate 
model simulations can be used as pseudo-observations, which, unlike 
real observations, are available for both the past and future states. 
This allows ECs in different configurations to be repeatedly applied 
to different realizations of pseudo-observations of the past, with the 
resulting constrained projections being verified against correspond-
ing future pseudo-observations. Using climate models with different 
characteristics, including different climate sensitivities, we can deter-
mine whether an EC will also perform well when using the particular 
realization of the observed climate system that we are experiencing 
and assess the skill of constrained future projections when treated as 
predictions (see Materials and Methods for details). Specifically, we 
use individual simulations from three climate models, the Model for 
Interdisciplinary Research on Climate version 6 (MIROC6) (40), 
the Australian Community Climate and Earth System Simulator 
Earth System Model version 1.5 (ACCESS-ESM1.5) (41), and the 
Canadian Earth System Model version 5 (CanESM5) (42) with large 
ensemble simulations that have low, medium, and high sensitivities 
among all Coupled Model Intercomparison Project Phase 6 (CMIP6) 
models as pseudo-observations. These represent cases where the 
projected warming is substantially lower than, similar to, or greater 
than the multimodel mean warming of the remaining CMIP6 models 
that are used to predict the future state.

Results show that the use of the year-by-year temperature evolu-
tion during the preindustrial period (1851–1900) does not allow 
KCC to produce useful constraints; the bias in projected tempera-
ture over a 50-year lead time is not reduced (Fig. 1A), and projection 
uncertainty remains similar to the raw model projection uncertain-
ty (Fig. 1B). This outcome is expected because external forcing dur-
ing this period is too weak to produce a detectable response in 
global mean surface temperature (43). As we will also discuss later, 
good performance, in terms of reducing bias and narrowing projec-
tion uncertainty, only becomes possible when the transient response 
to anthropogenic forcing becomes detectable.

The best estimates of projections constrained by the global mean 
surface temperature evolution over periods of different lengths ending 
in 2023 align well with future changes in the pseudo-observations 
under the Shared Socioeconomic Pathway (SSP)5-8.5 scenario, despite 
large biases in the raw multimodel mean projections relative to 
the “reality“ of the pseudo-observations from either MIROC6 or 
CanESM5 (Fig. 1A). Using periods that contain information about 
the transient response of the climate to forcing provides KCC with 
sufficient information to effectively adjust for bias in the model-
projected warming spanning the range of climate sensitivities in the 
CMIP6 cohort of models, even when considering constraint periods 
beginning as recently as 1981 (Fig. 1A). Similar results are obtained 
under the SSP1-2.6 scenario (fig. S1A), although under this scenar-
io, temperature stabilizes at a new, warmer level in the second half of 
the 21st century. This is consistent with the notion that the transient 

response to forcing during the observational period is key to con-
straining future temperatures via KCC and that the new stabilized 
temperature is mainly the result of the warming during a period of 
strong transient response.

Conditioning on the specific realization of historical climate over 
a period that includes the past few decades substantially reduces 
model uncertainty in estimating future change, even when the bias 
in the unconstrained multimodel projection is essentially zero (Fig. 
1B). Furthermore, using a period that includes the full transition 
from a quasiequilibrium preindustrial state to the recent strong tran-
sient response leads to a better constraint under both the high-
emission scenario SSP5-8.5 and the low-emission scenario SSP1-2.6 
(Fig. 1B and fig. S1B). For instance, when simulations from CanESM5 
are used as pseudo-observations, constraining model projections 
using the 1851–2023 period narrows the uncertainty range by about 
55% (1.48° and 0.76°C under the SSP5-8.5 and SSP1-2.6 scenarios, 
respectively) compared to the unconstrained projections. In contrast, 
constraining projections with the commonly used 1981 to present 
period (17, 44) only reduces the uncertainty range by about 30% 
[0.99°C (36%) and 0.58°C (43%), respectively, under SSP5-8.5 and 
SSP1-2.6]. Under the SSP5-8.5 scenario, 92% of predictions from 
the individual runs of a given large ensemble fall within the 5 to 95% 
uncertainty range of the constrained projection, indicating no evi-
dence of overconfidence (fig. S2).

While much improved relative to unconstrained projections, the 
constrained projections do continue to exhibit substantial uncer-
tainty (Figs. 1A and 2 and fig. S3). The 5th to 95th percentile varia-
tion in best estimates of prediction with a 50-year lead time under 
the SSP5-8.5 emission scenario can exceed 1°C when constrained by 
pseudo-observed warming up to 2023. This uncertainty originates 
from the natural variability of the pseudo-observations during the 
historical constraint period, as the forcing response signal-to-noise 
ratio is necessarily lower during the constraint period than during 
the future response period that is of primary interest. One indica-
tion of the effect of internal variability during the observational con-
straint period is that differences between individual realizations of 
historical pseudo-observations affect the predictions of future change 
as can be seen when constrained projected change is plotted against 
pseudo-observed warming trends (Fig. 2 and fig. S3). Stronger warm-
ing is predicted when the historical trend is larger in the pseudo-
observations used in the constraining relation, while future warming 
remains similar regardless of the magnitude of trends in the histori-
cal period within the same time series of pseudo-observations. This 
indicates that while multidecadal low-frequency variability in the 
historical period may provide some predictive skill with a lead time 
of a decade or two (45), it does not do so for longer lead times. This 
means that while ongoing research may be able to reduce model 
uncertainty, the accuracy of the best estimate of future change con-
strained by the single observed evolution of warming that is avail-
able for the real world remains limited by the influence of internal 
variability on the observed evolution, which is not considered to be 
predictable for the long-term future. The influence of this source of 
uncertainty will slowly decline, as the observational record contin-
ues to lengthen and the response to forcing continues to further 
dominate the change seen in the observational record. Improved 
techniques that separate key aspects of natural variability in the 
observations from the externally forced component of change (46) 
will also help to further reduce uncertainty in constrained estimates 
of future warming due to external forcing.
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Does the observed warming trend provide an adequate 
observational constraint?
Many recent studies using HEC have used the linear warming trend 
observed over recent decades, such as 1981–2020, to constrain future 
projections (32, 47, 48). Arguments (17, 18) that justify this choice focus 
on the roughly linear increase in greenhouse gas forcing and the roughly 
constant level of other anthropogenic forcing effects over this period 
(23), which together lead to the expectation of a linear warming 
response during this period. Using the linear warming trend over recent 
decades does improve upon unconstrained projections but to a lesser 
extent than when using all available evolution information during the 
same periods (blue boxes versus red boxes in Fig. 3 and figs. S4 to S6). In 
addition, bias in trend-based constrained projections can be sensitive 
to the selection of time periods from which trends are estimated. 

The lowest bias in the constrained projection of future warming is 
achieved when the trend is computed from a longer period starting 
between 1931 and 1961, although a linear trend does not fully describe 
temperature change over periods starting this early. Similarly, condition-
al uncertainties are lowest when considering a trend that starts between 
1931 and 1961. Trends computed over shorter periods, where a linear 
trend more accurately represents changes in global mean surface tem-
perature over the periods, are able to provide useful constraints and re-
duce uncertainty in future projections (17, 24) but are more sensitive to 
trend uncertainty due to internal variability. On the other hand, trends 
computed from a longer period starting before 1931 are less effective 
because they provide only small bias and conditional uncertainty reduc-
tions compared to unconstrained projections, possibly due to the poor 
fit of the trend line to the temperature series in these cases.
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Fig. 1. Observational constraints with the KCC method can effectively reduce bias and model uncertainty in multimodel projections. (A) shows box plots of the 
best estimates of prediction (constrained projections) for global mean surface temperature for the future 20-year period (2074–2093) at a 50-year lead time relative to 
current climate conditions (1994–2023) when individual model runs are used as pseudo-observations to establish the constraining relation. These projections are condi-
tional on historical temperature changes during different periods in pseudo-observations (Pseudo-obs) from individual MIROC6, ACCESS-ESM1.5, and CanESM5 simula-
tions under the SSP5-8.5 emission scenario (table S1). The results for different constraint periods are represented by box plots, with the 1851–1900 preindustrial period 
shown in purple and other periods in varying shades of orange. The green lines depict the projected changes of the large ensemble means, while the black dashed lines 
show the mean value of raw multimodel projections. (B) shows box plots of the associated widths of the 5th to 95th percentile ranges of the predictions calculated from 
the 90% confidence intervals. Green lines depict the spread of the 5th to 95th percentile by the large ensembles, while gray lines indicate the multimodel spread. The 
green line represents uncertainty due to internal variability specific to each model, and thus, it represents the minimum uncertainty that would be achievable in the 
complete absence of model uncertainty. The spread of the box plots shows the differences due to internal variability among results for individual runs. The tick marks in 
the box plots indicate the median value, the boxes show the interquartile range (IQR), and the whiskers extend to 1.5 × IQR. The 1851–1900 period, which does not extend 
to 2023, has been used to compare constrained projections with periods ending in 2023. See also fig. S1 for the low-emission scenario SSP1-2.6.
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Fitting a linear trend to the historical observations requires estimat-
ing an intercept parameter, even if not used. As we are using tempera-
ture anomalies relative to the preindustrial period, the intercept term 
provides information on the cumulative warming that occurred since 
that preindustrial baseline, before the constraining period. This is con-
firmed by the nearly 1-1 relationship in fig. S7. Using both the trend and 
intercept estimates to constrain future projections generally improves 
upon projections constrained only by the observed trend (orange boxes 
versus blue boxes in Fig. 3 and figs. S4 to S6), bringing the bias and 
conditional uncertainty closer to that obtained when using all informa-
tion (as in KCC), although it still does not fully match KCC’s effective-
ness (orange boxes versus red boxes in Fig. 3 and figs. S4 to S6). The 
improvement in bias reduction can be seen particularly in the more 
recent period when compared to the earlier period. This is because over 
time, the accumulated warming increases, thereby amplifying the 
importance of the intercept in the constraining future projection. The 
warming between the preindustrial period and the constraint period is 
greater for models in which surface temperature begins to warm more 
quickly after the start of the industrial period. This response depends 
largely on the proportion of absorbed incoming solar energy used to 
change the ocean’s heat content and the temperature needed to radiate 
unabsorbed heat back to space (49–51).

Origins of the information that provide the constraint
The posterior distribution (Eqs. 6 and 7) for the projected warming 
offers insights into the sources of skill in constraining projections. In 

simplified terms, the posterior distribution is obtained by adjusting 
the prior distribution to account for the difference between the ob-
served historical change and the multimodel mean–simulated his-
torical change. This adjustment is based on three key factors: (i) the 
difference (Yo − Xh) between the historical observations expressed 
as anomalies relative to a fixed base period and the multimodel mean 
simulation of those historical changes, (ii) the cross-covariance 
between model historical simulations and future projections (�xf xh

), 
and (iii) the combined uncertainty in the historical model simula-
tions and observations (�xhxh

+ �o).
For the best estimate of the constrained projection, the first term 

influences both the direction and magnitude of the adjustment needed 
to account for the difference between the global mean surface tem-
perature evolution in the climate of the model providing the pseudo-
observations and that in the remaining CMIP6 ensemble (Fig. 4A). 
The magnitude of this adjustment is controlled by the combined 
uncertainty in simulated and observed historical values and the 
strength of the relationship between past and future values in the 
model. A larger uncertainty in the historical period reduces the magni-
tude of the adjustment, while a larger cross-covariance matrix �xf xh

, 
indicating a strong relationship between historical and future global 
mean surface temperature values in the model simulations (Fig. 4B), 
increases the magnitude of the adjustment. Note that there is no adjust-
ment to the unconstrained multimodel projections when the cross-
covariance is zero. Larger cross-covariance values connecting future 
values to historical values tend to emerge more prominently in re-
cent decades after 1990, coinciding with the period when the warming 
signal becomes more evident [figure 1.14 in the Intergovernmental 
Panel on Climate Change (IPCC) (3)]. Because of this high cor-
relation, the information from the period after 1990 is particularly 
important in determining the effectiveness of future constraints. The 
consistently positive constraint effects of each constraining period 
shown in Fig. 1 result from incorporating this period into the analy-
sis. As will be discussed later, excluding information from the recent 
period of rapid transient change generally weakens the effectiveness 
of the constraint (Fig. 5 and fig. S8).

An empirical orthogonal function (EOF) analysis of the inter-
model differences, as represented in covariance matrix �xhxh

, helps 
to highlight the sources of uncertainty that limit the influence of the 
historical observed changes on the posterior distribution of future 
temperature change. Except for the preindustrial-only period, the 
first EOF (EOF1) shows a pattern of secular global mean surface 
temperature change over time that indicates how the cumulative 
warming response to forcing varies between models, with larger 
variation in recent decades than in earlier decades. This EOF accounts 
for more than 69% of the total intermodel variance (Fig. 4C). The 
second EOF (EOF2) can be interpreted as representing variations in 
smoothed non–greenhouse gas forcing response between models 
(Fig. 4D). Models showing a stronger non–greenhouse gas influ-
ence, which is dominated by aerosols (23), during the early and 
mid–20th century show faster warming in recent decades when 
aerosol has been roughly stable. However, second- and higher-order 
EOFs are inherently more difficult to interpret because of the orthog-
onality constraint that is imposed by EOF analysis. Together, these 
two EOFs account for more than 96% of the variance in the recent 
rapid transient warming periods post-1961. Note that when incor-
porating �o into the EOF analysis, the leading EOF1 and EOF2 pat-
terns remain identical but explain slightly less of the total variance. 
When the global mean surface temperature time series starts before 
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Fig. 2. Natural variability in the observation can affect observation-constrained 
projections. Projected changes in global mean temperature from pseudo-observations 
(individual runs of a large ensemble, green dots) and the corresponding constrained 
projections using a 1901–2023 constraint period (based on individual runs of a large 
ensemble, orange dots) for the future 20-year period (2074–2093) at a 50-year lead time 
relative to the current climate condition (1994–2023). The projections are plotted with 
the x axis representing the historical trend of pseudo-observations during 1901–2023 in 
ascending order. The fitted regression line is shown in yellow. While model-projected 
future temperature changes in pseudo-observations are not affected by past warming 
in the same pseudo-observation, constrained future projections are affected by 
the past warming trend. This figure presents results for pseudo-observations simu-
lated by CanESM5 under the SSP5-8.5 scenario. See also fig. S3 for results for pseudo-
observations simulated by ACCESS-ESM1.5 and MIROC6 (unit: °C).
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1960 and thus includes a period of smaller climate response, the 
leading two EOFs account for less than 83% of the total variance, 
indicating a more complex combination of uncertainties that affect 
the strength of the constraint on projections of future warming. 
KCC, which uses all available information, successfully addresses 
this complexity, producing the greatest uncertainty reductions when 
the observational constraint includes both recent and early warming 
parts of the record. In contrast, a simple linear model that includes a 
trend term and possibly an intercept term, extracting at most the 
equivalent of the information carried by EOFs 1 and 2, relies exclu-
sively on the aspects of the warming of the Earth system that con-
tribute most strongly to intermodel variation in the simulation of 
historical change.

Constrained projections should be considered to be 
long-term climate predictions
Although model uncertainty remains large, the substantial improve-
ment obtained by using KCC in pseudo-observed climates of differ-
ent climate sensitivities makes it possible to interpret the resulting 
constrained projections as predictions that, in the medium to long 

term, are conditional on the chosen emissions pathway. To demon-
strate the substantial predictive skill of the constrained projections 
and how it improves with the inclusion of more historical data, we 
compare the root mean square error (RMSE; Fig. 5A and fig. S8) 
between the predicted changes and the changes in the verifying 
pseudo-observations during a future 20-year period relative to the cli-
mate of the last 30 years of the constraining period, with lead times 
of 20 and 50 years. This comparison involves pseudo-observations 
from the three large ensembles, with observations ending at the time 
of past IPCC assessments and the upcoming seventh assessment 
and second global stocktake.

While the constrained projections show some skill even at the 
time of the IPCC’s first and second assessments, there is clear evi-
dence of skill across pseudo-observations from all three large ensem-
bles starting at the time of the IPCC’s third assessment (~2000) 
when the IPCC stated that “most of the observed warming over the 
last 50 years is likely to have been due to the increase in greenhouse 
gas concentrations“ (52). Predictions with shorter lead times exhibit 
better skill, as indicated by smaller RMSE values. The RMSEs de-
crease to around 0.15°C for the 20-year lead time and to 0.3°C for 
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Fig. 3. Using more information from the historical record improves constrained projections. Same as Fig. 1, (A) best estimates of prediction (constrained projections) 
and (B) the associated width of 5 to 95% confidence intervals for global mean surface temperature for the future 20-year period (2074–2093) at a 50-year lead time relative 
to the current climate condition (1994–2023). These projections are conditional on historical temperature trend (blue), trend and intercept (orange), and time series (red) 
during different periods in pseudo-observations from CanESM5 simulations under the SSP5-8.5 emission scenario. Green and black dashed lines depict mean values for 
the large ensemble of pseudo-observations and raw multimodel projections, respectively. The results constrained by the full time series are identical to those for CanESM5 
pseudo-observations in Fig. 1. See also figs. S4 and S5 for results from pseudo-observations simulated by ACCESS-ESM1.5 and MIROC6.
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the 50-year lead time under the SSP5-8.5 scenario when simulations 
by the mid-sensitivity model ACCESS-ESM1.5 are used as pseudo-
observations. Larger improvements in the prediction accuracy over 
CMIP6 raw projection are associated with pseudo-observations 
simulated by the low and high climate sensitivity models, again in-
dicating the effectiveness of observational constraint in reducing 
model bias (fig. S8).

On the basis of the available historical record, we predict (Fig. 5B) 
that the 2044–2063 global mean temperature (20-year lead time) 
will be 0.8°C [0.6°C, 1.1°C] warmer than the 1994–2023 mean under 
the SSP1-2.6 scenario and 1.5°C [1.2°C, 1.8°C] warmer under the 
SSP5-8.5 scenario. Note that with the large reduction in modeling 
uncertainty, the 90% ranges of the warming predictions conditional 
on these two scenarios do not overlap, indicating that a reduction in 
the rate of global mean warming under SSP1-2.6 should become 
discernible relative to the warming rate that would have happened 
under the high emissions of SSP5-8.5 sooner than has generally 
been anticipated. For example, the IPCC-assessed midterm projec-
tions (3) for a similar period (2041–2060) indicate warmings of 
0.85°C [0.45°C, 1.35°C] (very likely range) and 1.55°C [1.05°C to 
2.15°C] relative to 1995–2014 under SSP1-2.6 and SSP5-8.5, respec-
tively. With a lead time of 50 years, we predict that the 2074–2093 

global mean temperature will be 0.9°C [0.6°C, 1.2°C] and 3.3°C [2.6°C, 
3.9°C] warmer than the 1994–2023 mean under the SSP1-2.6 and 
SSP5-8.5 scenarios. Comparable IPCC-assessed long-term projec-
tions (3), which have a comparable nominal lead time, are 0.95°C 
[0.45°C, 1.55°C] and 3.55°C [2.45°C, 4.85°C], respectively.

DISCUSSION
Simulated changes in future climate under specified external forcing, 
even those conducted with the most recent Earth system models, 
continue to be regarded as projections describing the range of plau-
sible outcomes under a specified emission scenario rather than as 
predictions. In this paper, we argue that the conceptual similarity 
between observationally constrained projection and climate predic-
tion, the skill of constrained projections in predicting the unobserved 
future that is evident when using pseudo-observations to provide 
constraints and verifying future outcomes, and the understanding of 
the sources of information that provide a skillful constraint support 
the notion that constrained projections produced with KCC and the 
full observational global mean surface temperature record should 
be considered as predictions of expected outcomes under various 
global climate policies. This provides a unified framework for climate 
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Fig. 4. The response to external forcing in climate model simulations, along with the differences in model responses, can be represented in relatively few dimen-
sions but is nevertheless difficult to approximate with simple functions. (A) Difference between ensemble mean responses of the three large ensembles and the 
mean response from CMIP6 models to historical external forcings. (B) Cross-covariance matrix between historical and future periods in smoothed CMIP6 simulations. 
(C and D) The first and second EOFs (empirical orthogonal functions) of the historical simulations of smoothed CMIP6 models.
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prediction that is suitable for lead times from a season to multiple 
decades, with future climate being conditional on an observed state 
of climate and an assumed future evolution of external boundary 
conditions as embodied in an emissions pathway. The future verifying 
state of the climate will depend on both the historical evolution of 
the climate before the time when the prediction is made and the 
subsequent evolution of the boundary conditions, with predictive 
skill also being affected by the difference between the assumed 
boundary conditions and those that will actually occur. While future 
observations to verify these predictions are not yet available, individual 
members of large ensemble simulations from models with varying 
climate sensitivities can be used as pseudo-observations to assess pre-
diction skill. Our evaluation demonstrates superior skill in predicting 
changes in 20-year mean conditions relative to the recent climate with 
lead times of 20 and 50 years across different emission scenarios.

The skill of constrained predictions is influenced by method-
ological and configuration choices in applying ECs. The use of the 
complete instrumental global mean temperature evolution provides 
substantially better predictive skill than constraints based only on 
the linear trend from the recent past. This is because the trend esti-
mation is subject to uncertainty due to internal variability and be-
cause trend estimation does not use all of the information in the 
historical record that is predictive of the future warming response to 
continued climate forcing. In particular, accounting for the warm-
ing that occurred before the period used to provide the constraint 
contributes to its predictive skill, as do the details of how the Earth 
system transitioned from a quasistationary preindustrial state to its 
current rapid transient response state. ECs may not be able to adjust 
for common errors in forcing across the models if those errors only 
become apparent under strong future forcing. As we demonstrated, 
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Fig. 5. Predictive skill in the imperfect model world and prediction of global mean surface temperature evolution conditional on time series of annual global 
mean temperatures from version 5 of the UK Met Office Hadley Centre/Climatic Research Unit (HadCRUT) data set HadCRUT5. (A) The root mean square error 
(RMSE) of constrained predictions (colored) and unconstrained (gray) relative to pseudo-observations simulated by ACCESS-ESM1.5 during the future 20-year period rela-
tive to the current climate (defined as the last 30 years of the constraining window), with lead times of 20 and 50 years under the SSP1-2.6 and SSP5-8.5 emission sce-
narios. The first year of constraining window is 1901, while the last year corresponds to the year before the release of the IPCC first to seventh assessments [IPCC First 
Assessment Report (FAR)1990, its Second Assessment Report (SAR) 1995, its Third Assessment Report (TAR) 2000, its 4th Assessment Report (AR5) 2006, its 5th Assessment 
Report (AR5) 2012, its 6th Assessment Report (AR6) 2020, and its anticipated 7th Assessment Report (AR7) 2026], plus two additional constraining windows that end in 
2036 and 2046. ACCESS-ESM1.5 results are shown because it has climate sensitivity similar to the best estimate sensitivity of the observed climate (62). (B) Historical ob-
servations from 1901 to 2023, unconstrained CMIP6 projections, and future predictions. The left panel shows time series, with the predictions in color and unconstrained 
projections in gray, with their corresponding 5th to 95th percentile ranges shaded. The right panels display warming of the future periods with 20- and 50-year lead time, 
with mean changes shown as dots and 5th to 95th percentile ranges represented by error bars. The warming relative to the preindustrial period can be determined by 
applying an offset between 1994–2023 and 1851–1900, which is estimated to be approximately 0.95 [0.89, 1.02] °C based on the HadCRUT5 dataset.
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ECs are only effective when changes in the historical period contain 
information about changes in the future period, and thus, the con-
straints may not account for future forcing errors if systematic evi-
dence of such effects is not present in the climate simulations of the 
historical period.

There are promising opportunities to further improve constrained 
prediction. One key challenge lies in the unforced internal variabil-
ity in observations, which can bias the constrained projection. Tech-
niques that identify and separate the dominant patterns of internal 
variability in observations (46, 53, 54) may lead to more accurate 
predictions. Incorporating observed variables that more completely 
represent the physical processes by which heat accumulates in the 
climate system could further improve constraints and make predic-
tions less sensitive to internal variability (55, 56). Improvements to 
how we sample from model space that help to improve the estimate 
of the large variance-covariance matrix representing model uncer-
tainty should also contribute to the more effective use of available 
historical observations in the constraints. The ability to skillfully 
predict human-induced climate change decades ahead, based on 
emissions policies, provides a critical tool for climate adaptation 
planning and risk management, which should be fully recognized 
and leveraged.

MATERIALS AND METHODS
Data
Earth system model simulations and observational data
We use climate simulations from models participating in CMIP6 
(7), as summarized in table S1, in three different ways:

1) Emergent constraint relations: These are developed using one 
simulation from each of the CMIP6 models. For each model, we con-
sider the global mean surface temperature change under historical 
forcing and future emission scenarios SSP1-2.6 and SSP5-8.5. All 
changes are relative to the 1851–1900 preindustrial levels. Unlike 
other approaches used in recent research, we use the first run from 
each model to establish constraining relationship and produce con-
strained future projections. Doing so ensures that the contribu-
tion from each model is similarly affected by internal variability. A 
detailed discussion of this choice is provided below.

2) Effectiveness evaluation: We evaluate the effectiveness of the 
constrained projections based on an imperfect model testing proce-
dure (further details below) that uses three large ensemble simula-
tions with different climate sensitivities. These include a 50-member 
ensemble simulated by CanESM5 [equilibrium climate sensitivity 
(ECS) of 5.62°C and transient climate response (TCR) of 2.74°C], a 
40-member ensemble simulated by ACCESS-ESM1.5 (ECS of 3.87°C 
and TCR of 1.95°C), and a 50-member ensemble simulated by 
MIROC6 (ECS of 2.61°C and TCR of 1.55°C). The ECS and TCR 
values given here are based on table 7.SM.5 of Smith et al. (57).

3) Internal variability in observation: Internal variability in the 
historical observation is estimated using simulations from models 
listed in table S1 that have more than one ensemble member. Fur-
ther details are provided below.

The model simulations are first interpolated onto a common 5° × 5° 
grid, and then the global mean surface temperature changes rela-
tive to the preindustrial period are calculated for subsequent analy-
sis. The observed annual global mean surface temperature over the 
1850–2023 period is derived from the monthly UK Met Office 
Hadley Centre/Climatic Research Unit (HadCRUT) data set version 

HadCRUT.5.0.2.0 values (58). Measurement uncertainty is estimated 
from the 200 HadCRUT.5.0.2.0 realizations that are available, and 
the median value of these realizations is taken as the best estimate.

Statistical method
EC method
We constrain future projections using the KCC method (25). Many 
studies have also used the HEC method (31). These are conceptually 
similar methods that are both rooted in Bayesian statistics. Below, 
we will demonstrate that the primary difference between them lies 
in implementation choices. KCC has been mostly applied in cases 
where the observable used to provide the constraint is one or more 
observed time series (25, 34, 35, 59), while HEC has been predomi-
nantly used when the constraint is obtained via a scalar observable, 
such as an observed trend (18, 31, 32).

Both methods treat the constrained projection problem as a 
missing data imputation problem, where a collection of climate sim-
ulations is used to specify a prior distribution on the magnitude of 
future change for a climate variable of interest. Observations (vec-
tors in the case of KCC or typically a scalar in the case of HEC) are 
then used to update that prior to produce a posterior distribution. A 
useful observational constraint results in constrained projections 
with a narrower distribution than the unconstrained prior and that 
are more closely centered on the future truth. In both cases, physical 
arguments underpin the choice of observational constraint.

The statistical model underlying KCC, described in Ribes et al. 
(25) (Eq. 1), can be written as follows in a vector form

where Yo is the time series of observations, Y is the time series rep-
resenting the historical and future forced response, and H is an 
operator matrix 

[

Ih 0
]

 that extracts the part of Y corresponding to 
the observational period. The vector εo represents random noise 
associated with internal variability and measurement errors in the 
observations, which is assumed to follow the Gaussian distribution 
εo ∼ N

(

0, �o

)

. Vector X
i
 is a simulation of the historical and future 

time series from model i = 1, … ,m, μ is the mean over models, and 
εx,i represents noise in the model simulations due to intermodel dif-
ferences and internal variability, which is also assumed to follow a 
Gaussian distribution with mean 0 and variance-covariance matrix 
�x. The contribution to �x from internal variability is minimized 
through temporal smoothing of the model simulations to ensure 
that �x is strongly dominated by the effects of model uncertainty. 
The model-observation indistinguishability assumption, as shown 
in Eq. 3, bridges the observational and model worlds by stating that 
the forced response in observation Y is drawn from the same distri-
bution as the model responses Xi.

It then follows from Bayes theorem that the posterior (i.e., con-
strained) distribution on the forcing response that is obtained after 
being updated with the observations Yo has mean and variance-
covariance matrix given by

Observations:Yo = HY + εo, εo ∼ N
(

0, �o

)

(1)

Model realizations:Xi = μ + εx,i , εx,i ∼ N
(

0, �x

)

(2)

Indistinguishability assumption:Y ∼ Xi ∼ N
(

μ, �x

)

(3)

μ
Y∣Yo

=μ+�xH
�
(

H�xH
� +�o

)−1(
Yo−Hμ

)

(4)
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Because Y and Xi span both the future and historical period, we may 

arrange their components as μ =
[

μf μh

]

 and that �x=

[

�xf xf
�xf xh

�xhxf
�xhxh

]

, 

and for the future projection period, let Yf = GY where G =
[

If 0

]

. 
Then, we have

Note that in the special case where Yo,Yf , μh, and μf  are all sca-
lars, representing key characteristics of time series, e.g., trends, then 
the future constrained projection reduces to

which is the usual formulation of HEC method [equations 16 to 17 
in Bowman et al. (31)] where μf  and μhare multimodel ensemble 
mean values of the scalars in the future and historical periods, respec-
tively, and σxf  and σxh are the standard deviation of models; Yo is the 
observed value and σ2

o
 is the variance of observational uncertainty; 

and ρ is the correlation coefficient derived from models describing 
the emergent relationship between the future conditions and the 
historical observable.

Implementation
Implementation of the method requires estimates of Yo, μ, �o,  
and �x .

1) The median value of the 200 HadCRUT5 realizations is taken 
as the best estimate of Yo when using observations to constrain fu-
ture projections. Individual model simulations are used as pseudo-
observations when evaluating constraint performance using the 
imperfect model testing approach.

2) μ is estimated by averaging a sample of m model simulations, 
with the first run being selected from the collection of simulations 
available for each model. Each of those samples is smoothed with a 
natural cubic spline with 10 knots to filter out the effects of internal 
variability and short-duration natural forcing to the extent possible. 
The model that provides pseudo-observations for constraint perfor-
mance evaluation is withheld when using the imperfect model test-
ing approach.

3) �o describes observational uncertainty due to measurement 
error and global mean surface temperature reconstruction on the 
one hand and internal variability on the other. The measurement 
and reconstruction error is estimated by calculating the variance-
covariance matrix of the 200 HadCRUT5 realizations. We assume 
that internal variability in the observations is similar to that in 

model-simulated global mean surface temperature. To estimate in-
ternal variability in the observations, we use simulations from CMIP6 
models with more than one run (16 models in total) and follow 
these steps: (i) For each model, we obtain a sample of residual vectors 
by calculating the difference between each individual simulation and 
the model’s ensemble mean. (ii) The regularized covariance matrix 
estimate based on these residuals is obtained using the Ledoit-Wolf 
(LW) estimator (60, 61). (iii) The resulting covariance matrices are 
averaged across all models to produce a multimodel mean covariance 
matrix representing internal variability, assuming the exchangeabil-
ity of internal variability across models. The LW regularization en-
sures the invertibility of the variance-covariance matrix. We estimate 
the regularized matrix for each model separately to avoid giving 
disproportionate weight to models with larger ensemble sizes. The 
results are robust when compared to the approach that calculates a 
regularized covariance matrix from the combined sample of residual 
vectors from all models.

4) �x, which describes variation in forced responses between 
models, is estimated from the collection of smoothed model series. 
As with the estimation of μ, the model providing the pseudo-
observations is withheld from the estimation of �x when perform-
ing imperfect model testing.

Imperfect model test
We evaluate the performance of constraint schemes in future 20-year 
periods with a lead time of 20 or 50 years using an imperfect model 
approach, where individual simulations of a model that is not used in 
developing the constraint are used as pseudo-observations. For this 
purpose, we use large ensemble simulations from three models that 
span the IPCC-assessed range of climate sensitivities (57). Individual 
historical simulations from these large ensembles serve as pseudo-
observations to constrain the projections based on the remaining 
models, which are then compared with the future continuation of those 
historical simulations to evaluate the performance of the constraint. 
The only difference from the real-world application is that we assume 
no measurement uncertainty in the historical pseudo-observation.

Performance is evaluated on the basis of three factors: (i) the bias 
of the constrained projection, defined as the difference between 
future warming in the pseudo-observations and CMIP6-projected 
warming (or observation-constrained CMIP6 warming predictions); 
(ii) conditional uncertainty, represented by the 5th to 95th percen-
tile uncertainty interval for each constrained projection calculated 
as the 90% confidence interval of the distribution; and (iii) uncondi-
tional uncertainty, represented by the range of constrained projec-
tions across different realizations of future pseudo-observations 
within a given large ensemble simulation. It is quantified as the 
RMSE when compared to the forced response of the corresponding 
large ensemble simulation.

The choice to use only one run per model to construct the 
prior distribution
The CMIP6 dataset is an ensemble of opportunity with different 
modeling centers producing varying number of realizations from 
their models. Different approaches can be used to combine these 
simulations to produce multimodel future projections.

One approach is to give each simulation equal weight, which is 
appealing because it allows for a large sample size, using all avail-
able simulations. However, this implicitly makes the very strong 
assumption that individual model simulations of global mean surface 

�Y∣Yo
= �x − �xH

�
(

H�xH
� +�o

)−1
H�x (5)

Ŷ
∗

f
=Gμ+G�xH

�
(

H�xH
� +�o

)−1(
Yo−Hμ

)

=μf +�xf xh

(

�xhxh
+�o

)−1(
Yo−μh

) (6)

�
Ŷ
∗

f
∣Yo

=G�xG
� −G�xH

�
(

H�xH
� +�o

)−1
H�xG

�

=�xf xf
−�xf xh

(

�xhxh
+�o

)−1
�xhxf

(7)

Ŷ
∗

f
=μf +ρ

σxf σxh

σ2
xh
+σ2

o

(

Yo−μh
)

and σ2
Ŷ

∗

f
∣Yo

=σ2
xf

(

1−
ρ2

1+σ2
o
∕σ2

xh

)

(8)
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temperature evolution are exchangeable, which is unlikely the case 
due to the wide range of climate sensitivities among models. Because 
some models have many more runs than others, this approach would 
disproportionately weight models with more simulations.

Another approach is to give one vote per model, which can be 
implemented in various ways. The most common method involves 
averaging all simulations within each model to derive its best esti-
mate. The challenge here is that the contribution of internal vari-
ability to the best estimate depends heavily on the number of runs 
available for that model. For example, the influence of internal vari-
ability in a model with only one run would be similar to that in ob-
servations, while in a model with 50 runs, it would be only a small 
fraction of that in observations (~14% when measured by SD).

We therefore sought to ensure that internal variability affects all 
calculations uniformly. This can be done using a fixed number of 
runs per model. Using more than one run from each model would 
mean a smaller number of models could be included. Because model 
uncertainty is the main contributor to total uncertainty, we decided 
to prioritize the number of models and therefore chose to use only 
one run per model. This approach maximizes the information about 
model uncertainty, although it may reduce the information about the 
influence of internal variability. Nevertheless, given that the focus is on 
global mean surface temperature and that smoothing techniques are 
applied uniformly to remove internal variability from all runs, this 
approach was felt to be suitable for generating prior projections.

Masking with availability of observational data
When using historical observations to constrain future projections, 
we mask the model data to mimic the spatial and temporal avail-
ability of the observational data. This is done by first interpolating 
the model data onto a common 5° × 5° grid. Grid boxes with miss-
ing values in the HadCRUT5 analysis are marked as missing in the 
model data for subsequent analysis.

Supplementary Materials
This PDF file includes:
Figs. S1 to S8
Table S1
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